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Classical social science has often assumed "existing" preferences. These are informed by deeply
held beliefs of subjective value and consequently relatively stable and logically coherent. In
this view, people know what they like, and this is reflected in their preferences. Psychologists
have challenged that account and instead suggested that many preferences are "constructed"
in the moment. Such preferences are strongly influenced by the immediate context, making
them unstable and potentially incoherent. In this view, people do not know what they like
and need to figure it out on the spot. The purpose of this thesis is to critically examine
the generality of the constructed preferences view by revisiting phenomena taken to support
constructive theories. Study I tested the Decision by Sampling theory which postulates that
subjective values of quantitative attributes (e.g. money) are constructed in the moment by ordinal
comparisons between the target and a small sample of exemplars from long-term memory
and recent experiences. If so, manipulating the distribution of recently experienced attribute
values should shift people's subjective values, as revealed by pairwise choices. However, after
addressing previous methodological limitations, we found evidence against that prediction. In
Study II, we again found no effect of the same manipulation on pairwise choices, only on
listwise choice. This effect was weaker for a group with substantial domain expertise. The effect
direction is consistent with a previous explanation where the cognitive mechanism described by
Decision by Sampling affects the interpretation of numerical information rather than subjective
values per se. Study Il investigated a criterion of logical coherence of preferences: "transitivity",
which implies a mental ranking of options. Preferences for everyday objects like political parties
and confectioneries, but also monetary gambles, were near-universally strongly stochastically
transitive. That is, participants behaved as-if they knew what they liked but the subjective values
were represented with noise. We only estimated a clearly non-zero prevalence of violations of
transitivity for monetary gambles designed specifically to be difficult to choose between. To the
extent that the scrutinised phenomena were taken to support constructed preferences, that may
have been premature. Existing preferences may be more prevalent than commonly recognised.
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The White Rabbit put on his spectacles. “Where shall I begin, please your Majesty?”
he asked. “Begin at the beginning,” the King said gravely, “and go on till you come
to the end: then stop.”

— Lewis Carroll, Alice’s Adventures in Wonderland,
Chapter XII: Alice’s evidence






1. Introduction

I give a series of four lectures to a group of exchange students at the start of
every semester. While exploring Uppsala, my students might discover that a
caffé latte from an unassuming Swedish coffee shop will set them back about
40 SEK - around €3.60. At this point, they will have some immediate impres-
sion of subjective value: €3.60 for a caffé latte is daylight robbery, or a bargain,
or something in between. At the start of the first lecture, I ask each student to
state whether they are a cat or a dog person - a matter of preference. Such
subjective values and preferences may be revealed by the students acting to
select a caffé latte, or indeed a cat, if one is offered as an option. That is, sub-
Jective values and preferences may support choices. The distinction between
these three related concepts is the vantage point of the present thesis. But what
cognitive process underlies that immediate impression of the subjective value
of €3.60? And are our preferences for pets, hot drinks, and other everyday
options logically coherent or self-contradictory?

In this thesis, subjective value refers to a mental representation of the value
of a single option, attribute, or set of attributes; we may speak of the subjective
value of a caff¢ latte in isolation. Let us take preference to refer to covert, men-
tal representations of which options are preferred over others. Unlike subjec-
tive value, a preference is a relation between at least two options. For example,
a caffé latte is preferred to a cup of tea. In the sense I will use that word, we
cannot speak of some preference for an option in isolation.! Having used the
term preference for the covert relation, let us take choice to refer to the overt
behaviour of choosing an option from some set. In this view, choices can only
be said to “reveal” preferences (Richter, 1966) in so far as we have confidence
in some (at least implicit) model linking overt choice behaviour to the covert
cognitive representations that are the preferences. So, these three terms are
distinct. People can make choices that do not reflect their preferences (Figure
1.1A). “Satisficing” (Artinger et al., 2022; Simon, 1955) is an example of a
theory that suggests so: one identifies an option that is “good enough” without
reference to the other options. People can also have preferences that do not re-
flect differences in subjective value (Figure 1.1B). “Multialternative decision
field theory” (Roe et al., 2001) is an example, where aspects of the options
are compared to each other to identify which is preferred but options are never
valuated in isolation. Alternatively, subjective values of options can support

!The term preference, as used here, refers to which option is preferred over another. It does not
say anything about how strongly the option is preferred. I will instead refer to that as strength
of preference.
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preferences over said options, and those preferences can then support overt
choices (Figure 1.1C). The “Good based model” (Padoa-Schioppa, 2011) is an
example, where a holistic valuation of each option is formed independently of
the other options at hand.

Figure 1.1. Subjective value, preference and choice

A

’ Subjective value(a) [

Preference Choice

’ Subjective value(d)

B

’ Subjective value(a) [

Preference Choice

’ Subjective value(b) ‘

C

’ Subjective value(a) [

Preference

’ Subjective value(d)

Note. Three possible relations between subjective value, preference and choice. Panel
A: Choice is not based on preference or subjective value. Panel B: Choice is supported
by preference, but preference is not based on subjective values of the options. Panel C:
Choice is supported by preference which is supported by subjective values of options
a and b.

Historically, research in social science has often assumed the latter version
(Figure 1.1C). The subjective values exist, in some sense, prior to the choice
scenario, ready to support a “clear intuition of preference” (Von Neumann &
Morgenstern, 2004/1944, p. 17). Such preferences are typically presumed to
be logically coherent. In addition, they are fairly stable over time and fairly
insensitive to superficial aspects of the immediate environment that - by some
normative standard - do not justify a change of mind. In contrast, a more re-
cent research tradition within judgement and decision-making psychology has
instead assumed that subjective values and preferences are constructed ad hoc
(see Slovic, 1995). One view within this tradition is that there exist no deeply
held subjective values to be revealed by choices; preferences are fickle things
that are generated on the spot (Chater, 2018). Another view is that deeply
held subjective values do exist but they are inaccessible to us because of lim-
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itations to the information available and our limited capacity for self-control,
attention, and computation (Sugden, 2009, p. 370). As a consequence of be-
ing constructed, subjective values and preferences are often conceived of as
logically incoherent and unstable (McKenzie, 2018).

The purpose of this thesis is to critically examine the generality of the sec-
ond research tradition by revisiting some claims relevant to the instability of
subjective values and to the logical incoherence of preferences. Firstly, I dis-
cuss how we scrutinised a prominent theory - Decision by Sampling (Stewart et
al., 2006) - of how subjective values are constructed (Study I) and whether the
preference instability supposed by this theory is contingent on response format
(Study II). Secondly, I discuss how we scrutinised the claim that preferences
are incoherent - specifically, that they are “often” (American Psychological
Association, 2025) intransitive (Study III). While these studies do not prove
that the subjective values and preferences were not constructed, nor that sub-
jective values and preferences are never constructed, they indicate that - at least
in the fairly paradigmatic empirical examples considered here - such a process
is not necessary to account for the results.

The thesis proceeds as follows. Beginning with subjective value, I briefly
review its conceptual history within social science, its history in psychology
(specifically, psychophysics), the idea of a subjective value function, and con-
temporary research in the field. I then introduce (i) the theory of Decision by
Sampling (Stewart et al., 2006), which describes how subjective value is con-
structed, and (ii) the empirical paradigm that will be scrutinised. Moving to
preferences, I review the historical debate on whether preferences are existing
or constructed, and contemporary research connected with this debate. I then
discuss a specific mathematical property of preferences - transitivity - that has
been claimed to not hold, supposedly due to preferences being constructed. I
proceed to review the empirical work conducted by my collaborators and I, and
discuss its general implications for the debate between existing and constructed
subjective values and preferences. I then conclude.
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2. Background

2.1 Subjective value

Throughout this thesis, “subjective” should be taken to mean something that
is experienced by a mind, while “objective” is something that is independent
of any mind. Consequently, subjective value is that which is understood with
reference to psychology. Objective value is that which is understood without
reference to psychology. This usage is analogous to how a psychophysicist is
interested in the mapping from (objective) physical quantities (light intensity
in lumen) to (subjective) sensations (experienced light intensity).

2.1.1 Historical conceptions of subjective value

The necessity of a subjectivist account of value

The labour theory of value (A. Smith, 2025/1776a) suggests that the value of a
commodity is determined by the labour required to produce it (Moscati, 2021).
Note that this makes no reference to psychology. One can, in principle, deter-
mine something’s value by measuring a physical quantity like “working hours
per unit”. Therefore, one cannot say that something has a labour theoretic value
to me but a different labour theoretic value to you. In the present terminology:
value is objective. There are, however, empirical problems with this account.
Famously, it cannot explain why diamonds seem to be valued more than water
in Paris while the opposite would be true for an (imagined) thirsty traveller
traversing the Sahara (A. Smith, 2025/1776a). This is odd because water is
essential to survival while diamonds fulfil a, less pressing, aesthetic and social
need. So, value cannot be fully understood without making reference to a mind
experiencing it: value is subjective.

When accepting the subjective nature of value, one could resolve the para-
dox of diamonds and water by assuming decreasing “marginal utility” (D.
Bernoulli, 1954/1738): the increment in subjective value of some commod-
ity was decreasing in the quantity of the commodity already held. When in
the market for water, its subjective value depends on the current stock of water
available to the individual. In Paris, water is abundant and the subjective value
of any increment in its stock is trifling. In the Sahara, water is (supposedly)
difficult to come by. The stock of water available to the imagined traveller
is thus low and any increment to it would be of substantial subjective value.
This resolved the paradox by assuming a particular functional form relating
the quantity of a commodity to its subjective value.
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In this thesis, I will use the term subjective value function for Bernoulli’s
idea of a functional relationship between a quantity of something and the sub-
jective value of that quantity - for example, the different subjective values of
different quantities of euros (€). This is analogous to how a psychophysical
function relates a physical quantity on the objective scale (e.g. light intensity
in lumen) to a perceived quantity on the psychological scale (e.g. perceived
light intensity).

Five historical conceptions

Firstly, one view of subjective value has been that “there is no accounting
for tastes”! (Montano, 1628). Already Hume (1987/1777, p. 229-230) sug-
gested that this was seen as common sense. A second, alternative view has
been that the subjective value of something reflects its “utility” - its usefulness
in fulfilling some subjective need or desire of an individual (Bentham, 1789;
Jevons, 1879, p. 52-53). In the first view, subjective values are valenced qualia
(see Tye, 2021): reflections of what experiencing some stimulus feels like,
and nothing more. In the second view, they are representational content (see
Chalmers, 2010; Lycan, 2023): reflections of the needs-fulfilling properties
of the stimulus. As a third view, economists have argued for the behaviourist
(e.g. Watson, 1913) approach of blackboxing subjective value and focusing
purely on observable behaviour (e.g. Fisher, 1892; Samuelson, 1938, see p.
11 and p. 61, respectively, in particular). This appears to have been a way of
defending the social sciences as so-called special sciences (Fodor, 1974) that
cannot be reduced to complex psychology (e.g. Schumpeter, 1984; M. Weber,
1975/1908).> A fourth view, also from economics (von Mises, 2009/1912, p.
46-47) envisioned subjective value as so deeply contextual that “there is no
such thing as abstract value”. In that view, it only makes sense to speak of
the subjective value of something relative to a specific alternative - which in
the terminology used in this thesis would be a strength of preference rather
than a subjective value. A fifth and final view, which has a long tradition in
philosophy but also psychology, is “value pluralism” (Mason, 2023; Thom-
son, 1997). Here, there are different kinds of subjective value which cannot
be compared in some “common currency” (Walasek & Brown, 2023), but may
perhaps be prioritised relative to one another (Banfield, 1848; Maslow, 1943;
Mill, 2009/1879).

"While this is how we typically phrase the proverb in modern English, it is a slight corruption
of the original Latin: “de gustibus non est disputandum; merito non valet actus”. In English:
“About tastes is not to be debated; the act is not worth the merit.”

2Contrast this to methodological individualism (see Coleman, 1986; Schumpeter, 1909;
Ylikoski, 2016) which argues that social behaviour can (and should) be understood through the
behaviour of individuals, i.e. that social sciences indeed are reducible to complex psychology.
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2.1.2 From subjective value to choice - psychophysical origins

“Weber’s law” (Fechner, 1860) describes the objective difference in intensity
between two physical stimuli (e.g. two light intensities) required for it to be
just-noticeable that the two stimuli are not the same (“just-noticeable differ-
ence”, see e.g. Grondin, 2010; Nash et al., 2016; Ross & Brodie, 1987). Fech-
ner’s law states that our perception of a physical stimulus is proportional to the
natural logarithm of its objective magnitude. So, Weber’s law introduced the
notion of some limit on discriminative ability in perception while Fechner’s
law introduced a concave psychophysical function (see Algom, 2021, for a re-
view). Once articulated, this concave psychophysical function was taken as a
justification for D. Bernoulli’s (1954/1738) previous assumption of a concave
subjective value function (see M. Weber, 1975/1908, p. 27, who was critical
of that assumption and argued that empirical subjective value functions should
not be presumed to have any regularity too them).

Both Weber’s and Fechner’s law are deterministic in the sense that they al-
ways produce the same output for the same input.> Thurstone (1927a, 1927b)
was the first to explicitly model the process as stochastic in his Law of com-
parative judgement:

1 — P2

2 2
\/01 + 05 — 21120102

P(¢1 = ¢2) = 2.

where P(¢1 > ¢2) is the proportion of trials on which stimulus ¢ is judged
to be greater than stimulus ¢o, 02 and o3 are the standard deviations of the
perceptions of stimuli 1 and 2, respectively, and 15 is the correlation between
0? and 3. That is, choice is deterministically guided by what stimulus is
perceived to be more intense, but those perceptions are subject to normal noise
(possibly with unequal variances). Because of the normality of the noise, the
greater the objective difference in stimulus magnitude the less likely it is that
the noise perturbs the perceptions enough for it to flip the choice. This idea
was soon exported from psychophysics to the more cognitive domains of social
attitudes (Thurstone & Chave, 1929) and aesthetic quality (Thurstone, 1954).
Despite arguably being attributable to Thurstone (see Thurstone, 1931), these
kinds of models have been called “Fechnerian” models (e.g. Blavatskyy, 2018;
Cavagnaro & Regenwetter, 2023; Davis-Stober et al., 2017).

3But see also Dzhafarov and Colonius (2011) who argue that Fechner (1860) only assumed
determinism to simplify his example - the “true” process was always thought to be probabilistic.
“Note how Equation 2.1 is compatible not only with Thurstone’s noisy representations, but with
other sources of variability too. For example, Alos-Ferrer and Garagnani (2022a, 2022b) pre-
sented a gambling task where one option dominated the other on each trial. To identify which
option that was, participants needed to perform some calculations (presumably in working mem-
ory). If those calculations were intuitive (Sundh et al., 2021) guesstimates, they would indeed
yield data compatible with a Fechnerian model. Alternatively, the cognition proper could be
deterministic and the noise purely attributable to the response stage.
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2.1.3 Utility functions as descriptors of risk attitudes

The so-called Saint Petersburg paradox consists of the intuition that people
would only be willing to pay a finite amount of money for the opportunity
to play a game of dice which had an infinite expected value (N. Bernoulli,
1713). D. Bernoulli (1954/1738) introduced the idea of a concave subjective
value function of outcomes to account for this: while a moderate amount of
money had a tangibly greater subjective value than a small amount, adding a
few zeros to an exceedingly large amount would not make much difference for
the sum’s subjective value. This resolved the paradox by assuming non-linear
weighting of outcomes. However, it assumed linear weighting of probabilities.
In the present terminology, the value of outcomes was subjective but the value
of the probabilities of those outcomes was objective (see Section 2.1). This
approach lives on in “utility” functions in economics, where the individual’s
“risk attitude” is subsumed in the curvature of what in our terminology is a
single subjective value function of the outcome (see e.g. Schoemaker, 1982).
An alternative approach, more in line with the psychophysical tradition de-
scribed above, is to claim that probabilities too are subjectively valuated (e.g.
Stewart et al., 2015). Whether a 90% probability of your side winning the next
football derby is conceived of as a “good”, “bad”, or “alright” chance might
differ, between and within people. This psychophysical approach will be the
view taken for the rest of this thesis; when I use the term subjective value
function, that might apply to any quantitative attribute and not just outcomes.

2.1.4 Subjective value in contemporary psychological research

The shape of the subjective value function

Research on the shapes of subjective value functions has often suggested and
tested theoretical models (e.g. Birnbaum, 2008), with some notable, more athe-
oretical exceptions (e.g. Berlinghieri et al., 2023; Brandstitter & Brandstitter,
1996). Such models have often added complications to the simple subjec-
tive value function proposed by D. Bernoulli (1954/1738). Here, the perhaps
most central proposition is cumulative prospect theory (Tversky & Kahneman,
1992). Building on Kahneman and Tversky (1979), it suggests a piecewise, S-
shaped subjective value function with the junction point at “status quo” (no
change in one’s stock of subjective value). The curvature was supposed to
be more severe below status quo than above it, which was described as “loss
aversion”. While there are empirical challenges to that model (e.g. Birnbaum,
2008; Birnbaum & Chavez, 1997; Peterson et al., 2021; Regenwetter et al.,
2022) it has nevertheless become a prominent starting point for other research
(e.g. Lopes & Oden, 1999; Zilker & Pachur, 2022; Zilker et al., 2020). Loomes
and Sugden (1982) instead suggested that the subjective value of an outcome
was determined by the difference between a pre-existing valuation of the out-
come in isolation and the subjective value of the alternative outcomes on offer,
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weighted by its probability. In other words, valuations of options are not driven
only by what one has a chance of receiving but also by what one risks miss-
ing out on, why Loomes and Sugden (1982) named the model “regret theory”.
This leads to a subjective value function with a momentarily shifting shape
depending on what options are being considered. See Starmer (2000) for an
overview.

Neural coding of subjective value

A prominent hypothesis in cognitive neuropsychology has been that subjective
value is coded in the ventromedial prefrontal cortex (vmPFC) and orbitofrontal
cortex (OFC, e.g. Barretto-Garcia et al., 2025; Chib et al., 2009; Clithero &
Rangel, 2014; De Martino & Cortese, 2023; Levy & Glimcher, 2012; Padoa-
Schioppa & Assad, 2006, 2008). In recent years, that hypothesis has become
more nuanced.

Empirical studies have often used tasks where the participant must not only
code the subjective value (function) of options, but also express that subjec-
tive value as, for example, a bid (e.g. Plassmann et al., 2007, 2010) in a rela-
tively complex kind of auction (e.g. Becker et al., 1964). Thus, such tasks may
confound the coding of the subjective values with the process by which par-
ticipants formulate a bid. This critique is perhaps supported by evidence that
judgements of the “pleasantness” of stimuli - which perhaps reflect the sub-
jective values more directly - implicate vmPFC but not OFC (Lebreton et al.,
2009). Similarly, Lin et al. (2011) found evidence of vimPFC encoding the sub-
jective value of both social and monetary stimuli in a two-armed bandit task.
Bartra et al. (2013) and Pessiglione and Delgado (2015) suggest a more com-
plex view, where coding is highly context-dependent and positive and negative
subjective value are coded partially separately (Ben-Zion & Levy, 2025; Knut-
son et al., 2007). These complications have led to a re-evaluation of the role of
the OFC, which has been suggested to code a cognitive map (Tolman, 1948)
of different states of the world (Knudsen & Wallis, 2022) while the subjective
value of the states is coded in vmPFC (Moneta et al., 2024) in a “common
currency” (Dang et al., 2024).

The neural codings have sometimes been taken to be absolute in the sense
that they reflect the value of the object in isolation (e.g. Padoa-Schioppa, 2011).
In such cases, they count as subjective values in the sense that term is used in
this thesis. Others have suggested that they are inherently relative, reflect-
ing how good an outcome is compared to the other options at hand (see e.g.
Seymour & McClure, 2008). If so, in the terminology used here, they re-
flect strengths of preference rather than subjective value. The coding of such
strengths of preference has also been claimed to implicate OFC (e.g. Hosokawa
et al., 2007) rather than vmPFC, which might suggest that both are coded but
in different areas of the brain.

20



All in all, this neuropsychological literature seems to presume a link of the
form displayed in Figure 1.1C, where choices and preferences are grounded in
subjective values.

Attitudes

The APA Dictionary of Psychology defines an attitude as “a relatively endur-
ing and general evaluation of an object, person, group, issue, or concept on a
dimension ranging from negative to positive.” (American Psychological As-
sociation, 2026). By that definition, an attitude is effectively a subjective value
of some target. An influential account is that attitudes of this kind are retrieved
automatically upon stimulus presentation (Fazio et al., 1986), as disclosed by
priming effects (McNamara, 2005) for stimuli with congruent/incongruent va-
lence (see Herring et al., 2013, for a meta-analysis). Such attitudes may have
both affective and cognitive components (Fazio et al., 1986, p. 230).

Wicker (1969) provided an early, influential critique, arguing that attitudes
predicted behaviour to only a very limited degree. In the present terminology,
the link between subjective value and choice (Figure 1.1) was weak. This
motivated work that refined the concept of attitude to overlap more distinctly
with what I here would call a subjective value (see e.g. Fazio, 2007). It also
motivated work that sought to unpack the link from subjective value to (often
social) behaviour, where the Theory of Planned Behaviour (Ajzen, 1991) is a
famous contribution. See Granados Samayoa and Fazio (2024, p. 679-682)
for a historical overview.

Where does subjective value come from?

One stream of explanations is that subjective value is reflected in immediate af-
fective reactions (Damasio, 1996; Slovic et al., 2007; Zajonc, 1980). Through
experience, one learns to associate a particular stimulus with whatever affects
that subsequently arise (cf. Kalman filter temporal difference learning, Gersh-
man, 2015). These (valenced) affective reactions can then support preferences
and choices (Damasio, 1994).

An alternative explanation comes from classical learning theory. Drive state
theories (e.g. Dulberg et al., 2023; Hull, 1943) postulate the existence of one
or several internal states (e.g. hunger, thirst, arousal) that are homeostatically
regulated - when the current state diverges from the homeostatic state, making
up part of that difference is perceived as rewarding. Correspondingly, being
moved further from one’s homeostatic state is perceived as punishing. This tra-
dition has been revived in “homeostatically regulated reinforcement learning”
theory (Keramati & Gutkin, 2014; Yoshida et al., 2025), which suggests that
drive reduction itself is not the carrier of perceived reward - rather, the pre-
dicted drive reduction caused by some outcome must be learnt associatively
(Rescorla, 1988; Widrow & Hoff, 1960). The predicted reduction, then, is
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what is rewarding.® This idea has recently been widened beyond internal states
to goals in general, the suggestion being that it thereby can constitute a gen-
eral explanation of the origin of subjective value (Juechems & Summerfield,
2019). Perhaps because they arose from different research traditions, drive
state theories tend to be phrased in different language than theories centred on
a motivational valence system (see e.g. Burton & Balleine, 2022) that regu-
lates a general “approach/avoidance motivation” (Elliot, 2013). Yet, the two
perspectives seem quite similar to me. Importantly, both postulate a subjective
value scale that goes from negative to positive rather than from 0 to positive
(contrast this to the utility scales in Von Neumann & Morgenstern, 2004/1944,
which are normalised to stretch from 0 to 1). That is, some unpleasant stimulus
might not merely have a low subjective value but may instead be aversive and,
consequently, actively avoided.

Note how both affective and drive reduction accounts seem to presume a
representational conception of subjective value (see Section 2.1.1). Affects and
drive reduction indicate the individual’s internal state, and subjective values
derived from them indicate the target’s usefulness in regulating that internal
state.

2.1.5 Decision by Sampling

Although the shapes of subjective value functions have been a topic of dis-
cussion for some time (see Section 2.1.4 above), their cognitive origins have
received surprisingly little attention. While there exists a literature on how
subjective value comes to be (see the preceding paragraph), it does not directly
address the subjective value of different quantities of the same object, which is
what a subjective value function refers to in this thesis. Even if it turns out that
I make decisions by weighting losses in a different way than gains (Tversky &
Kahneman, 1992), why does a loss of €5 sting this or that much harder than a
loss of €3? Why do some people cognise a gain of €2 as pocket money while
others find it to be a fortune?

The Decision by Sampling (DbS, Stewart et al., 2006) theory provides an el-
egant cognitive explanation of how subjective value functions get their shapes,
why that shape differs, and where the cognised subjective values come from,
deriving them from frequencies of attribute values in the individual’s natural
environment. It suggests that subjective value w is the ranking of a target stim-
ulus z in a small sample of exemplars:

2?21 I(x > y;)

i €Y 2.2
card(Y) i € 22)

u(zx) =

>While typically not explicated in associative theories, reinforcement learning does not preclude
that there also exist at least some predispositions (see e.g. Birch, 1999) that set the starting point
of, and thus influence, the learning trajectory (cf. Denrell, 2005).
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where I is an indicator function that is equal to 1 if the condition z > y; is true.
Y is populated both from long-term memory and recent experiences. n is not
specified but assumed to be “small”. The cognitive process is sequential: one
exemplar is sampled and compared to the target as per the indicator function.
A tally is initialised and the result is stored. Another exemplar is sampled and
compared. A tally of the results is updated. This continues until the process
is terminated (see Stewart & Simpson, 2008, for a suggested stopping rule).
This temporal aspect is not described in Equation 2.2. The proportion of Y
sampled from recent experience rather than long-term memory is, to the best
of my knowledge, not explained. It is, however, claimed to be large enough for
recent experiences to affect choices (see e.g. Stewart et al., 2015; Ungemach
etal., 2011).

In this way, DbS explains cognised subjective value as given by the (va-
lenced) rarity of some quantity in one’s environment. How does this relate to
the historical accounts of value that we reviewed in Section 2.1.1? Perhaps it
makes sense to think of DbS as a heuristic (Gigerenzer & Gaissmaier, 2011)
for representational subjective value. This interpretation seems consistent with
Vlaev et al. (2011) who list it as being a theory “without value computation”
(see also Walasek & Brown, 2023, who seem to take a similar view).

Note an important theoretical difference between DbS and other exemplar
models that often assume that the judgement or decision relies on some mea-
sure of “similarity” (e.g. Hodgetts & Hahn, 2025; Juslin et al., 2003; Nosofsky,
1984). DbS only computes whether the target is greater than the exemplar
or not. How much greater it is (or is not) never enters the cognitive process
(G. D. A. Brown & Walasek, 2023).

Empirical evidence

An important observational argument for DbS is the idea that previously sug-
gested shapes of subjective value functions (e.g. piecewise, S-shaped subjec-
tive value function, Tversky & Kahneman, 1992) can be explained in terms of
how the objective quantity (e.g. money gained and money lost) is distributed
in the individual’s ecology (Stewart, 2009). Stewart et al. (2006, p. 4-17) pre-
sented data on credits and debits to British bank accounts. Most credits and
debits were small, becoming increasingly rare as the amount credited/debited
increased. However, the distribution of debits trailed off earlier than the dis-
tribution of credits. The cumulative distribution of credits and debits thus
mirrored the S-shape of Tversky and Kahneman (1992), including the steeper
slope below zero (“loss aversion”). They reported corresponding results for
the (dis)value of (i) waiting time for, and (ii) probability of, a reward. The
data taken to indicate the ecological distributions of those quantities were (i)
the number of hits on www.google.com when searching for different time
delays (e.g. “1 day”, “1 year”) and (ii) a corpus of British English (but see
Stewart et al., 2006, p. 13-19, for some complexities in how assumed numeric
probabilities were calculated from the corpus data). If these distributions too
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were representative of what was held in people’s memories, then it was claimed
that DbS would predict so-called hyperbolic discounting (Ainslie & Haslam,
1992) and overweighting of small probabilities and underweighting of large
ones (but see Hertwig et al., 2004, who claim the opposite empirical pattern).

The perhaps most important source of empirical support for DbS is studies
that expose participants to different distributions of some attribute (or record
such exposure in observational studies, e.g. Study 1A in Ungemach et al.,
2011). This has often been done by presenting participants with options where
the attribute values of the options (e.g. potential rewards) are manipulated
between groups (see Stewart, 2009). One group might be exposed to predom-
inantly (i) low values while the other group is exposed to predominantly (ii)
high values. (i) should increase the subjective value of an intermediate target
because the target will win if put through an ordinal comparison against the
new, low exemplars. Conversely, (ii) should decrease the value of the inter-
mediate target because if those exemplars are sampled the target will lose the
ordinal comparison. Sometimes the dependent variable has been judgements
or choices (e.g. certainty equivalent or chosen option, Alempaki et al., 2019).
Other times, the dependent variable has been a (maximum likelihood) value of
some free parameter in a theoretical model (e.g. Stewart et al., 2015). We em-
ployed this empirical paradigm in Study I and II, with choices and judgements
as dependent variables.

2.2 Preference

2.2.1 Existing preferences

Foundational work in philosophy (A. Smith, 2025/1776a, p. 364), economics
(Arrow, 1950), and sociology (M. Weber, 1947, p. 158-159) has taken pref-
erences to reflect fairly stable, deeply held beliefs of subjective value (i.e.
“axiological statuses”, Schroeder, 2024).° 1 borrow some terminology from
MacLean (2006) and call such preferences “existing preferences”. Existing
preferences presume the link displayed in Figure 1.1C. The assumption of ex-
isting preferences has allowed social scientists to treat preferences as exoge-
nous - as something taken as a given and put beyond current investigations. By
assuming that people know what they prefer and do their best to achieve their
preferred outcome, one can explain social phenomena in terms of the struc-
ture of the strategic, social interaction in which such existing preferences are
expressed (e.g. Akerlof, 1978; Schelling, 1971; V. L. Smith, 1962; Weibull,

Note how at least Max Weber seemed to take a representational view (see Section 2.1.1) of
subjective value, defining economic behaviour as that “concerned with the satisfaction of a
desire for Nutzleistungen”. The translators translate “Nutzleistungen” to “utilities” but a more
literal translation would be “use-services’’; the needs-fulfilling properties of the target. I am
grateful to Leonie Polzer for a helpful discussion.
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2004). Explanations can be “purely” societal (cf. Forsgren, 2025), without
reference to psychology.

These existing preferences were later taken to obey certain axioms, the most
famous being those of Von Neumann and Morgenstern (2004/1944): continu-
ity, completeness, mixture independence, and transitivity. Together, the ax-
ioms guaranteed the existence of a differentiable, well-behaved utility func-
tion (see Section 2.1.3) and constituted the “expected utility theory” (EUT).
A famous alternative axiom is “Independence of irrelevant alternatives” (I1A)
which, in short, states that adding new options to the menu should not affect
the preferences for the original options.’

Right from the start (e.g. Allais, 1953; Allais & Hagen, 1979; Tversky,
1975), critique of existing preferences was bound up with critique of the em-
pirical viability of the axioms: criticising one often involved some critique
of the other, with differences in where the emphasis lay. One stream of cri-
tique leant more into showing that preferences did not seem to be supported
by fairly stable subjective values of outcomes; preferences could be affected
by experimental manipulation of supposedly irrelevant aspects of the imme-
diate environment. For example, studies showing that some people’s choices
could occasionally (see e.g. Huber et al., 2014) be swayed by whether iden-
tical outcomes were framed as gains or losses (Kahneman & Tversky, 1979;
Tversky & Kahneman, 1981), or whether a “decoy” option was added or re-
moved from the menu (e.g. Castillo, 2020; Huber et al., 1982).8 Other critiques
mainly concerned the axioms (e.g. common consequence & common ratio ef-
fects, Birnbaum & Chavez, 1997; Blavatskyy et al., 2022, 2023), rather than
the existing preferences per se.

Together, and despite objections by Morgenstern (1979), these critiques
helped build an impression that the notion of “existing preferences” was ques-
tionable. The “deeply held beliefs” seemed quite superficial.

2.2.2 Constructed preferences

The evidence that people do not always behave as-if they expressed existing
preferences - because their apparent preferences were malleable and/or because

"IIA was originally introduced as a condition that an acceptable aggregation of preferences (for
example, vote shares in a general election) should fulfil, not as applying to the preferences
of any one individual (Arrow, 1951, Chapter III, section 3). On the individual level, Arrow
(1951) merely assumed completeness and transitivity (these axioms are discussed in Section
2.2.4below). Yet, IIA seems to have come to be interpreted as an axiom of individual preferences
(Debreu, 1960).

8 Allais (1953) also offered a normative criticism: to him, a given prospect existed in the context
of the other prospects entailed by the same option, but also in the context of choices made in the
past. Thinking of preferences as divorced from such context made little sense because there was
“no such thing as abstract value” (cf. Section 2.1.1 above). Thus, behaviour should be guided
as per Figure 1.1B. See Mongin (2019) for a historical overview.
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they violated axioms - motivated a new stream of research in psychological
science. Rather than being based on deeply held beliefs, decisions were said
to rely on preferences that were “constructed” (Slovic, 1995) ad hoc and online.
Let me briefly review some of the main lines of inquiry.

Heuristics

A prolific tradition under the constructed preferences umbrella is the idea that
people rely on “heuristics” (e.g. Todd & Gigerenzer, 2000; Tversky & Kah-
neman, 1974): simplifying decision rules that implement a form of bounded
rationality (Simon, 1990) by ignoring some information and avoiding complex
computations (Gigerenzer, 2008).

One example is the “default heuristic” (Gigerenzer & Gaissmaier, 2011)
where the decision rule states that whatever is the pre-selected option (if one
exists) is chosen. If preferences were based on deeply held subjective values,
this superficial aspect of the interface should not sway people’s choices. The
idea of a default heuristic has seen substantial applied use to “nudge” (Thaler
& Sunstein, 2008) citizens into behaviour that aligns with governmental policy
goals (see e.g. Cronqvist et al., 2018; Szaszi et al., 2017; Tannenbaum et al.,
2017), although there are questions about whether effects of defaults are em-
pirically robust (e.g. Altmann et al., 2019; Bronchetti et al., 2013; Forsgren,
Mandl, & Karreskog Rehbinder, 2025; Jachimowicz et al., 2019).

Another example is “noncompensatory” heuristics. These construct pref-
erences such that they form lexicographic (semi)orders (see Fishburn, 1974)
by checking which option is superior in a given aspect, one at a time, until a
choice is made (e.g. Birnbaum & Gutierrez, 2007; Brandstétter et al., 2006).
Being a lot better in one aspect can thereby not compensate for being a little
worse in another, hence the moniker. Tversky (1972) used the example of a
choice between (i) a trip to Paris, (ii) a trip to Paris and a small cash bonus, and
(iii) a trip to Rome and a small cash bonus. Because (i) and (ii) are equalised in
all respects but the cash bonus, the addition of the cash bonus would result in
a preference favouring (ii). Conversely, (ii) and (iii) are equalised in the cash
bonus but set apart by the destination of the trip, why that would determine the
preference. While noncompensatory heuristics share family resemblance, they
differ in exactly how they suppose that the aspects are checked and evaluated.
One of the more radical examples is the “take the best” heuristic (Gigerenzer
& Goldstein, 1996) which bases a choice purely on the “cue” with the high-
est “validity” (Hursch et al., 1964): the single piece of information that, out
of those available, is the superior predictor of some outcome. For example,
a cue might be whether some business is an established company or not and
an outcome might be return on shares in that company (Broder, 2000; Newell
& Shanks, 2003). A less radical version along the same lines is the “priority
heuristic” (Brandstitter et al., 2006) which compares the attributes of options
one by one until it finds a sufficiently decisive tie breaker.
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Apart from these two examples, there exists a large library of suggested
heuristics (see e.g. Gigerenzer & Todd, 1999; Tversky & Kahneman, 1974).
Some appear motivated by empirical phenomena that seem to contradict exist-
ing preferences (e.g. default heuristic). Other studies work from a presumption
that preferences are constructed, and then present theories of how that could
work (e.g. noncompensatory heuristics). While there is a long-running de-
bate on their normative status (see e.g. Gigerenzer, 1996, 2025; Kahneman
& Tversky, 1996), heuristics thus share the feature that they do not ground
choices in subjective values (Figure 1.1C). Instead, they draw on more prox-
imal features of the options to form preferences (Figure 1.1B) or determine
choices directly (Figure 1.1A). For example, the default heuristic determines
choices rather than preferences because the default option is chosen without
comparing options. An individual employing the default heuristic would not
stop to ask “irrespective of the other options, how good is option a in and of
itself?”

Walasek and Brown (2023) have made a philosophical argument for con-
structing preferences through heuristics, presuming a value pluralist concep-
tion of subjective value (see Section 2.1.1). They use the example of a profes-
sor who might be a so-and-so good teacher and a so-and-so good researcher,
claiming that “there is no higher-level, utility-like, abstract common currency
such as ‘academic quality’.” (Walasek & Brown, 2023, p. 1013). In this view,
there cannot exist a unitary subjective value of each option, why preferences
cannot be based on comparing them (Figure 1.1C). Instead, people must resort
to “making choices without trade-offs” (Brandstitter et al., 2006) through use
of noncompensatory heuristics. Such processes go through different attributes
of options - which correspond to different kinds of value - to find one that can
work as a tie-breaker. I return to this argument in the General discussion.

Sequential evaluation

When choosing between a and b, adding an option c that is similar in its as-
pects to a might increase the probability of someone choosing b (“the simi-
larity effect”, Tversky, 1972). Alternatively, when c is dominated by a in all
aspects but not by b, this might increase the probability of choosing a (“the at-
traction/asymmetric dominance effect”, Huber et al., 1982). Lastly, when the
aspects of ¢ are designed such that b constitutes a middle ground between a
and b, this might increase the probability of b being chosen (“the compromise
effect”, Simonson, 1989).” See also Noguchi and Stewart (2014). The simi-
larity, attraction, and compromise effects show that preferences are unstable;
they are affected by the similarities and differences between the presented op-

9These effects are often called “context effects” but this invites us to understand “context” in a
quite narrow sense. In this thesis, I will generally prefer the phrase “effects of the option set”, or
variations thereof. “Context” will typically be reserved for the original psychological meaning
of that term: the (massive) set of stimuli presented concurrently with some focal stimulus of
interest.
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tions and not only the characteristics of the individual options. This should,
the argument goes, not happen for existing preferences based on comparisons
between deeply held subjective values (Figure 1.1C).

While the similarity, attraction, and compromise effects are far from be-
ing universal (see e.g. Figure 3 in Cataldo & Cohen, 2018) they still seem to
have become something of a litmus test (see e.g. Noguchi & Stewart, 2018)
for theories in the “sequential evaluation” tradition. In such theories, prefer-
ence construction (Figure 1.1B) is thought to happen by sequential evaluation
and comparison of different aspects of options, where the result of each com-
parison is accumulated until a decision threshold is reached (e.g. Roe et al.,
2001; Trueblood et al., 2014; E. U. Weber & Johnson, 2006). The “adaptive
decision-maker” programme (Payne et al., 1992) posits a number of more fun-
damental processes of sequential evaluation and comparison that can then be
combined to flexibly form strategies for constructing preferences (cf. “archi-
tectural” approaches, Ritter et al., 2018).

Sampling theories

The similarity, attraction, and compromise effects have been interpreted as ev-
idence of option attributes being compared sequentially. However, they have
also been interpreted as a kind of priming effect (A. S. Brown, 1979) where the
presented options cue memory retrieval (e.g. Bhatia, 2013). It has also been
noted that, just like perceptual decisions (e.g. which stimulus is the largest),
preferential choice is subject to a speed/accuracy trade-off: the longer one con-
templates, the higher the probability that one selects the option with the high-
est subjective value (see e.g. Gluth et al., 2015; Shadlen & Shohamy, 2016)
- where subjective values are inferred from a separate judgement task (e.g.
Becker et al., 1964).

These phenomena have been taken as support for the proposition that some
kind of information is sampled from (long-term) memory and integrated to
construct a preference (Shadlen & Shohamy, 2016). The sampled informa-
tion might consist of potential subjective values (Gonzalez & Aggarwal, 2023;
Gonzalez & Dutt, 2011; Zylberberg et al., 2024)!° but also arguments in favour
of or against making a certain choice (Shafir, 1993; E. U. Weber & Johnson,
2011).

Some envision the sampled information to potentially have episodic quali-
ties (Shadlen & Shohamy, 2016; E. U. Weber & Johnson, 2006). Such episodic
sampling accounts would seem to me to complement the attitudinal and affec-
tive views on subjective value discussed in Section 2.1.4: there is evidence
that episodic simulation of events that we have not experienced is generated
by the same system as that which we use to remember events that we have

1%0ne recent model with a similar structure is the Autocorrelated Bayesian Sampler (Zhu et al.,
2024). However, to the best of my knowledge it has only been applied to questions of fact rather
than preference. This orientation is perhaps indicated by the authors referring to the information
sampled as “hypotheses”.
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experienced (e.g. Schacter et al., 2008; Szpunar et al., 2014). If so, it stands to
reason that sampling (simulating) episodic pros and cons would evoke similar
attitudinal and affective reactions as thinking back on them. The subjective
values of those attitudes and affects could then be integrated to construct pref-
erences.

In sum, sampling theories can propose either that subjective values are un-
stable, leading to unstable preferences further down the line, or that preferences
themselves are constructed and therefore inherently unstable.

Risk preferences

In the traditions reviewed above, some important empirical phenomena con-
cerned adding or removing options from the presented set. When options are
risky (in the sense of their outcomes being explicitly probabilistic, see Knight,
1957/1921), one can also imagine adding, removing, or manipulating so-called
“branches”. A branch is in essence a potential outcome at a potential proba-
bility, where the option is defined by all its potential outcomes and their prob-
abilities. As discussed in Section 2.1.3, one theoretical approach has been to
subsume the subjective (dis)value of taking risks (sensu Knight, 1957/1921)
into the shape of the subjective value function. Alternatively, some models
weight subjective values based on their relative rank or distance within the set
of available outcomes. (e.g. Transfer of Attention Exchange, “TAX”; salience
theory, Birnbaum & Navarrete, 1998; Bordalo et al., 2022). Here, subjec-
tive values pre-exist but apparent risk preferences are constructed through the
weighting, which is supposed to reflect putative attentional processes. These
kinds of models often draw support from experiments where manipulating the
branches of options affect choices (e.g. Birnbaum, 2008; Birnbaum & Chavez,
1997), even when the expected values of options are identical (“Mao pairs”,
Dertwinkel-Kalt & Koster, 2019).

Others have taken more of an existing preference approach by investigating
risk taking as a trait-like property of the individual (e.g. Frey et al., 2017; Mill-
roth et al., 2020; E. U. Weber et al., 2002). Here, the motivation is perhaps not
some specific empirical phenomenon per se but rather the open question of to
what extent there exists stable individual differences.

Lastly, there exists a third way that perhaps does not neatly slot into the
existing/constructed preferences spectrum: a focus on how the probabilities
themselves are weighted depending on whether and how they are learnt from
experience (e.g. Biele et al., 2009; Hertwig & Erev, 2009; Hertwig et al., 2004).
Such learnt weights may be beliefs or perhaps associations (Forsgren et al.,
2023). However, they are not subjective values, nor do they imply constructed
preferences, in the senses those terms are used here.

The most radically constructivist take on risk preferences does perhaps come
from the literature concerning (e.g. Stewart & Simpson, 2008) or adjacent to
(e.g. Vlaev et al., 2007b) DbS. There it is argued that apparent risk preferences
are a by-product of the subjective values of outcomes, probabilities, and other
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attributes being constructed in the moment. This view will be interrogated in
Study I & I1.

Implications of constructed preferences

It has been claimed that because preferences are constructed, choices may not
be taken to reveal subjective value (Figure 1.1A & 1.1B). To give an applied
example, Slovic (1995) cites a discussion concerning informed consent from
an unpublished manuscript by Douglas MacLean. It goes something like this.
Consider a patient who needs a, possibly painful and/or risky, treatment. The
physician wants “what is best for the patient” - they want the patient to have
the best subjective experience possible, all things considered. What should the
physician’s role be in the decision on whether to go through with the treat-
ment or not? Under what we here call the existing preferences view, the whole
business is fairly straightforward. The physician acts as an “expert advisor”
(Slovic, 1995, p. 370) to the patient. Their job is to make sure that the patient
understands the lay of the land. As long as the patient does so well, they can be
trusted to employ their existing preferences to choose whatever is best for them.
If there are no existing preferences, and the preferences are being constructed
under the influence of the physician, the patient cannot sensibly hold primary
responsibility for making the decision even when well-informed.!" This is an
early example of the “choice architect” view. Because preferences are con-
structed, and predictably so, the locus of agency is not within the individual
making the choice. The distal cause (Krieger, 2008) of the choice is actions
taken by whoever designed the choice environment. If so, treating preferences
as given would be a serious limitation of work in the tradition of Arrow (1950),
A. Smith (2025/1776b), and M. Weber (1947).

2.2.3 Constructivism as a spectrum

Theories of preference may come in different shades of constructivism. For
example, while noncompensatory heuristics postulate that preferences for op-
tions are constructed on the spot, they still seem to require existing preference
for the attributes themselves. To check if an option is “superior” in an attribute,
one must have some kind of preference over the different states each attribute
can take. In the example from Tversky (1972), one must first know whether
Paris is preferred to Rome and whether a small cash bonus is preferred to no
cash bonus before one can apply a noncompensatory heuristic. In sequential
evaluation models, every single evaluation performed could be seen as a pref-
erence for one state of an attribute over another state of that attribute. Where

"n a similar vein, Fredrickson and Kahneman (1993) claimed that participants’ retrospective
evaluations of episodes (stated subjective values) did not match the sum of their stated affective
state during the episode (putatively correct subjective values). Such “duration neglect” could
motivate relegating decision-making to the physician.
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these more fundamental preferences come from is not explained in the the-
ories. While one could presumably suggest a theory where the fundamental
preferences too are constructed, it seems like one at some point will have to
draw on some notion of what is better and what is worse that pre-exists the
constructive process. Conversely, one could claim that there strictly speaking
cannot exist “deeply held” subjective values, and thus no truly existing prefer-
ences, because all memory is constructed (e.g. Loftus, 1997; Schacter & Addis,
2007).12

While there certainly are intricacies to this terminology (see S. M. Smith &
Krajbich, 2021, for an alternative), the core issue is perhaps stability and mal-
leability. Preferences are “highly” constructed when details of the immediate
environment are “highly” important in determining the end result, as evidenced
by effects of manipulations of, for example, the option set. Conversely, pref-
erences are “highly” existing when they are fairly stable, as-if they were sitting
in the mind just waiting to be expressed. Thinking versus knowing, if you will.
A given theory will sit on a spectrum between those end points.

With this in mind, one position could be that there exists a mix of the end
points: some preferences are (by and large) existing while others are (by and
large) constructed. This possibility has been acknowledged explicitly (Bettman
et al., 1998; Fischhoff, 2006, p. 188 & p. 654, respectively), but those authors
still seem to view highly constructed preferences as constituting the greater
component of the mix (Bettman et al., 1998, 2008; Fischhoff, 2006, p. 199-
207, p. 171-172, & p. 655, respectively) - or at least treat it as the component
of greater scientific interest.

2.2.4 Transitivity of preferences

One could in principle imagine both (highly) existing and (highly) constructed
preferences that violate any axiom. Yet, violations of transitivity of prefer-
ences have often been presented as support for theories of preference construc-
tion (e.g. Birnbaum & Gutierrez, 2007; Brandstitter et al., 2006). Perhaps this
is so because it is difficult to see how preferences based on deeply held be-
liefs of subjective value could violate an axiom that, at some level, seems so
sensible (see below). In what follows, I explicate the meaning of transitivity
and describe a prominent descriptive model of transitive preferences (Strong
stochastic transitivity, SST). That model is consistent with the path displayed
in Figure 1.1C but with noisy subjective values in the spirit of Thurstone’s idea

12If memory is constructive , then thinking of subjective values as “stored” in memory (e.g. Atkin-

son & Shiffrin, 1977/1968) is misleading. Moscovitch (2007) and Schacter (2007) emphasised
a clear distinction between the engram - the neural substrate storing information - and memory.
The latter is constructed from the (existing) engram. “It follows, therefore, that memory does not
exist until it is recovered.” (Moscovitch, 2007, p. 17, emphasis in original). If so, all subjective
values are generated in the moment from a lasting engram.
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(Equation 2.1). Then, I reflect on the normative status of the transitivity axiom.
Lastly, I provide an overview of the current state of the empirical debate.

Study III will scrutinise whether intransitivity of preferences really is as
prevalent as has been claimed (e.g. American Psychological Association, 2025).
It will do so by estimating the prevalence of some descriptive models, includ-
ing SST.

Definition and implications

Transitivity means that some relation is “transferred” or “inherited” by suc-
cessive elements. Ancestry is transitive because if Adam is an ancestor of
Abraham, and Abraham is an ancestor of Moses, then Adam is an ancestor
of Moses. Dominance in Rock, paper, scissors is not transitive (intransitive)
because Rock beats Scissors, and Scissors beats Paper, but this does not imply
that Rock beats Paper. We can write a Rb and bRc for some arbitrary binary re-
lation on a, b, ¢ € O. We say that the relation is transitive when the following
condition holds: aRb, bRc = aRc. For the two examples above, the relation
R was “is an ancestor of” and “beats”, respectively. For preferences, R will
be something that expresses the preference relation: “preferred to”, “not pre-
ferred to”, or “indifferent to”. Figure 2.1 illustrates transitive and intransitive
orderings.

On its own, transitivity tells us something about the relations between some
subset of options but we need additional properties to fully characterise the
entire set of preferences. If we add the property of completeness - that the
relation R exists for all elements in O - then O is weakly ordered; there exists
a ranking, with ties allowed, of all options. In other words, transitivity and
completeness together ensure that all options are comparable - the individual
either prefers one to the other or is indifferent between them, but we never
have a case of “apples and oranges” where they simply cannot say. Again
see Figure 2.1. To exclude the possibility of indifference - that two options
are ranked identically - we need a property called irreflexivity, which together
with transitivity happens to imply asymmetry,'> which basically means that
one option is always strictly preferred over the other. In empirical studies,
one usually rules out the possibility of indifference by design: participants are
forced to select one option or the other, and thus cannot express indifference
even if that were to be their view. If R is transitive, complete, and irreflexive,
we have a strict total order: a strict ranking of all options.

BTo see why, the following proof might be helpful to some readers: consider some arbitrary
a,b € O. Let us assume that some binary relation R is transitive and irreflexive. Let us further
assume that R is not asymmetric: aRb but also bRa. By transitivity, a Rb, bRa = aRa. This
contradicts irreflexivity: aRa. Thus, by contradiction, we have proven that for Va,b € O,
transitivity and irreflexivity imply asymmetry. This concludes the proof.
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Figure 2.1. lllustration of transitive and intransitive orderings

A

T O O—O—0O

Note. Panel A: transitive and complete ordering over three elements a, b, and c. aRb,
bRc, and aRc, so the directed graph is acyclic. Panel B: intransitive and complete
ordering over the same elements. Here, aRb, bRc, but cRa. Thus, we have a cycle
in the directed graph. Panel C: transitive and incomplete ordering. aRb, bRc, and
aRe, but d is incomparable to all other elements. A degenerate example for three
elements would be when aRb and aRc but b is incomparable to c. That ordering is
transitive because the implication a Rb, bRc = aRc cannot be evaluated when one of
the two antecedent conditions is missing. Panel D: intransitive and incomplete order-
ing. aRb,bRc % aRcbecause a and c are incomparable. In all panels, R is irreflexive
because there are no self-links.

S (s =
©
)

)

Strong stochastic transitivity of preferences

As cognitive psychologists, we are faced with the challenge of how to in-
fer whether transitivity holds for someone’s covert preferences based on their
overt choices. If an individual deterministically makes transitive choices (and
we have reason to believe that they are indeed choosing the options they earnestly
prefer), it seems safe to conclude that this is the systematic expression of transi-
tive preferences. However, variation is ubiquitous in human behaviour (Sundh
et al., 2025). To make inference to the preferences, we must model the source
of this variation (Cavagnaro & Davis-Stober, 2014; Regenwetter & Davis-
Stober, 2008). A famous such model is strong stochastic transitivity (SST,
Davidson & Marschak, 1959):

Definition 1. An individual’s preferences are SST if, for all a,b,c € O,
P(a>b) >0.5,P(b>c)>0.5= P(a>c)>mazx{P(a>b),P(b>c)}

That is, options may be ordered from worst to best, the probability of choosing
an option ranked higher in the ordering must exceed 50%, and this probability
must increase the further apart in the ordering two options are. Importantly,
this is a descriptive model - on its own, it has no cognitive interpretation. Let
us consider some interesting cognitive models that predict SST.

Firstly, we have models where the subjective valuations are noise-free but
choice is noisy. One example is the strong utility model (Cavagnaro & Re-

33



genwetter, 2023). Another is Luce’s choice rule (Luce, 1959). These models
assume that a noiseless scalar subjective value is attributed to each option. The
subjective values are then compared to form a preference, but the expression
of this preference is noisy: the greater the difference between the subjective
values, the less noise.

Secondly, we have the random utility model (Block & Marschak, 1960)
where the subjective values U are random variables.!* For preferences to be
SST, we must restrict the distributions of the subjective values to be (i) sym-
metric and (ii) homogenous.!> The probability of some individual preferring
option a to option b is simply the probability that the subjective value of the
former exceeds the latter at a given moment. This probability increases with
the mean difference - the greater the difference in subjective value between
the options, the lower the discriminative difficulty. If we make the more re-
strictive assumption that all subjective values are normally distributed with
equal variance, then we have a version of the Thurstonian model (Equation
2.1, Thurstone, 1927a).

In sum, cognitive models that predict SST share the family resemblance
that they suppose the existence of one unitary subjective value per option.
This is inconsistent with many theories of preference construction (see e.g.
Dertwinkel-Kalt & Koster, 2019; Rieskamp et al., 2006; Roe et al., 2001; True-
blood et al., 2014; Tversky, 1972; Tversky & Edward Russo, 1969; Vlaev et
al., 2011). Evidence that SST holds thus challenges that literature, or at least
its generality. Because it is highly parsimonious (see Study III), the principle
of Ockham’s razor suggests that SST should be preferred over more flexible
models unless that extra flexibility is needed (see e.g. Akaike, 1974; Hansen
& Yu, 2001; Pitt et al., 2002).

Normative status of transitivity of preferences

SST suggests that behaviour is stochastic. Why would systematic violations
of transitivity (i.e. intransitivity) be any worse than if similar deviations arose
because of noise? Let me make three points.

Firstly, intransitive preferences open one up to being exploited. A shrewd
swindler might exploit the “cyclicality” of an intransitive preference ordering
(Figure 2.1B) to “money pump” a victim (Danan, 2010; Davidson et al., 1955),
leading them down a series of choices that ultimately leave them worse off than
where they started. Note that “money pumping” does not require agency: if
cyclical choices involve any cost in terms of fitness (e.g. extra time spent on
cyclical foraging) then one is effectively being money pumped by nature.'6

“Formally, P(a = b) = P(U, > Uy) where u; € U are subjective values.

'3To preview, in the Empirical work we will also test a model that relaxes these restrictions. See
Polania et al. (2018) for a neuroscientific suggestion, based on efficient coding (Barlow, 1961;
Laughlin, 1981), of how such a model might work.

16 Arkes et al. (2016) argue that there is no empirical evidence for the existence of money pumps
so violations of transitivity are not costly, but that way of looking at it seems to me to be re-
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Secondly, there is something intuitively whimsical about intransitive pref-
erences. It seems, at least to me, that the victim of the money pump scheme
above has been bamboozled; they should have known better!

Lastly, intransitive preferences are aimless. From Skinner (1958) to Maslow
(1943), behaviour is presumed to be goal-directed. This is so because ani-
mals have evolved to be fitness maximising (cf. Axelrod & Hamilton, 1981;
Dawkins, 1976). Transitivity of preferences ensures that there exists a ladder
to climb, a way to subjectively better oneself. With intransitive preferences,
we are like Sisyphys: consumed by an eternal cycle of futile labour. It has
been claimed that we must imagine Sisyphys happy (Camus, 1955) but that is
the kind of thing you say when you have never rolled a massive boulder up a
hill for all eternity. All in all, there seems to be a good case to be made for
transitivity of preferences being regarded as normatively desirable.

Testing for transitivity of preferences

A famous study claimed to evidence intransitive preferences was Tversky (1969)
where participants had been screened for their susceptibility to making intran-
sitive choices. In Experiment 2 in that study, the screening session was also
used to tailor subsequent stimuli so as to make more choices violate transitiv-
ity. More recently, Butler and Pogrebna (2018) have used a related approach
to claim that preferences are intransitive under tailored stimuli (but see Birn-
baum, 2020, for a statistical critique and reanalysis, and Butler, 2020, for a
response). The experiments in Tversky (1969) were “not addressed to the ques-
tion of whether human preferences are, in general, transitive; but rather to the
question of whether reliable intransitivities can be produced, and under what
conditions.” Despite this, some authors have promoted such existence proofs
to “well-established evidence ... that cyclical choice is a robust and reason-
ably general phenomenon.” (Starmer, 2000). That notion appears to be fairly
widespread (e.g. American Psychological Association, 2025; Bikhchandani &
Segal, 2021; Brandstitter et al., 2006; Fishburn, 1991; Grether & Plott, 1979;
Kalenscher, 2010; Lee et al., 2009; Rieskamp et al., 2006; Schoemaker, 1982;
Veit, 2024; Walasek & Brown, 2023).

The evidence supporting this was most seriously called into question by Re-
genwetter et al. (2010, 2011). Fundamentally, their critique rested on how pre-
vious work had insufficiently addressed the complications inherent in evaluat-
ing a deterministic, algebraic property of the covert cognition based on stochas-
tic choice data. They imported statistical advances by Klugkist and Hoijtink
(2007) into psychology that allowed the bridging of this gap. In short, the
method consists of setting up a number of inequality conditions that define
the subspace of the sample space compatible with some model of transitive
preferences. Definition 1 provides the inequality conditions for SST.

versing the potential causality. Rather than intransitivity of preferences being costless because
of an inexistence of money pumps, maybe there are no money pumps because transitivity of
preferences means that they do not work.
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The state of the debate is thus that the transitivity of preferences is an open
empirical question. The small number of studies that have used appropriate
methods have found some participants to have intransitive preferences but
these have usually relied on monetary gambles (Birnbaum, 2020, 2023a, 2023b;
Birnbaum & Schmidt, 2008; Cavagnaro & Davis-Stober, 2014; Cavagnaro et
al., 2024; Regenwetter et al., 2011).!”. When participants instead gambled for
uncertain quantities of everyday items (e.g. “9/50 probability of winning about
15 sandwiches”, see the “noncash” condition in Regenwetter et al., 2011) in-
stead of money, there was no indication of intransitive preferences. See also
Cavagnaro and Davis-Stober (2014) for a Bayesian reanalysis.

2.3 Summary of literature review and purpose of this
thesis

Social science has historically presumed that people perceive options to have
fairly stable subjective values, leading to fairly stable and coherent preferences
that obey axioms like transitivity. Behaviour can then sensibly be thought of as
individuals expressing such “existing” preferences. This has been criticised, by
psychologists and others, who argue that preferences are “constructed” in the
moment. Empirical evidence taken to support this view primarily comes from
experiments showing that manipulations of the immediate environment - such
as supposedly irrelevant characteristics of options or the inclusion/exclusion of
options from the menu of alternatives - can affect apparent preferences. How-
ever, even theories in this constructive tradition might sometimes require some
conception of preferences that pre-exist the choice situation.

Decision by Sampling is a theory that in different ways stands out from pre-
vious work. Instead of proposing a shape of the subjective value function, it
postulates a cognitive process that brings the shape about. Instead of attributing
the origins of subjective value to associative learning of affects or drive-state
reduction, it attributes it to the rarity of a target quantity in the (historical) en-
vironment of the organism. Specifically, it suggests that subjective value of
quantitative attributes (e.g. money) is constructed momentarily by sampling a
small sample of exemplars from memory. For each exemplar, the algorithm
makes an ordinal comparison of whether the target is greater than the exem-
plar or not. The subjective value is simply the proportion of such comparisons
that favour the target. A central experimental paradigm for studying Decision
by Sampling has been to manipulate the (quantitative) attribute values of re-
cently experienced options. Having recently experienced predominantly lower
attribute values should increase the subjective value of subsequent intermedi-

7But see Cha et al. (2013) who criticise the methods of Birnbaum (2020, 2023a, 2023b) and
Birnbaum and Schmidt (2008).
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ate attribute values, and vice versa. This is because the intermediate target will
win ordinal comparisons against the lower values.

While theories may sit somewhere in-between “pure” existence and “pure”
construction of preference, there does seem to exist a view that the lion’s share
of our preferences are largely constructed (e.g. Bettman et al., 2008). A clear
example of this is the idea that preferences are “often” intransitive (American
Psychological Association, 2025), which is typically attributed to preference
construction. An alternative account would be that preferences are strongly
stochastically transitive - that it is as-if they were supported by comparing
stable (existing) subjective values that are corrupted by noise. However, in-
ferring a covert property of preferences (such as transitivity) based on overt
choices is fraught with analytical challenges which have only been addressed
quite recently (Klugkist & Hoijtink, 2007). Consequently, there only exists a
small number of recent studies that investigate transitivity of preferences with
appropriate methods. These do find that some participants have intransitive
preferences, but have almost exclusively used so-called monetary gambles as
stimuli.

While it is hard to deny that people sometimes construct preferences, the
question is how much prominence such explanations warrant. The purpose of
this thesis is therefore to critically examine the generality of the constructed
preferences account by revisiting certain previous research that has been in-
terpreted as support for constructive processes. I will scrutinise the central
experimental paradigm used to investigate Decision by Sampling. Does the
effect of recently experienced attribute values obtain when we address some
methodological limitations (Study I)? More generally, does such an effect ob-
tain across response modes and is it robust to relevant expertise (Study II)? If
not, perhaps it is not necessary to postulate that the subjective values and pref-
erences are constructed momentarily. [ will also scrutinise whether preferences
are often or rarely intransitive, and whether this differs between (unfamiliar)
monetary gambles and (more familiar) everyday objects (Study III). To what
extent is strong stochastic transitivity - which is consistent with an existing
preferences account - a sufficient description?
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3. Aims of the empirical section

The purpose of this thesis - to critically examine the generality of the con-
structed preferences account - was addressed through two aims.

The first aim of the Empirical work was to revisit certain empirical phe-
nomena - previous demonstrations of which had been criticised on account
of methodological limitations - that had been taken as support for theories of
constructed preferences.

Study I sought to investigate a theory of the subjective value function - De-
cision by Sampling - and the phenomenon that had been its principal source
of empirical support: that manipulating the distribution of attribute values that
one observed had a causal effect on subsequent choices. It did so using a two-
alternative forced choice paradigm.

Study II studied the same empirical phenomenon but in two response for-
mats: two-alternative forced choices (2AFCs) and a vertically arranged list of
several options. The latter format was taken from Bird and Harris (2018) who
had presented it as an “investment mean variance measure” inspired by Vlaev
et al. (2007b); a tool for studying risk preferences. Bird and Harris (2018,
p. 606) interpreted the effect of preceding options in that study as “consistent
with theories of relative judgement, including Adaptation Level Theory (ALT;
Helson, 1947), Range Frequency Theory (RFT; Parducci, 1965, 1995), and
Decision by Sampling (DbS; Stewart, Chater, & Brown, 2006)”, thus connect-
ing with the literature on subjective value functions.

Study Il moved from investigating the subjective value function to studying
preference. Specifically, it sought to investigate the transitivity of preferences
and to what extent (in)transitivity may be understood as a result of novel, arti-
ficial stimuli. It further investigated whether preferences for pairwise choices
were compatible with a descriptive model - Strong stochastic transitivity - that
could be interpreted cognitively as choice being supported by preference de-
rived from a greater-than comparison between noisy subjective values (Figure
1.1C).

The second aim was to investigate if the empirical phenomena - presum-
ing they obtained - would be attenuated by what we, perhaps for lack of a
better word, originally thought of as “expertise” or “experience”. In Section
2.2.3, I introduced the idea that it could be that some preferences are exist-
ing while others must be constructed. We speculated that this mix may ulti-
mately be determined by knowledge. With lived experience, people will grad-
ually build knowledge of representational (Section 2.1.1) subjective values.
These can then support relatively stable and coherent preferences. When peo-
ple lack such well-known subjective values, they must construct subjective
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values and/or preferences on the spot.! Whether someone exhibits stable, co-
herent (presumably existent) preferences or unstable, incoherent (presumably
constructed) preferences would then differ based on a person x domain inter-
action, as revealed by a difference between “expert” and “non-expert” demo-
graphics when stimuli cued the experts’ domain of expertise.” To preview, the
empirical results would prevent us from fully addressing this aim.

"While the perhaps most famous definition of “expertise” (Ericsson & Lehmann, 1996) is
performance-centred - an expert is someone who consistently outperforms their cohort - note
that the sense in which I am using the term also has some precedent (e.g. Chase & Simon, 1973;
de Groot, 1978/1965).

*Thus, rather than being a psychological construct, expertise of this kind is a mere demographic
label. It is shorthand for “having long-term memory knowledge of relevant subjective values
that are cued by the task at hand”.
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4. Empirical work

4.1 Methods common to Study I and II

Study I and II are the result of a series of experiments that my collaborators and
I ran with a view towards scrutinising the Decision by Sampling theory and an
empirical phenomenon that had motivated it: an effect of recently experienced
attribute values on subsequent choice. As mentioned, DbS supposes that the
attribute values one has recently come across will populate the distribution of
exemplars that one’s mind samples from (Y in Equation 2.2 above). When es-
timating the subjective value of options according to the DbS mechanism, the
subjective value of a target attribute value should therefore be increased by ex-
periencing lower exemplars and decreased by experiencing higher exemplars. !
The subjective values will then support preferences, which will then support
choices, leading to an observable effect. Originally, we expected to find that
effect and were looking forward to a series of experiments that would inves-
tigate its generality. We were suspicious of whether someone who could fall
back on substantial experience would display the fickle subjective values, pref-
erences, and choices suggested by DbS. This plan quickly took a turn: while
we were gearing up to start collecting data, we begun to realise that the effect of
interest (and thus, DbS) was perhaps more controversial than we had originally
thought. An exchange of views between Walasek et al. (2021) and André and
de Langhe (2021a, 2021b) regarding Walasek and Stewart (2015) had captured
our attention. While the authors did not fully agree, it seemed clear to us that
there were methodological limitations to address. So, we changed our plans.
It took two experiments (run almost in parallel) before we could come up with
an experimental design that we felt was a sufficiently serious, and fair, test of
DbS. This experiment became Study 1. We then went back and (re)analysed
the data from the first three experiments and added a fourth one. This became
Study II. Study I allowed us to say, with some confidence, that an effect was
not there even though DbS said it should be. Study II allowed us to say that we
often seemed able to produce the effect when several options were presented
in a list, replicating the results of Bird and Harris (2018). Here is the set-up we
used in the experiments.

'Of course, for this to work the subsequent options needed to be defined by the same attributes
as the preceding options. This was always the case in our experiments and will not be discussed
further here.
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4.1.1 Design

All designs involved manipulating the set of attribute values that characterised
the training options while holding the attribute values of the test options con-
stant (“measurement invariance”, Meredith, 1993). See Table 4.1 for option
domains and demographic groups in each experiment in the series. One group
would be exposed to predominantly lower training attribute values, one to pre-
dominantly higher attribute values. That is, the participants’ recent experiences
were manipulated. This was the independent variable of principal interest. We
also, sometimes, manipulated the option domain between groups: half of the
conditions would choose between options presented as representing monetary
gambles. The other half would choose between numerically identical options
presented as representing prospective jobs on the crowdworking website where
we recruited participants. We thought of the former as more abstract and the
latter as more contextualised, providing richer cues for long-term memory re-
trieval. Two experiments only used a single contextualised option domain.
Lastly, we recruited “expert” and “non-expert” participants. The former were
members of a demographic group that we a priori had reason to believe would
have more expertise in the contextualised option domain. The latter were re-
cruited from a group that we had reason to believe would have lower expertise
in the contextualised option domain.

It is difficult to randomise expertise while holding other characteristics of
participants’ backgrounds constant.> Consequently, different demographic groups
differ in many ways, expertise being only one of them. Any of these non-
manipulated characteristics could produce a difference in choice and judge-
ment behaviour. When we then seek to interpret the difference as being due
to differences in expertise, we might be attributing it to the wrong construct.
However, it is perhaps more difficult to imagine characteristics that do not
form part of our conception of expertise, yet happen to affect behaviour only
in the domain of expertise.> Any interpretation of the “main effect” of de-
mographic group should thus be tentative, but any interaction effect involving
demographic group and option domain should perhaps be a bit less tentative.

4.1.2 Procedure

The procedure was similar across all experiments in Study I and II, see Table
4.2. Participants read the instructions, responded to an attention check that
tested whether they had read a second set of mock instructions, performed a

% An experimental psychologist might argue that this is in fact possible through repeated training
in the tradition of Ebbinghaus (1913). I do not dispute this, but suspect that such expertise may
be different in kind to that obtained from continual navigation of a natural environment. If we
are after expertise in this latter sense, randomisation might be impractical.

3Perhaps it makes sense to think of this as a kind of “placebo analysis” (see Athey & Imbens,
2017; Eggers etal., 2024) - the interpretation of the effect as stemming from expertise is strength-
ened by confirming whether it does not appear when that interpretation suggests it should not.
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Table 4.1. Option domains and demographic groups for each experiment in the series

Exp. Appeared Option domain Demographic
in Study
1 II Stock funds General population &
bankers
2 II Monetary gambles Low & High AMT
& AMT jobs crowdworking experience
3 &1 Monetary gambles Low & High AMT
& AMT jobs crowdworking experience
4 II Inflation General population &
adjustment to municipality accountants
municipality
budget

Note. Exp. stands for Experiment, in chronological order. AMT stands for Amazon
Mechanical Turk, an online crowdworking platform.

two-alternative forced choice (2AFC) task for a number of trials, performed
the test task(s), and responded to some demographic questions, a manipula-
tion check question and some sincerity checks. There were two kinds of test
tasks: (i) a small number of 2AFC trials (similar to the training phase trials;
pairwise format) and (ii) a choice of a single option from a vertically arranged
list (listwise format). The test phase consisted of (i) pairwise format test tri-
als followed by (ii) a listwise format test trial, except for in Experiment 4 in
Study II which only included a (ii) listwise format test trial. After each test
choice, participants stated their strength of preference for the chosen option
on a half-range scale (N. Weber & Brewer, 2003). We later realised that the
half-range scale data from the listwise choices was a bit difficult to interpret:
we had asked for a strength of preference for the chosen option vis-a-vis all
other options. For that reason, we never analysed those data.

Table 4.2. General procedure

Phase 1 Phase 2 Phase 3 Phase 4 Phase 5
Instructions  Attention Manipulated Common Demographics,
check training test trials manipula-
trials (choice & tion and
preference sincerity
strength) checks

Note. Procedure of the experiments in Study I and II.
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4.2 Study I

4.2.1 Background

Study I aimed to carefully scrutinise a key prediction of DbS: that recently ex-
perienced attribute values influence subjective values and, consequently, pref-
erences and choices. Specifically, being exposed to attribute values lower than
some target attribute value should increase the apparent subjective value, as
revealed by choice, of that target. We addressed three limitations of previous
work that had become a topic of conversation in the debate. Firstly, previous
research had fit theoretical models to data and interpreted differences in param-
eter values between conditions (e.g. Rakow et al., 2020; Walasek & Stewart,
2015, 2019). This is different to traditional statistical modelling where we de-
sign the model based on knowledge about the data generating process obtained
from knowing the experiment design. The problem is that if the theory does not
match the “true” data generating process, the parameter values may be biased
(Nassar & Gold, 2013).

Secondly, the same previous work had violated measurement invariance
(Meredith, 1993) by testing participants on different stimuli depending on con-
dition. Thirdly, reanalyses that were aware of the two former limitations (Alem-
paki et al., 2019; André & de Langhe, 2021a; Walasek et al., 2021) had picked
out the trials that did not violate measurement invariance and not found the
predicted effect. Since those trials were not originally intended to be analysed
separately, they appeared at different points throughout the experiments. This
effectively meant that testing was interleaved. Thus, even if the full set of at-
tribute values was designed for DbS to predict an effect on subsequent choice,
a given subset of attribute values that preceded a given trial might still not have
the right distribution for an effect to be predicted. One could of course go back
and check, but we felt that it was more straightforward to instead collect new
data where we could guarantee the distribution on the preceding trials.

We also wanted to investigate the generality of any effect of recently ex-
perienced attribute values. To the extent that subjective values were indeed
constructed in the manner postulated by DbS, we argued that this might be a
process the mind defaults to when there are no existing subjective values that
can support preferences and choices. When the options are contextualised,
participants with substantial experience of that context might predominantly
rely on their existing subjective values, thereby displaying an attenuated effect
of recently experienced attribute values.

We implemented a “triple lock” consisting of three analyses that should re-
veal the predicted effect if it existed: (i) choices, (ii) strength of preference
judgements reported on a half-range scale (N. Weber & Brewer, 2003), and
(ii1) model-free subjective value functions calculated as the cumulative prefer-
ence strength judgement favouring one class of option across trials. Ensuring
that all three analyses could be straightforwardly interpreted as aligning/not
aligning with DbS required careful design of the stimuli. Together, (i)-(iii)
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provided a good chance for an effect to be observed if it existed. For exam-
ple, if there would not turn out to be an effect on choices, a proponent of DbS
could argue that maybe there did exist an effect but it was too small to flip
any decisions. If so, an effect should still emerge in the strength of preference
judgements which were more fine-grained and thus more sensitive. Alterna-
tively, if all three analyses spoke against the predicted effect, we could be fairly
confident that it truly was not there.

4.2.2 Methods

The experiment was a 2x2x2 between-groups factorial design along the lines
described in Section 4.1. The factors were Training (low/high values), Option
domain (monetary gambles/AMT jobs), and Experience (low/high experience
of completing jobs on Amazon Mechanical Turk, abbreviated as “AMT”). To
obtain one group with higher and one with lower experience of the contex-
tualised option domain, we posted one data collection that was only visible
to AMT accounts that had been used to perform either fewer than 50 (low
experience) or more than 5 000 (high experience) AMT jobs. We excluded
participants who during Phase 5 (see Table 4.2) stated an experience in per-
forming AMT jobs that did not roughly match that of their account information
(presumably indicating that they were using someone else’s account or owned
several accounts). This resulted in 300 valid low experience participants and
428 valid high experience participants for a total of 728 valid participants, out
of 1020 originally recruited.

Training and test stimuli were as displayed in Figure 4.1. There were 60
training trials and 6 test trials. Apart from addressing the previously mentioned
methodological limitations through the experiment design, these stimuli were
designed to also address the following possible loop holes. Firstly, they held
range of training values (as good as) constant. This is important because unlike
in range-frequency theory (e.g. Parducci, 1965), it is only the number of ex-
emplars above or below the target that should matter. If an effect is produced
by manipulating the range, then that effect cannot be explained by DbS. Sec-
ondly, we held training probabilities constant and tried to minimise the impact
that they, according to DbS, would have on choice (see note to Figure 4.1).
Thirdly, we used simulations to verify that DbS predicted an effect given our
training and test stimuli and that this effect was not dependent on which one of
three reasonable “preference mechanisms” is assumed. DbS suggests that the
results of the ordinal comparisons are integrated additively and sequentially
(Stewart, 2009; Stewart & Simpson, 2008). In closed form, this can be writ-
ten as Equation 2.2 being evaluated for each attribute and the results added
together. However, one could imagine a version where each attribute is val-
uated separately and the valuations then multiplied. One could also imagine
that the attributes are valuated separately and the average of those valuations is
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the valuation of the entire option. We designed the stimuli such that DbS pre-
dicts an effect regardless of which of these mechanisms is assumed. Lastly,
we implemented the triple lock mentioned earlier.

4.2.3 Results

Bayesian three-way ANOVAs (JASP Team, 2023) indicated strong evidence in
favour of the point null hypothesis of no difference between the training condi-
tions, both for the proportion of risky options chosen (BF;y = 0.082) and for
strength of preference for the risky option (BF19 = 0.079). For the choices,
there was also moderate evidence against all interactions between Training
and Option domain and/or Experience (BF1o < 0.270). For the judged prefer-
ence strengths, there was inconclusive evidence against an interaction between
Training and Option domain (BF;y = 0.956), but otherwise moderate evidence
against interactions with Training (BF1¢ < 0.363). There was also strong evi-
dence against a difference between the two Experience groups for both depen-
dent variables (BF1g < 0.099). The only effects in these data were that partic-
ipants were more likely to choose and had a stronger preference for the risky
options when they were described as prospective AMT jobs (BF1¢ > 280000),
rather than monetary gambles. However, this apparent main effect of option
domain was mainly driven by its interaction with experience (BF1o > 2400):
the difference between option domains was limited for high experience partic-
ipants and substantial only for low experience participants.

These (absent) effects are most clearly displayed in the averaged model-free
subjective value functions (Figure 4.2. For details on how the functions were
computed, see p. 8224-8225 in Study I). The only clear separation is between
the AMT jobs and monetary gambles for the low experience participants. Let
me lean into an additional result that is not captured by the Bayesian ANOVAs:
the coloured lines in Figure 4.2 are individual level subjective value functions.
These do not coalesce nicely around the means; indeed, they do not seem to co-
alesce much at all. Such visual impressions will be affected by design choices
made when constructing the figure (see e.g. Franconeri et al., 2021; Hullman
& Diakopoulos, 2011). Even so, it seems clear that there exists substantial
heterogeneity.

4.2.4 Discussion

The main take home message of Study I is that the effect that DbS predicts does
not seem to exist in this 2AFC task. We can claim this with some confidence
because we addressed the previously mentioned limitations of previous work,
designed stimuli that should be sufficient for the effect to emerge, verified
this sufficiency using simulations, and provided three tests that should allow
us to spot any appreciable tendency towards an effect. This does not mean
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Safe option Risky option
Testtrial 1  $1.1 x 100% $1.7 x 90%
Test trial 2 $1.7 x 100% $2.3 x 90%
Testtrial 3  $2.3 x 100% $2.9 x 90%
Test trial4  $2.9 x 100% $3.5 x 90%
Test trial 5 $3.5 x 100% $4.1 x 90%
Testtrial 6  $4.1 x 100% $4.7 x 90%

Figure 4.1. Training values and test options used in Study |

Note. The sets of monetary values used in the Training conditions. Panel A: Mone-
tary values used in the Low training conditions. Ticks indicate individual values used.
Panel B: Monetary values used in the High training conditions. Each set of monetary
values was combined with the same set of probabilities to produce options. The set
of probabilities consisted of the following values: 60% and 61% appeared six times
each. Each value from 62% to 89% in 1% increments appeared eight times each.
90% and 100% each appeared twice. This held probabilities constant between training
conditions and increased the strength of the training values manipulation: remember,
90% and 100% are the highest values in the set of probabilities. 100% would only
win two more ordinal comparisons if compared to all attribute values in the training
set. Although there, according to DbS, would be additional exemplars in long-term
memory that would make 100% of higher subjective value than 90%, any exemplar
(but two) sampled from recent experiences would dilute that difference. The (manipu-
lated) monetary values should therefore more often serve as the deciding factor. Panel
C: Test trial option pairs. Each test trial consisted of one option involving a certain
gain (“safe option”) and one option involving a probabilistic gain (“risky option”).
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Figure 4.2. Model-free subjective value functions from Study I

Note. Panel A: Model-free subjective value functions for individual and averaged
low experience participants by condition. Panel B: Likewise but for high experience
participants. Panel C: Legend common to Panel A and B.
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that preceding options can never affect subsequent choice; just that it did not
do it when DbS said it should. Because we did not find an effect of recently
experienced attribute values to begin with, we were unable to investigate our
hypothesis that relevant experience would attenuate it.

The only substantial effect was that participants who had low experience
of performing AMT jobs tended to choose differently depending on whether
numerically identical options were contextualised as either monetary gambles
or prospective AMT jobs. For participants with high experience of AMT jobs,
the same effect was tangibly smaller. One speculative explanation would be
that the participants’ beliefs about the generative process was the cause (cf.
Forsgren, Juslin, & van den Berg, 2025). We presented participants with fre-
quentist probabilities of receiving a reward that we claimed were based on
historical data on real AMT jobs. However, an unconditional frequentist prob-
ability may be different to the probability when conditioning on some individ-
ual. There is no logical contradiction in saying that the historical frequency
of a randomly drawn AMT worker being rewarded is 90%, whereas I have a
95% probability of being rewarded if [ were to perform the same job. The data
generating process might differ for different people! A logical contradiction
- if one exists - can only be demonstrated on group level, such as when more
than 50% of car drivers say that they are more skilled than the median driver
(Svenson, 1981). For aleatory devices like monetary gambles, however, this
potential difference between the group and the individual is not the case. A
(well-functioning) roulette wheel has got the same probability of turning up
red regardless of who spins it. If participants recognised that difference, and
a tendency to overestimate one’s personal ability to sway the odds was more
prevalent amongst low experience participants than high experience partici-
pants, this could explain both the main effect and the interaction. This does
not seem unreasonable - one reason why we chose AMT jobs as the contextu-
alised option domain was that the believed capriciousness of AMT job posters
(e.g. Mclnnis et al., 2016) meant that we could credibly present the outcomes
as probabilistic in nature. It might take extensive experience with AMT jobs to
realise that there indeed exists some stochasticity that is beyond one’s control.

The high heterogeneity in reported preference strengths (Figure 4.2) sug-
gests that responses are not primarily determined by the experimental manip-
ulations, but there is also no consensus between participants on the (apparent)
relative subjective value of the options. Some participants always prefer the
safe option with utmost clarity, some always prefer the risky option with ut-
most clarity, and most are in between. DbS, and many other theories, could
in principle explain such results by reference to idiosyncrasies in participants’
learning histories. Yet, the heterogeneity in judgement and choice, rather than
the mean differences, should maybe receive particular attention in future work
(cf. Sundh et al., 2025).
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4.3 Study II

4.3.1 Background

In Study I, we had stuck to the two-alternative forced choice (2AFC) format
that had been employed in some of the perhaps most famous previous studies
on DbS (e.g. Stewart et al., 2015; Ungemach et al., 2011). As mentioned in
Section 3, Bird and Harris (2018) had also used a different format: an “invest-
ment mean variance measure” (see Appendix 3, Vlaev et al., 2009). See also
Vlaev et al. (2007a, 2007b). This was a list of hypothetical pension funds that
varied in their proportions of (more volatile) stocks and (less volatile) bonds,
thereby intended to disclose risk preferences. In their Experiments 1 and 2,
Bird and Harris (2018) hypothesised, and confirmed, that being exposed to
higher percentages of stocks in preceding options would cause an increase
in the average percentage of stocks in the option chosen from a subsequent
list. They interpreted this as consistent with DbS, Adaptation Level Theory
(Helson, 1947), and Range Frequency Theory (Parducci, 1965, 1995). More
generally, it supported “the proposition that prospects in the immediate choice
environment are evaluated relative to recently experienced samples.” In Study
II, we analysed the full series of experiments we had performed, including data
on choice in the “listwise” format from Bird and Harris (2018).

Study II provided tentative answers to the following questions. Firstly, to
what extent was the lack of effect of preceding options on two-alternative
forced choices (2AFCs) we observed in Study I a general phenomenon, rather
than being tightly connected to the precautions we took to target DbS specifi-
cally? Secondly, did it hold also in the listwise format? Thirdly, while we at
the time felt that separating participants based on how many AMT jobs they
had performed was fairly clever, it could be argued to reflect a fairly mild dif-
ference in expertise. Maybe we could observe the attenuation we had expected
if the level of expertise was just high enough? Lastly, as is often the case in
psychology, we had been and would be working with choice and judgement
data. Such data violate assumptions of regular ANOVA because the sample
space is discrete and bounded, rather than continuous and unbounded. There
exists a vast statistical literature that investigates when those violations will
matter (e.g. Knief & Forstmeier, 2021; Lumley et al., 2002; Schmidt & Finan,
2018; Yang et al., 2019). While such theoretical work is certainly important
for establishing consensus about best-practices, we saw Study II as an oppor-
tunity to avoid certain violations altogether by fitting Bayesian Generalised
Linear Mixed Models (GLMMs). These respect the binary and ordinal nature
of the dependent variables that we would be working with, making the most of
our data and showing whether the results in Study I were driven by our choice
of statistical model.
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4.3.2 General methods

We distinguished between “pairwise” and “listwise” choices. The former were
2AFCs, the latter were vertically arranged lists of options presented in random
order. See Figure 4.3. While the pairwise format had been used in previous
studies on Decision by Sampling (e.g. Stewart & Simpson, 2008; Stewart et
al., 2015; Ungemach et al., 2011), we had (at the time) only seen the listwise
format in Bird and Harris (2018). The experiments progressed as per Table
4.2. Phase 4 consisted of common pairwise test trials followed by a listwise
test trial. To facilitate communication, we designated a “target attribute value”
which was manipulated in the training phase and according to which we ranked
the options from lowest to highest. In Experiment 1 and 4, manipulating the
target attribute value also involved manipulating the other attribute value(s)
that defined the options. In Experiment 2 and 3, this was not the case. There,
we held the other attribute value (probability of receiving the target attribute
value) as good as and exactly constant, respectively, between conditions.

Bayesian generalised linear mixed models common to Experiment 1 to 4
We fit Bayesian logistic regression models to the pairwise choice data and
Bayesian ordinal logistic regressions to the listwise choice data. For the logis-
tic regression models, we included a participant-level random effect to account
for the fact that we have several pairwise test trials (repeated measures). We
also included item-level fixed effects. These accounted for the fact that each
test trial item is different to the others, a source of variation that should be
modelled.* We used recommended weakly informative priors (Vehtari, 2025).
We used sum coding rather than dummy coding. This allows us to interpret
the results as main and interaction effects, just like in an ANOVA. In addition
to these analyses, we performed (non-parametric) Mann-Whitney tests. These
generally aligned with the GLMMs and will not be further discussed here.

4.3.3 Experiment 1

Experiment 1 was an initial attempt at conceptual replication of Bird and Harris
(2018) within the same domain of expertise (investment decisions). Would we
be able to observe an effect of preceding options on subsequent choice in the
pairwise and listwise format, respectively? If so, would it be attenuated when
experts made decisions within their domain of expertise?

Methods

The experiment was a 2x2 between-groups factorial design with the factors
Training (low/high percentages of stocks) and Expertise (general population/banker).
We recruited 87 experts - mainly bankers - and 73 participants from a general

*While I will not present any formal robustness checks, these fixed effects did not matter for the
conclusions.
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Figure 4.3. Example of pairwise and listwise choices

Note. Panel A: Example of pairwise task from Experiment 1. Panel B: Example of
listwise task from Experiment 1. Note the typos: the average return of the fifth
option from above should be 296 500 rather than 196 500. The minimum return of
the final option from above should be 206 000 rather than 260 000. While these
typos did not change how the options ranked in terms of spread between the
minimum and maximum return, and while the proportions of stocks and preferred

stocks were correct, this is an inelegance of Study II. There were no typos in the
other experiments.
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population. The options were different hypothetic funds consisting of stocks
and preferred stocks, in proportions from 0% to 100% in 5% increments. Thus,
no option dominated another but participants faced a trade-off between higher
expected earnings and higher spread in earnings. We excluded the 50/50 op-
tion (half each of stocks and preferred stocks). This yielded 20 different op-
tions. Following Bird and Harris (2018), who in turn followed Vlaev et al.
(2009), the options were defined by their proportion stocks, proportion pre-
ferred stocks, minimum return, mean return, and maximum return. See Figure
4.3. To generate the options, we first recorded the (i) minimum, (ii) mean,
and (iii) maximum return of all stocks and (iv) average return of all preferred
stocks traded on the Nasdaqg OMX Stockholm exchange. Each option was then
characterised by a proportion of (risky) stocks v. (risk-free) preferred stocks.
The options’ stated minimum, mean, and maximum returns were calculated as
weighted averages between (i) and (iv), (ii) and (iv), and (iii) and (iv), respec-
tively, depending on the proportion of stocks. The options thereby consisted of
different trade-offs between potential return and variability in return. We told
participants that there was a probability greater than 99% that the return would
fall in between the minimum and maximum and that the options were based
on the Nasdaq OMX Stockholm exchange. We split this range of options into
a low and a high training phase option set, see Figure 4.3 for the distributions
and test stimuli.

Results

The distribution of training options one had experienced did not appear to have
any effect on subsequent choice in the pairwise format (Odds ratio: 0.97. 95%
credible interval: 0.69, 13.4). The experts tended to choose options with a
higher percentage of stocks (OR: 1.43. CI: 1.11, 1.86.). There was no evidence
of an interaction (OR: 1.12. CI: 0.81, 1.55). In the listwise format, preceding
options did seem to affect subsequent choice in the same direction as in Bird
and Harris (2018). Being exposed to high proportions of stocks in the training
phase seemed to cause participants to choose an option with a higher proportion
of stocks from the list (OR: 1.60. CI: 1.19, 2.16). There was no clear evidence
of the experts tending to select options with more stocks (OR: 1.29. CI: 0.97,
1.71). Interestingly, there was no particular evidence of the attenuation that we
had expected (OR: 1.11. CI: 0.84, 1.48).

Discussion

We succeeded in replicating Bird and Harris (2018): preceding options did
seem to affect listwise choice such that participants previously exposed to op-
tions with higher expected returns tended to select an option with a higher
expected return. However, we did not uncover a similar effect on pairwise
choices. We did not find any particular evidence for the effect, when it emerged,
being attenuated for experts making choices within their domain of expertise.
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Table 4.3. Stimuli for Experiment 1

Option Low High Listwise Pairwise
training training test option test option
values  values

0% stocks, 100% pref. 8

5% stocks, 95% pref. 8 Yes

10% stocks, 90% pref. 8

15% stocks, 85% pref. 8

20% stocks, 80% pref. 4 Yes

25% stocks, 75% pref. 4 Item 1

30% stocks, 70% pref. 4 Item 2

35% stocks, 65% pref. 2 Yes Item 1

40% stocks, 60% pref. 2 Item 2

45% stocks, 55% pref. 2

55% stocks, 45% pref. 2

60% stocks, 40% pref. 2 Item 3

65% stocks, 35% pref. 2 Yes Item 4 & Item 5

70% stocks, 30% pref. 4 Item 3

75% stocks, 25% pref. 4 Item 4

80% stocks, 20% pref. 4 Yes Item 5

85% stocks, 15% pref. 8

90% stocks, 10% pref. 8

95% stocks, 5% pref. 8 Yes

100% stocks, 0% pref. 8

Note. Number of times each option appeared in the training phase and whether the
option appeared in the listwise and pairwise test trials, by condition. “Preferred stocks”
is abbreviated “pref.” for legibility. Item number indicates which options were paired
to form a pairwise choice item.
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4.3.4 Experiment 2

Experiment 2 concerned the same research questions as Experiment 1. We
introduced certain methodological improvements that allowed a clearer inter-
pretation of any results in terms of attribute values being weighted relative to
their rank amongst recently experienced attribute values. Specifically, we lim-
ited ourselves to two different attributes, holding one of them constant while
manipulating the frequency but not the range of values of the other attribute.
To achieve this, we returned to an option domain which had been used in pre-
vious studies on DbS (e.g. Stewart & Simpson, 2008; Stewart et al., 2015;
Ungemach et al., 2011): monetary gambles. To investigate domain expertise,
we also presented numerically identical monetary gambles recontextualised as
prospective tasks on the crowdworking website on which we would recruit
participants (Amazon Mechanical Turk; AMT).

Methods

The experiment was a 2x2x2 between-groups factorial design with the factors
Training (Low/High values), Option domain (monetary gambles/AMT jobs),
and Experience (low/high experience of completing jobs on AMT). We re-
cruited 805 participants on AMT through two simultaneous data collections,
one only visible to AMT users whose accounts had completed more than 5
000 jobs on the website and one visible to accounts that had completed fewer
than 50 jobs. After the experiment, we asked participants how many jobs they
had performed on AMT during their lifetime to check that the participant was
truly experienced and had not, for example, borrowed someone else’s account
or registered a second one. If they self-reported having completed fewer than
1 000 AMT jobs/more than 100, we excluded them from the high/low experi-
ence condition, respectively. This yielded a final result of 352 high experience
participants and 309 low experience participants, for a total of 661 valid par-
ticipants.

In Experiment 1, we had manipulated the frequency of high and low attribute
values in the training sets, but also the range. We realised that this confounded
the interpretation of any effect of training. Remember, as far as DbS is con-
cerned, rank rather than range is all that matters. Therefore, in Experiment
2, we made sure all participants were exposed to all options in the training
set at least once (Table 4.4A). We also held probability near constant (Table
4.4B). The pairwise test stimuli were between (reward/probability of reward):
$2.35/97.5% or $3.40/80%; $5.45/97.5% or $7.50/80%; $6.45/97.5% or
$8.50,80%. After each test item, participants stated their strength of prefer-
ence for the chosen option on a half-range scale (N. Weber & Brewer, 2003).

Results

In the pairwise format, we found no clear evidence of effects of preceding
options on subsequent 2AFCs (OR: 0.97. CI: 0.69, 1.34). However, there
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Table 4.4. Stimuli for Experiment 2

A

Reward value

Low training values

High training values

Listwise test option

$0.30 30 1 $0.30 - 100%
$1.35 13 1 $1.35-97.5%
$2.35 9 1 $2.35-95%
$3.40 1 1 $3.40 - 92.5%
$4.40 1 1 $4.40 - 90%
$5.45 1 1 $5.45 - 87.5%
$6.45 1 9 $6.45 - 85%
$7.50 1 13 $7.50 - 82.5%
$8.50 1 30 $8.50 - 80%
B

Probability Low training values

High training values

80%
82.5%
85%
87.5%
90%
92.5%
95%
97.5%
100%

[o)}
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Note. Panel A: Number of times each reward value appeared in the training phase by
condition and the options that appeared in the listwise test phase. Panel B: The
number of times each probability appeared in the training phase by condition.
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appeared to be a floor effect: more than half of participants always selected
the 2AFC option with lower potential reward (and thus higher probability of
receiving the reward). We therefore focused on the strengths of preference
for the chosen pairwise options that participants reported after each choice.
These data did not suffer from any floor effect. There appeared to be an effect
of training on strength of preference, but only for the low experience group
when choosing between monetary gambles: in this subgroup, those who have
been exposed to high training values subsequently tended to report a higher
preference strength for the option with a higher potential reward (see Appendix
S4 in Study II).

In the listwise format, however, we did conceptually replicate the finding of
Experiment 1 and Bird and Harris (2018): there was evidence that participants
who had been exposed to high values in the training options tended to select
an option with a higher reward (OR: 1.26. CI: 1.09, 1.44). There was no clear
evidence of any other effects in this format.

Discussion

In the pairwise format, we again did not find the expected general effect of
preceding options. While the 2AFC data suffered from an unfortunate floor
effect, where participants tended to select the option with the highest prob-
ability of a payoff, the judged preference strengths for the 2AFCs revealed
an interaction. There appeared to be an effect of training values for one of
four subgroups (low experience participants for whom options were presented
as monetary gambles) on preference strengths. One could speculate why this
may be, but ultimately I have no sound theoretical argument on which to an-
chor such speculations. On the other hand, it is perhaps too convenient to just
chalk up any unexpected finding as a spurious result of multiple testing. Exper-
iment 3 would arbitrate on this matter by providing a replication with certain
methodological improvements.

In the listwise format in Experiment 2, we again found an effect of preceding
options: participants were more likely to select an option with a higher reward
from the list if they had been exposed to options with higher rewards. Contrary
to our expectations, there was again no evidence of an attenuating effect of
expertise.

4.3.5 Experiment 3

Experiment 3 investigated the same research questions and hypotheses as Ex-
periment 2. It used the same stimulus domains and participant pool, but shaped
up the limitations reported above. Fundamentally, it was an improved version
of Experiment 2 that had the potential to provide more clear-cut evidence in
favour of or against the DbS theory.
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Methods

Methods were as in Section 4.1 and Study I. The listwise test options were
$1.10/90%, $1.70/85%, $2.30/80%, $2.90/75%, $3.50/70%, $4.10/65%, and
$4.70/60%.

Results

The Bayesian logistic regression on the pairwise choices confirmed the results
of the Bayesian ANOVAs reported in Study I: there was no main effect of
training (OR: 0.99. CI: 0.86, 1.13). The only effects for which there was
clear evidence were those reported in Study I and apparent in Figure 4.2: a
main effect of option domain (OR: 2.26, CI: 1.96, 2.62) and its interaction
with experience (OR: 0.65. CI: 0.57, 0.75). The judged preference strengths
mirrored the results for the choices - the three-way interaction in Experiment
2 did not replicate in Experiment 3.

For the listwise choices, we found no clear evidence of any effects apart
from the interaction between experience and option domain (OR: 0.74. CIL:
0.65, 0.84), mirroring the same interaction in the pairwise format. That is, we
could not replicate the effect from Bird and Harris (2018) this time around.

Discussion

Firstly, we could confirm the stated results of Study I using a different, ar-
guably superior, analysis: there did not appear to be any effect of manipulating
the distribution of recently experienced attribute values on subsequent 2AFCs
or preference strengths. Secondly, we did not replicate the finding from Ex-
periment 2 that low experience participants’ judged preference strengths were
affected by training. This supports the notion that it was either a spurious
or not very robust finding, being sensitive to minor methodological changes.
Thirdly, the effect of training on subsequent choice in the listwise format that
we had observed in Experiment 1 and 2 was absent. There again seems to be
two possible explanations of this: sampling error or differences in design be-
tween the otherwise highly similar Experiments 2 and 3. Lastly, because we
did not observe any effect of training we could not tell if the attenuating effect
of expertise that we had hypothesised was there.

4.3.6 Experiment 4

Through connections, we had gained the opportunity to collect data with Kom-
munalekonomernas forening - the Swedish Association for Municipality Ac-
countants. We ran two simultaneous data collections where participants were
randomised to either Experiment 4 or a different branch with two shorter ex-
periments that fall outside the topic of this thesis.

We had so far uncovered two supposed insights. Firstly, it appeared possi-
ble to produce an effect of training in the listwise format, at least sometimes.
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Secondly, when it appeared, this effect seemed largely robust across differ-
ent demographic groups (that differed in expertise but of course also in other
ways). Experiment 4 was a return to the conceptual replication of Bird and
Harris (2018) in Experiment 1, but with an option domain tailored to relate to
the municipality accountants’ expertise. After discussions with our two con-
tact persons at the association, we concluded that budgeting was something all
or next to all municipality accountants would find themselves doing. In such
budgeting, an important step is to select an appropriate level of inflation ad-
justment - in essence, a percentage increase in some part or all of the budget to
account for rising costs. If the inflation adjustment ends up being lower than
the eventual inflation, we have a net decrease of the real amount budgeted. So,
participants had to express a kind of vicarious preference - choosing on behalf
of their municipality rather than themselves - for different levels of inflation
adjustment.

Our participants would have substantial - often decades-long - experience
of making such budgets. They would also have substantial knowledge about
the workings of their municipality and the specific conditions it faces. All
of this could be used to support their choice. Participants recruited from the
general population - or at least from a population with no particular experience
of working within a municipality - would instead have very little to fall back
on to support their choice.

Methods
The experiment was a 2x2 between-groups factorial design with the factors
Training (Low/High values) and Expertise (General population/Municipality
accountant). We only included a listwise format test item and no pairwise
format test items. We recruited 395 municipality accountants within the data
collection, 189 of which were randomised to Experiment 4 (rather than to the
other branch intended for a different study). These participants had a median
of 4 years of university or college education, with an interquartile range of 0.
150 of them worked in a municipality as a municipality accountant, 9 worked
as a municipality accountant in a region (a “secondary municipality” primarily
responsible for running health services), 22 worked in neither, 7 worked in
“other” and 1 person worked both in a municipality and a region. They had
been with their current employer for 5 years in the median (Q1: 3, Q3: 11).
After the e