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Abstract. Many social scientists have assumed that people’s preferences can be described
by stable and coherent “utility” functions. This notion of stable utility functions has been
challenged by cognitive psychologists who suggest that preferences are malleable and con-
structed in the moment, but neither camp has explained how the subjective valuations
underpinning preferences arise. One influential attempt to do so is the Decision by Sam-
pling (DbS) model, which suggests that a quantitative attribute’s (e.g., money sum'’s) sub-
jective value is its rank order in a momentarily activated memory sample. DbS thus
implies that manipulating the recently experienced attribute distribution should change
people’s subsequent valuations of that attribute: for example, from the typically assumed
concave shape of the utility function to a convex shape. However, recent studies have
pointed out methodological concerns in the evidence previously thought to support this
prediction (and thus, DbS). In this preregistered study, we replicate the previous paradigm
but address the methodological concerns to test if such a “rank-order” manipulation does
change valuations. We derive qualitative predictions from DbS to verify that our condi-
tions yield distinct predictions. We find strong evidence against the DbS’s prediction that a
“rank-order” manipulation changes what options the participants select and how strongly
they prefer the options. We also find extreme evidence in favor of a contextualization effect,
implying that people value formally identical gambles differently depending on whether
they cue a real-life setting or not. Although we encourage replication by independent labo-
ratories, these results suggest that the DbS is falsified for this binary choice task.
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1. Introduction

are unstable. These cognitive theories are not primarily

Traditional accounts based on the notion of “utility”
assume that my preferences—what I like—are based
on subjective values of the outcomes of various choices
given a priori (Bentham 1789, Fisher 1892, von Neu-
mann and Morgenstern 1944). These values are stable
and logically coherent, and making a choice consists of
identifying which option has the highest value (“utility
maximization”). Cognitive psychologists (Tversky
1975, Tversky and Kahneman 1992, Gigerenzer 2004,
Birnbaum and Martin 2012) criticize this account of the
decision-making process and argue that preferences

8218

accounts of the valuations of the attributes that options
consist of but of the operations performed on those
valuations to form preferences. In other words, they
explicate the reasons for the incoherence and instabil-
ity of preferences, but—just as with expected utility
theory—they typically offer no explanation of the per-
ceived value of the quantitative attributes themselves.
In a nutshell, what determines if a reward of $5 is per-
ceived as a small fortune or as pocket money or if a
probability of 50% of something is a “high” probability
or not?
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An attempt to explain where the valuations them-
selves come from (and in extension, the instability of
preferences) is the Decision by Sampling (DbS) model
(Stewart et al. 2006). The DbS model draws inspiration
from range-frequency theory (Parducci 1965), which
posits that valuations of a perceptual stimulus along
some dimension (e.g., the perceived intensity of a light
source) are determined by mentally partitioning the
range of recently observed values into equal-sized sub-
ranges (the range principle) but then adjusting the end
points of these subranges such that about equal propor-
tions of the recently observed values fall within each
(the frequency principle). Thus, valuations are per-
ceived on an ordinal scale determined by the range
and frequency of the absolute values of stimuli in the
immediate context. The DbS model is inspired by the
frequency principle but does not include the range prin-
ciple' of range-frequency theory, and it expands it to
new stimuli (e.g., money and probability) by claiming
that the subjective valuation of an option is based on
the rank order of the values of its attributes (e.g., the
reward and probability of winning in the case of gam-
bles) within a set of exemplar values sampled from
memory (Stewart et al. 2006). What exemplar values are
sampled depends on recent experience; stimuli imme-
diately preceding the choice can sway the decision
maker one way or the other. For example, if they have
been exposed to low-magnitude stimuli, low magni-
tudes are more likely to be sampled from memory, and
a target of moderate magnitude will have a greater sub-
jective value. Conversely, if exposed to high magni-
tudes, moderate targets will lose more comparisons
with sampled memories and have lower subjective
value (Stewart et al. 2015). Thus, the moderate target
will be valued higher in the first circumstance than in
the second. In this way, instability of preferences can be
explained as a result of the environment in opposition
to the previously mentioned (Tversky 1975, Tversky
and Kahneman 1992, Gigerenzer 2004, Birnbaum and
Martin 2012) “mentalistic” accounts that focus on the
information processing. We will refer to this manipula-
tion of subjective values by varying the preceding stim-
uli as the “rank-order effect.”

1.1. Evidence for the Rank-Order Effect

Research on the DbS model has taken several approaches.
One stream of evidence has focused on observational
data consistent with the DbS model (e.g., Stewart et al.
2006, Ungemach et al. 2011).> In another vein, Noguchi
and Stewart (2018) extended the DbS model with an
evidence accumulation mechanism and modified the
pairwise comparisons to be probabilistic rather than
deterministic. This version could explain multialterna-
tive choice data from an experiment on par with two pre-
vious theories (Roe et al. 2001, Trueblood et al. 2014).
Here, we will focus on research on a causal rank-order

effect because it is a key prediction of the theory. Canic
(2016) reports two unpublished experiments where there
appears to be’ a rank-order effect on “attractiveness
ratings” of single gambles on a seven-point Likert scale,
but previous work has discussed similar results in terms
of more superficial effects on the scale use (Parducci and
Perrett 1971) rather than the valuations of stimuli per se.
A number of experiments have instead used paradigms
where participants make a number of pairwise choices.
However, they have manipulated both rank and range
simultaneously, thus confounding any potential rank-
order effect. For example, participants in study 1b in
Ungemach et al. (2011) were exposed to either (i) the
prices £0.19 and £3.80 or (ii) the prices £0.74 and £1.07
before making a choice between a 55% chance of £0.50 or
a 15% chance of £1.50 (else £0). The prices in (ii) were in
between the amounts appearing in the test options, thus
increasing the relative rank of £1.50 vis-a-vis £0.50 in
the postulated memory sample (the rank-order effect),
whereas the prices in (i) were higher and lower than the
test option attribute values and thereby, not affecting
their relative ranks (no rank-order effect). However,
£1.50 also had a considerably higher position in the range
in (ii) than in (i). It is therefore not clear that the signifi-
cant effect of being exposed to (i) with range [£0.19,
£3.80] or (ii) with range [£0.74, £1.07] was caused by the
difference in the rank or by the different position in the
range in the latter context. Frydman and Jin (2021) find
results consistent with the DbS model in one range-
confounded experiment and one unconfounded experi-
ment, presenting their results as evidence for “efficient
coding” (Laughlin 1981) of symbolic, numeric informa-
tion too. Canic (2016) reports five unpublished range-
confounded pairwise choice experiments where the
results appear to be mixed; two of five 95% confidence
intervals on the odds ratio do not overlap zero. Lastly,
Canic (2016) does not find effects on positive affect for an
achieved reward under range-confounded designs.*

1.2. Three Methodological Concerns

Recent work has highlighted three other methodologi-
cal concerns regarding evidence for both the rank-
order effect and the DbS model in the context of binary
risky choice tasks. A first concern is that Walasek and
Stewart (2015, 2019) and Rakow et al. (2020) estimate
the effects of encountered stimulus magnitudes by fit-
ting computational models to the data and treating the
parameters as outcome variables. However, this work
was revisited by the same research group (Alempaki
et al. 2019, Stewart et al. 2020, Walasek and Stewart
2020) who showed that the parameters of several such
models, including prospect theory (Kahneman and
Tversky 1979), cannot be reliably recovered. They thus
repealed their previous conclusion that Stewart et al.
(2015) provided evidence for Decision by Sampling.”
More generally, “model misspecification” (fitting a
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model that does not match the “true” model that gener-
ated the data) biases the parameter estimates (Nassar
and Gold 2013). This issue may be alleviated by testing
statistics of the raw data (such as group mean differ-
ences). Similarly, we may visualize people’s prefer-
ences (e.g., Stewart et al. 2015) using statistics of the
data rather than fitted models.

A second concern is that some test stimuli in experi-
ments supporting the rank-order effect in binary risky
choice tasks (Walasek and Stewart 2015, Rakow et al.
2020)—even when unconfounded by range (Walasek
and Stewart 2019)—violate measurement invariance
(Meredith 1993), as highlighted by André and de Langhe
(2021b). Measurement invariance refers to having the
same dependent measurement(s) for all conditions. If
conditions are evaluated on different measurements, we
cannot tell if any group differences are because of the
experimental manipulation or differences between the
measurements. Although previous experiments vary in
their details, participants in one condition may, for
example, be tested on a stimulus set of predominantly
low magnitudes, whereas participants in another condi-
tion are tested on a different stimulus set of predomi-
nantly high magnitudes, with a smaller number of trials
being identical for both groups (“common gambles”).
Only the common gambles satisfy measurement invari-
ance why, to clearly see if an effect exists, we should
focus on those trials only.

A third concern is that the DbS model only predicts
that the rank-order effect should emerge after training.
Previous studies (Alempaki et al. 2019, André and de
Langhe 2021b) seek to address the first and second
challenges by picking out the common gambles from
data sets and analyzing them separately, finding null
or contrary results. Walasek et al. (2021) reanalyzed the
common gambles in Walasek and Stewart (2015) and
argued that the mean proportions of accepted/rejected
monetary gambles between conditions were qualita-
tively consistent with the DbS model. In contrast, André
and de Langhe (2021a) emphasized that a viable model
should be consistent with data patterns both across dif-
ferent conditions as well as within them. They argued
that in the same common gambles, the accept/reject
patterns within conditions were qualitatively inconsis-
tent with the DbS model. However, because the DbS
model’s proposition is that preferences are constructed
by sampling from recent experience, any effect on com-
mon gambles may be quite small (and thus, difficult to
detect) without sufficient training. One way to ensure
sufficient training is to present participants with a dedi-
cated training phase followed by a dedicated test phase.

In sum, one may perform a falsification test of the
DbS model that addresses these concerns by making
the following design choices: testing (i) group differ-
ences in summary statistics of (ii) common gambles
from (iii) a test phase preceded by a training phase.

Ideally, we would like to (iv) visualize any rank-order
effect by model-free plotting of how the preferences
differ between test choices. In the present preregistered
study, we perform such a test, fulfilling (i)—(iv) and
using a large (n = 1,000) sample. We extend previous
work by checking if any rank-order effect is attenuated
by contextualizing the choices as relating to a specific
everyday setting as opposed to decontextualized mon-
etary gambles. Our reasoning here is that the DbS mod-
el’s reliance on recently encountered stimuli might be a
“default” that the mind uses in unfamiliar settings that
provide insufficient cues to elicit a more informed strat-
egy. Over time, we might learn to use, for example, heur-
istics, declarative decision rules, or crystallized knowledge
from repeated experience of whether our decisions
turned out well. A more representative design (Bruns-
wik 1956), which contextualizes the choices, might elicit
the use of such learned tools, leading to more stable
preferences for individuals who have substantial expe-
rience of said context. In that case, the rank-order
effect, if it exists, might not generalize to all everyday
environments.

1.3. Purpose of This Experiment

The purpose is to present an experiment that addresses
the three methodological concerns above and is suffi-
cient to observe the rank-order effect if it exists. Doing
so would support the predictions of DbS, whereas not
doing so would support their rejection, at least for this
binary choice task. If a rank-order effect exists, we
expect it to be attenuated when the task is recontextua-
lized to cue participants” experience.

2. Method

2.1. Overview

A large sample of participants made a number of risky
choices between two options, each defined by a mone-
tary value and a probability of receiving that value
(e.g., “reward of $4.00 with 60% probability” versus
“reward of $3.20 with 77% probability”). The comple-
ment outcome was always to not receive any reward.
Participants first completed a training phase where the
monetary values of the risky choices were manipulated
between conditions; either the risky choices primarily
featured lower monetary values, or they primarily fea-
tured higher monetary values. They then quietly and
seamlessly proceeded to a test phase where all condi-
tions were presented with the same risky choices
(“common gambles”). In these trials, participants also
stated their relative preference strength for the option
they chose vis-a-vis the alternative. The task was pre-
sented as a choice between either monetary gambles or
prospective jobs on the crowd-working website that we
recruited participants from. This context was manipu-
lated between conditions. Participants were recruited
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from two demographics: one with little experience of
completing jobs on the crowd-working website and
another with substantial experience. Below, we provide
details of the method.

2.2. Transparency and Openness

The design, the hypotheses, and all analyses presented
below were preregistered at https://doi.org/10.17605/
OSF.IO/V5T98. Data were analyzed using JASP (JASP
Team 2022) and R version 4.1.1 (R Core Team 2021) with
the packages tidyverse (Wickham et al. 2019), readxl
(Wickham and Bryan 2019), and openxlsx (Walker and
Braglia 2017). All data, code, and research materials
are available at the Open Science Framework (OSF) and
can be accessed at https://doi.org/10.17605/OSF.I0/
T5XQ4. We report below how we determined our sam-
ple size, all data exclusions, all manipulations, and all
measures in the study. We preregistered the two alterna-
tive hypotheses articulated above—that finding an effect
would support the DbS model and that not finding an
effect would be inconsistent with the DbS model—and
the hypothesis that any rank-order effect will be atten-
uated when the risky choices are contextualized as
crowd-working jobs and participants have substantial
experience of such.

2.3. Participants and Exclusion Restrictions

We set out to recruit 1,000 participants on Amazon
Mechanical Turk (AMT) (Mason and Suri 2012), a
crowd-working platform previously used to investi-
gate the rank-order effect (Walasek and Stewart 2015).
Because we did not know what effect size to expect, we
selected a sample size that was substantially greater
than those of previous experiments (max n = 429)
(Walasek and Stewart 2015) and divisible by our num-
ber of conditions. The 1,000-participants stopping rule
was automated by AMT, which counted the number of
participants who accepted to participate and collected
their reward using a code provided at the end of the
experiment. Participants were recruited from two
demographics (low experience and high experience in
performing jobs on AMT) (see Section 2.5) by posting
two identical data collections, each visible to only one
of the groups. Twenty-one participants from the low-
experience demographic seem to have completed the
experiment without collecting their reward, and one
participant from the high-experience demographic pre-
sumably collected the reward fraudulently without
completing the experiment. This yielded a total of 1,020
valid participants. The exclusion restrictions for our
study were that a participant needed to be located in
the United States (as indicated by their internet proto-
col address), have an AMT job approval rating” of at
least 95% (to increase data quality) (Peer et al. 2014),
and have successfully completed either fewer than 50
jobs on AMT (low-experience demographic) or more

than 5,000 jobs on AMT (high-experience demographic)
as indicated by the participant’'s AMT user account’s tal-
lied completions. We terminated the participation of any
participant who failed an attention or sincerity check
(see Section 2.6) and blocked their re-entry using cookies.
Lastly, we excluded any participants who, when asked,
indicated that they had completed substantially more or
fewer AMT jobs, depending on demographic, than
required by our exclusion restriction. Such a discrepancy
could arise from individuals using someone else’s AMT
account or having set up several accounts. We set the
cut-off points to indicating that they had performed
more than 100 or fewer than 1,000 because we do not
expect individuals to have perfect recollection of how
many AMT jobs they have completed, particularly for
very large numbers. After applying this exclusion
restriction, we obtained 300 low-experience participants
and 428 high-experience participants for a final total of
728 participants. Participants were rewarded with $1.50
for an anticipated 10 minutes of work, which is above
the U.S. minimum hourly wage.

2.4. Stimuli

We selected stimuli such that we (i) hold the range of
presented monetary values and probabilities constant
between conditions (i.e., we isolate the rank-order
effect); (i) hold training phase probabilities constant
between conditions, only manipulating the monetary
values; (iii) minimize the impact of the training on the
valuation of the probabilities used in the test phase,
thus maximizing the impact of our manipulation of
monetary values; (iv) ensure that the qualitative pre-
dictions of DbS, given our stimuli, hold regardless of
whether valuations of monetary values and probabili-
ties are integrated using addition, averaging, or multi-
plication; and (v) ensure that the predictions hold
regardless of whether participants encode the distribu-
tion of stimulus magnitudes (as in the DbS model) or
only the frequencies of unique stimuli. Because one of
our manipulations involved presenting the task as
choosing between prospective AMT jobs, we (vi) tried
to ensure that the ranges of monetary values and prob-
abilities were representative of that context.

We verified that the resulting training and test trials
yield distinct qualitative predictions by the DbS model
for the low and high training conditions (see Section
2.5) using a simulation. Specifically, the low-training
values conditions should tend to select the risky
options more often and have higher mean relative pref-
erence strength for the risky options compared with
the high training conditions. Graphs of cumulated rela-
tive preference strength should tend toward concave
for low training and convex for high training (Figure 1
in Online Appendix A). See Online Appendix A for
details on the procedure for stimulus selection and
the simulation.
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2.5. Design

The experiment was a 2 X 2 X 2 between-subjects facto-
rial design with the variables Training (low values/high
values), Context (gambles/AMT jobs), and Experience
(low experience/high experience). Only the first two
were manipulated, whereas the third was demographic.
Training consisted of a training phase with stimuli of
either mostly low or mostly high monetary values (see
Figure 1). Context consisted of presenting the task as a
choice between either monetary gambles or what AMT
job the participant would prefer to perform.

In the gambles context, options were specified by
their potential monetary outcomes (in dollars) and the
probability of that outcome. In the AMT context, options
were specified by their potential monetary reward for
completing the job (in dollars) and the percentage of
completed instances of that job which were accepted by
the “requester” (approval rates) (see Figure 2). On AMT,

“requesters” can list jobs for users to perform and can
choose if they pay (“approve”) the user after the job is
completed. Whether a job will be approved or not is
often experienced as nontransparent by users (Mclnnis
et al. 2016), making it appear stochastic. We specified in
the instructions that the options were based on real-
world AMT jobs of about 10 minutes and that the
approval rates that we presented had been cleared from
all predictable sources of nonapproval (such as the job
not being fully completed). This way, we stated to
the participants, the supplied approval rate could be
thought of as the probability of a correctly completed
job being approved. The complementary outcome of
every option across conditions was receiving nothing,
which was specified in the instructions. Participants
were divided into a low-experience sample and a high-
experience sample by publishing two data collections
on AMT: one that could only be accessed by accounts

Figure 1. Monetary Values in the Training Phase and Test Phase Options

(a)
50
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01 HHHHHHH A 4
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(b)
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$1.1 $1.7 $2.3 $29 $35 $4.1 $4.7

t
Monetary values, high conditions

Safe option  Risky option
Testtrial1  $1.1 x 100%  $1.7 X 90%
Testtrial2  $1.7 X 100%  $2.3 x 90%
Testtrial3  $2.3 x 100%  $2.9 x 90%
Test trial4  $2.9 x 100%  $3.5 X 90%
Test trial 5 $3.5x 100%  $4.1 X 90%
Test trial 6  $4.1 X 100%  $4.7 X 90%

Notes. (a) Monetary values used to generate the training stimuli for the low conditions. (b) Monetary values used to generate the training stimuli
for the high conditions. Vertical bars on the horizontal axes indicate unique values. Every unique value was presented four times. Thus, the
manipulation holds both if we assume frequency encoding (as in DbS) or if we assume that only unique occurrences are encoded. (c) Options of

the test phase choices. These were common to all conditions.
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Figure 2. (Color online) Cartoons of Experiment Task

(a)
Which HIT would you prefer to perform?

Option 1
Reward: $2.90
Approval rate: 100%

Option 2
Reward: $3.50
Approval rate: 90%

(b)

In the previous question, you selected Option 1.

How much do you prefer this option
over the alternative you did not select?

50% (Completely
indifferent)

100% (Perfectly
clear preference)

60% ‘ T0% ’ 80% | 90%

Notes. (a) Realistic cartoon of test trial with AMT jobs context prior to
selecting an alternative. The training phase trials were visually identical. (b)
Realistic cartoon of test trial after an option has been selected. A prefer-
ence judgement is queried using a half-range scale. The selected option
is colored green, and the other option is colored red. The training phase
did not include any preference judgements. We use cartoons instead
of a print screen picture to increase readability. “HIT” (Human Intelli-
gence Task) is what AMT jobs are called on the crowd-working website.

that had completed fewer than 50 accepted jobs on
AMT and one that could only be accessed by accounts
that had completed more than 5,000 accepted jobs. The
dependent variables of interest were (1) the proportion
of risky options chosen and (2) the average preference
strengths for the risky relative to the safe option.

2.6. Procedure

Before starting the experiment, the participants had to
indicate their informed consent. The participants then

Table 1. Descriptive Statistics by Condition

received written instructions, where we also thanked
them to increase completion rates (Berinsky et al. 2016),
and they were shown an example trial. The instructions
and example were adapted depending on context
(see https://doi.org/10.17605/OSF.1I0/T5X(Q4). We then
presented a “screener question” (Berinsky et al. 2016) to
check that participants were reading the instructions sin-
cerely. They then carried out the training phase of 60
trials before seamlessly moving on to the test phase of 6
trials.” After each test phase trial, the selected (nonse-
lected) option was colored green (red), and the partici-
pants got to indicate their strength of preference for the
chosen option on a six-point half-range scale from “50%,
completely indifferent” to “100%, perfectly clear pre-
ference.” They were then asked two questions related to
a different study before being moved to a demographics
phase. It contained two attention/sincerity checks: what
number the participants would call if they had an emer-
gency (to check that they were in the United States)
(Agley et al. 2022) and their age and year of birth (not
asked consecutively). If their age and year of birth did
not match, they were concluded to be insincere. This sec-
tion also contained questions about their gender and
how many jobs they had performed on AMT through-
out their life (which was used to exclude participants
of an inappropriate experience level; see above). The
median completion time was 10.4 minutes (interquartile
range = 5.2).

2.7. Analyses

The effects of Training, Context, and Experience on the cho-
sen option and the preference strength were estimated
using three-way Bayesian analyses of variance (BANO-
VAs) with default JASP priors.8 As mentioned, previous

Training Context Experience Mean Mean by training SD 95% Credible interval
Proportion of risky options selected
High AMT jobs High 0.451 0.442 0.443 0.365-0.538
Low 0.594 0.411 0.496-0.693
Gambles High 0.457 0.407 0.377-0.537
Low 0.278 0.374 0.195-0.362
Low AMT jobs High 0.500 0.452 0.424 0.417-0.583
Low 0.639 0.392 0.550-0.728
Gambles High 0.391 0.377 0.323-0.458
Low 0.296 0.367 0.211-0.380
Strength of preference for risky options
High AMT jobs High 42.006 42.590 36.222 34.927-49.086
Low 54.976 32.689 47.123-62.829
Gambles High 45.132 34.027 38.415-51.849
Low 29.283 33.163 21.855-36.711
Low AMT jobs High 48.186 43.373 33.108 41.683-54.689
Low 60.065 33.432 52.477-67.653
Gambles High 37.240 29.391 31.972-42.509
Low 29.667 32.504 22.188-37.145

Notes. Descriptive statistics for each condition by dependent measure are shown. Mean by training is the marginal mean
proportion and strength of preference, respectively, for high and low training conditions. SD, standard deviation.
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Table 2. Bayesian Three-Way ANOVAs on the Two Dependent Measures

Independent variable P(incl) P(excl) P(incl | data) P(excl | data) Incl. BF Partial 12

Proportion of risky options selected
Training 0.263 0.263 0.073 0.892 0.082 <0.001
Context 0.263 0.263 0.005 1.832e-8 287,899.499 0.052
Training X Context 0.263 0.263 0.023 0.084 0.270 0.002
Experience 0.263 0.263 3.923e-4 0.005 0.079 <0.001
Training X Experience 0.263 0.263 0.014 0.092 0.156 <0.001
Context X Experience 0.263 0.263 0.994 3.981e-4 2,497.010 0.028
Training X Context X Experience 0.053 0.053 5221 e-4 0.003 0.177 <0.001

Strength of preference for risky options
Training 0.263 0.263 0.067 0.845 0.079 <0.001
Context 0.263 0.263 0.002 4.201e-9 448,009.512 0.054
Training x Context 0.263 0.263 0.074 0.077 0.956 0.005
Experience 0.263 0.263 1.796 e-4 0.002 0.099 <0.001
Training X Experience 0.263 0.263 0.020 0.131 0.152 <0.001
Context x Experience 0.263 0.263 0.995 1.828 e-4 5,441.252 0.032
Training X Context X Experience 0.053 0.053 0.003 0.009 0.363 0.001

Notes. “Incl. BF” is an abbreviation for inclusion Bayes factor. The inclusion Bayes factor compares models that contain the independent variable
with equivalent models stripped of the independent variable. It is thus the relative evidence for including the measure in the final model
compared with not including it. An inclusion Bayes factor smaller than one indicates evidence against an effect of the variable, and values
greater than one indicate evidence in favor of an effect of the variable. An inclusion Bayes factor close to one indicates inconclusive evidence.
Higher-order interactions are excluded. This analysis was suggested by Sebastiaan Mathdt. Partial 7> cannot be calculated for the Bayesian
model that we implement in JASP. We, therefore, calculate them separately using type III sum of squares on a frequentist ANOVA model (see
the materials in the OSF repository at https://doi.org/10.17605/OSF.I0/T5XQ4). Inclusion of an effect size measure was suggested by a
reviewer and was thus not preregistered. That the Bayes factors in our analyses typically deviate substantially from one, even in cases where the
effect size is small, suggests a high statistical sensitivity to detect possible effects.

studies (e.g., Stewart et al. 2015) have also visualized the
effects by showing how the value functions estimated
by their models change shape between conditions. We
want to do this too but in an as assumption-free way as
possible, without relying on computational models with
unrecoverable parameters (Alempaki et al. 2019, Stewart
et al. 2020, Walasek and Stewart 2020) or model misspeci-
fication bias (Nassar and Gold 2013).

After each test choice, we collected assessments of
the relative strength of the preference for the chosen

option vis-a-vis the alternative from “50%, completely
indifferent” to “100%, perfectly clear preference” (see
panel (b) of Figure 2). We shifted these scores such that
a perfect preference for the safer option is 0 and a per-
fect preference for the riskier option is 100. In what fol-
lows, the preference scores thus measure preference
for the risky option. We then plot these scores for each
test choice by participant so that we get individual-
level graphs of the empirical relative preferences (anal-
ogous to the simulated relative valuations in Figure 1

Figure 3. Effects of Context and Experience

(a) (b)
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Notes. Means and 95% credible intervals (indicated by whiskers) are shown for the contrasts for which there is evidence in favor of an effect.
(a) Proportion of risky options selected. (b) Mean strength of the preference for the risky options.
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Figure 4. (Color online) Relative Preference for the Risky Option for All Test Trials by Participant and Condition
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Notes. Graphs of cumulated relative preference for the risky option across test trials are shown. We rescaled the preference judgements (panel
(b) of Figure 2) to [0, 100] such that 0 corresponds to a perfectly clear preference for the safe option and 100 corresponds to a perfectly clear prefer-
ence for the risky option. The graphs display these rescaled judgements cumulated over the six test trials. Six hundred thus corresponds to a per-
fectly clear preference for the risky option in every test trial. Zero corresponds to a perfectly clear preference for the safe option in every test trial.
As per our preregistration, we display both individual- and group-level data. Thin colored lines are individual participants, with color by condi-
tion. Thick black lines are mean relative preference, with line type by condition. See Online Appendix A for details. The only clear difference in
the graphs between conditions is that for low-experience participants (in panel (a)), the AMT context conditions (asterisks and triangles) have
stronger preferences for the risky options than gambles context conditions (circles and squares).

in Online Appendix A). We repeat this for average pre-
ferences by condition. These graphs are analogous to
the value functions presented in previous studies.

3. Results

See Table 1 for descriptive statistics. As per our preregis-
tration, we present three-way Bayesian ANOVAs on our
two dependent measures: (i) the proportion of risky

options selected and (ii) the strength of preference for
the risky option. Contrary to the predictions of the
Decision by Sampling model, we find strong evidence
against a main effect of Training; participants who were
exposed to “low” and “high” values in the training phase
were equally likely to select risky options (Inclusion Bayes
factor (BF) =0.082) and had equally strong preferences
for the risky options (Inclusion BF = 0.079) (see Table 2).
We also find moderate evidence against all interactions
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between Training and the other variables for selected
options (Inclusion BF =[0.156, 0.270]). For preference
strengths, there is moderate evidence against an interac-
tion of Training and Experience (Inclusion BF = 0.152)
and the three-way interaction (Inclusion BF = 0.363), but
there is inconclusive evidence (Inclusion BF =0.956)
against an interaction between Training and Context. In
other words, being exposed to “low” or “high” values
affects neither choice nor strength of preferences for the
risky options. Our most important result is thus that
there does not seem to exist any rank-order effect in this
task. As a consequence, we are unable to confirm our
second preregistered hypothesis that high experience of
the AMT jobs context attenuates it. We also find strong
evidence against a main effect of Experience on both
selected option (Inclusion BF = 0.079) and preference for
the risky option (Inclusion BF = 0.099), indicating that
neither demographic group is more likely overall to
select the risky options or have stronger preferences for
them. We do, however, observe extreme evidence in
favor of a main effect of Context (Inclusion BF > 287,000
and 448,000) and an interaction between Context and
Experience (Inclusion BF > 2,400 and 5,400) on both
dependent measures. These effects are such that partici-
pants are overall slightly more likely to select and have
slightly stronger preferences for risky options when
they are contextualized as AMT jobs, but this is particu-
larly the case for participants with low experience of
performing such jobs (see Figure 3). In Online Appendix
B, we show that these results are robust to other priors
than those we preregistered.

When plotting the empirical relative preferences
(Figure 4), all average preferences seem almost linear.
We see that there is substantial individual variability
(Figure 4, colored lines). These graphs indicate that the
rank-order manipulation does not appear to “change
their shapes” (Stewart et al. 2015).” All in all, in light of
the BANOV As and Figure 4, the only substantial effect
in these data is an interaction between Context and
Experience. Context has a very limited effect for partici-
pants with high experience of performing jobs on Ama-
zon Mechanical Turk but a larger effect for participants
with low experience of performing jobs on Amazon
Mechanical Turk. Low-experience participants select
and have a stronger preference for the risky option
more often when the options are framed as AMT jobs
rather than monetary gambles.

4. Conclusions

In this preregistered study, we have attempted to allevi-
ate three methodological concerns about previous stud-
ies; we (i) evaluate the effects of our independent
variables using group differences in summary statistics,
(ii) use test items that are common across conditions,
and (iii) enforce a dedicated training phase followed by

a dedicated test phase. We have controlled for range of
stimuli, thus isolating any rank-order effect. An effect
was predicted regardless of whether valuations of mon-
etary values and probabilities are integrated additively,
by averaging, or multiplicatively and whether partici-
pants encode each observed stimulus (as in the DbS
model) or only each unique stimulus value. Doing so,
we find consistent evidence against the Decision by
Sampling model’s prediction of a rank-order effect for a
binary choice decision-making task. These results are
robust to swapping our preregistered priors for extreme
effect size priors. If our findings can be replicated by
independent laboratories, the main conclusion is that
the Decision by Sampling model and the rank-order
effect have been falsified, at least for this binary choice
task. Because we did not identify a rank-order effect in
the first place, we also failed to confirm our second pre-
registered hypothesis: that any rank-order effect would
be attenuated for high-experience participants when the
risky choices are contextualized as crowd-working jobs.

The high heterogeneity in judgements (Figure 4, col-
ored lines) might invite the concern that the study is
underpowered. However, unlike p-values, Bayes fac-
tors allow one to assess the evidence in favor of the null
hypothesis. The fact that we find evidence against an
effect (and not merely inconclusive Bayes factors close
to one) indicates that the null result was not because of
insufficient power. Our simulation suggests that there
should be larger differences in subjective preference for
some of our test items than for others (Figure 1 in
Online Appendix A). One might, therefore, be worried
that the statistical tests that we preregistered, which are
based on mean differences across all items, will fail to
indicate support for a rank-order effect if it only existed
for specific items. However, as is visible from the
almost linear cumulated relative preferences (Figure 4),
the difference in mean preference strength is highly
similar between groups for all items. Thus, there does
not appear to be any tendency toward a rank-order
effect even if you single out the items where the Deci-
sion by Sampling model predicts the largest difference.

We find extreme evidence in support of an effect
of Context. Specifically, participants preferred the risky
option more when it was framed as a prospective job on
Amazon Mechanical Turk as opposed to a monetary
gamble. This effect was much greater for low-experience
participants compared with high-experience participants.

One potential explanation of this is that valuations
are indeed based on memory sampling but that the
exemplars are drawn from long-term memory only
(thus, not producing any rank-order effect) and that
cueing some context primes (e.g., Schacter 1987, Janis-
zewski and Wyer 2014) retrieval of related memory
samples: a special case of the anchoring-as-activation
effect (Chapman and Johnson 1999). This should
be possible to model within existing sampling-based
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theories (e.g., Sanborn et al. 2021) by presuming that
the semantic information sets the starting position of
the sampling “walk.” It is not clear to us why such a
semantic priming effect would be so greatly exacer-
bated by low experience (Figure 3 and panel (a) of
Figure 4) (we would think that it should be exacerbated
by high experience because of experienced individuals
having more finely branched memory networks). It is
an open question if that fact could be explained within
a sampling model. If it can, the Decision by Sampling
model’s most radical suggestion—that preferences are
ultimately created by the stimuli that we are exposed
to in our environment—could be consistent with what
we present here. If replications of the present work ver-
ify that the rank-order effect does not exist, however,
preferences are clearly more stable than suggested by
the Decision by Sampling model.

An opposing potential explanation is that the context
affected the subjective interpretation of the stated prob-
abilities (see Teigen and Brun 1995, 1999, 2003). The
instructions emphasized that the approval rates pro-
vided under the AMT jobs context were calculated
based only on rejections because of unpredictable rea-
sons and thus, from the perspective of the AMT user,
represented stochastic probabilities of being paid. In
real life, AMT users can influence their probability of
being paid: for example, by performing the job very
carefully or contacting the person listing the job to talk
them into overturning the rejection. Our participants
might be aware of this and adjust their perceptions
accordingly, which would explain the (slight) main
effect of context. Such an “illusion of control” (Langer
1975) would mean that the subjective probabilities that
participants acted on when selecting between AMT
jobs were higher than the stated probabilities, making
the risky options more attractive. This “illusion” might
decrease with experience as the individual learns that
there exists some stochasticity that they truly cannot
affect.

Finally, a reviewer suggested that it could be that
there existed a rank-order effect that only persisted on
the first trial in the test phase. The argument is that the
attribute values from the common test items may dis-
place those from the training phase, and so, any rank-
order effect should be washed away on all but the
first test trial. This is not possible to test in the present
data because we did not record the (randomized)
order of presentation for the test items. A systematic
replication could do so by presenting a single training
trial followed by a single test trial and repeating this
procedure for many trials. Here, we note some impli-
cations for the DbS theory of assuming that attribute
values are displaced from the memory sample after a
single trial.

The more restrictions we place on which recent
experiences that can influence subjective valuations,

the more fleeting and capricious any rank-order effect
would be. This (potential) effect would be possible to
eliminate by exposing a participant to a single item
irrelevant to the target choice, distracting them for a
moment (see Canic 2016, pp. 66-73), or introducing
more than two test options on the same trial (e.g., Bird
and Harris 2018) such that their attribute values dis-
place even the immediately preceding item. In sum,
this version of a DbS theory would suggest that peo-
ple’s subjective valuations are only swayed by recent
experiences under very specific conditions and that the
rank-order effect is a possible but unlikely occurrence
in everyday life.
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Endnotes

" See Brown and Walasek (2023) for a discussion and argument as
to why.

2But, see Matthews (2012) for failed conceptual replications of
study 3 in Ungemach et al. (2011).

3 No hypothesis tests are reported for the experiments in Canic
(2016) reviewed here, so our interpretations are based on observing
the 95% confidence intervals.

4 To preview, the present experiment will be unconfounded by range
differences. However, we realized in hindsight that there were slight
differences in the minimum ($1.1 versus $1.4) and maximum ($5.0
versus $5.3) of the training values. This does not affect our ability to
test the DbS model—it predicts an effect regardless—but we note it
here for transparency.

®See also André and de Langhe (2021b) for evidence that the
model-based results in Walasek and Stewart (2015) are not
uniquely predicted by the DbS and fail “placebo analyses” (Athey
and Imbens 2017).

61f an AMT job has not been completed in a satisfactory way,
the so-called “requester” who posted the job to AMT may reject
the submission, thereby refusing to pay the participant and repost-
ing the job to AMT for someone else to complete. If a job is not
rejected, it is approved, and the participant is paid. A high approval
rating (i.e., percentage of completed jobs subsequently approved)
thus implies that the participant tends to complete jobs in a satisfac-
tory way.

7 Previous studies (Stewart et al. 2015, Walasek and Stewart 2015,
Rakow et al. 2020) have used 64 trials or more. Because we are wor-
ried about participant fatigue, we did not greatly exceed this lower
bound.

8 The default model prior is a uniform distribution. The effect size
prior (specified in the unit distance from grand mean divided by the
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pooled standard deviation) is N(0, g), where g ~ Inverse x(1,h?). The
default /1 (called “r scale” in the JASP interface) is 0.5. The effect size
prior thus ranges from zero to co but with the bulk of its density col-
lected close to zero. See Rouder et al. (2017) for details.

9 Again, please note that the original evidence for that claim has
been reconsidered in later work by the same research group (Alem-
paki et al. 2019, Stewart et al. 2020).
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