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Abstract

Context effects occur when the preference between two alternatives is affected by the presence of an extra
alternative. These effects are some of the most well studied phenomena in multi-alternative, multi-attribute decision
making. Recent research in this area has revealed an intriguing pattern of results. On the one hand, these effects
are robust and ubiquitous. That is, they have been demonstrated in many domains and different choice settings.
On the other hand, they are fragile and they disappear or even reverse under different conditions. This pattern of
results has spurred debate and speculation about the cognitive mechanisms that drive these choices. The attraction
effect, where the preference for an option increases in the presence of a dominated decoy, has generated the most
controversy. In this registered report, we systematically vary factors that are known to be associated with the
attraction effect to build a solid foundation of empirical results to aid future theory development. We find a robust
attraction effect across the different conditions. The strength of this effect is modulated by the display order (e.g.,
decoy top, target middle, competitor bottom) and mode (numeric vs. graphical) but not display layout (by-attribute
vs. by-alternative).

1. Introduction

Decades of research in psychology, economics, marketing, and neuroscience have been dedicated to
understanding context effects in multi-alternative, multi-attribute choice. The overwhelming majority
of this work has focused on three specific context effects—the attraction (Huber et al., 1982), similarity
(Tversky, 1972), and compromise (Simonson, 1989) effects. These effects occur when choices between
two alternatives can vary based on the presence of a third alternative. The three effects are important
because they violate the principles of classic economic theories of choice including simple scalability,
independence of irrelevant alternatives, and regularity (Roe et al., 2001). Hence, these effects cannot
be explained by standard normative models of utility where every option is evaluated independently of
each other (but see Farmer et al., 2017; Howes et al., 2016; Kruis et al., 2020 for rational explanations
of context effects). Therefore, researchers have looked for psychological explanations for these effects.
See Busemeyer et al. (2019); Trueblood (2022); Wollschlaeger and Diederich (2020) for a review of
recent findings and computational models.
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Research investigating context effects has revealed an intriguing pattern of results (Evans et al.,
2021b; Spektor et al., 2021; Trueblood et al., 2015). On the one hand, context effects, and in particular
the attraction effect, seem to be robust and ubiquitous. That is, they occur across a broad variety of
different domains, including perception (Trueblood, 2015; Trueblood et al., 2013, 2015), risky decision
making (Farmer et al., 2017), inference (Choplin and Hummel, 2005; Trueblood, 2012), motor-planning
decisions (Farmer et al., 2017), and consumer choice (Dhar et al., 2000; Huber et al., 1982; Mishra
et al., 1993; Noguchi and Stewart, 2014; Ratneshwar et al., 1987; Sen, 1998; Wedell and Pettibone,
1996). In addition, research in developmental psychology and behavioral ecology has shown that the
attraction effect occurs in children (Zhen and Yu, 2016), monkeys (Parrish et al., 2015), cats (Scarpi,
2011), hummingbirds (Bateson et al., 2003), frogs (Lea and Ryan, 2015), honeybees (Shafir et al., 2002)
and even slime molds (Latty and Beekman, 2011). Thus, there is a sense that contextual sensitivity is a
universal property of multi-alternative choice behavior. On the other hand, these effects are also fragile,
in that they may disappear or even reverse under certain conditions. The pattern of findings where
context effects appear, vanish or reverse has sparked a lively debate about the underlying mechanisms
responsible for multi-alternative, multi-attribute decision-making (see Cataldo and Cohen, 2019, 2021a;
Frederick et al., 2014; Huber et al., 2014; Spektor et al., 2018, 2022; Trendl et al., 2021; Trueblood
et al., 2015; Tsetsos et al., 2015; Yang and Lynn, 2014 for examples). Hence, understanding both the
presence and absence of these effects is crucial to theory development.

Of the three effects, the attraction effect also known as the asymmetrically dominated alternative
effect or the decoy effect (Huber and Puto, 1983; Huber et al., 1982; Simonson, 1989) has received
the most attention. In the attraction effect, when choosing between two alternatives—a target and a
competitor, the presence of a third decoy alternative that is similar but inferior to the target increases
the choices of the target option. The attraction effect has been important both theoretically (Dhar and
Glazer, 1996; Huber et al., 1982) as well as in applied settings, such as policy issues (Herne, 1997,
Stoffel et al., 2019) and understanding gender bias in hiring decisions (Keck and Tang, 2020).

Recent research investigating the attraction effect has revealed an interesting pattern of findings
with it appearing, disappearing or reversing under different conditions based on the way information
is displayed (Cataldo and Cohen, 2019, 202 1a; Frederick et al., 2014; Spektor et al., 2022; Trueblood
etal., 2015; Yang and Lynn, 2014). These findings indicate that the way information is displayed, such
as the mode of presentation (e.g., numeric vs. visual, Frederick et al., 2014; Trendl et al., 2021; Yang
and Lynn, 2014), presentation order (Evans et al., 2021b), and presentation format (Cataldo and Cohen,
2019; Chang and Liu, 2008), influences the presence of the attraction effect.

Understanding the appearance and disappearance of the attraction effect can aid theory development
and ultimately shed light on the processes that govern multi-alternative, multi-attribute choice behavior.
For example, Trueblood et al. (2015) and Berkowitsch et al. (2014) showed that the compromise and
attraction effects often co-occur while the similarity effect is negatively related to them. This pattern of
correlations is now a benchmark for theories of context effects. Going forward, findings in Cataldo and
Cohen (2019) and Evans et al. (2021b) showing that the attraction effect depends on presentation layout
and presentation order of the options might also become benchmarks for theories of context effects.
However, more empirical work is needed to establish these and other moderators of the attraction effect
before they are adopted as modeling benchmarks. The present work aims to accomplish this goal.

Current models of multi-alternative, multi-attribute decision-making do not make predictions about
the dependence of context effects on presentation formats (Bhatia, 2013; Busemeyer et al., 2019;
Noguchi and Stewart, 2018; Roe et al., 2001; Trueblood, 2022; Trueblood et al., 2014; Turner et al.,
2018; Usher and McClelland, 2004). These models use attribute values as inputs and describe how
these values are transformed and compared to each other over time to produce a choice. They do not
explain how the presentation format might affect these mechanisms.

For example, one leading model of context effects is the Multiattribute Linear Ballistic Accumulator
(MLBA) (Evans et al., 2019; Trueblood et al., 2014; Turner et al., 2018). According to the MLBA,
preference for an option is calculated as a weighted sum of pairwise comparisons between that option
and the other options in the choice set. The weights (serving as a proxy for attention) on each pairwise
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comparison are related to the similarity of the attributes being compared, with more weight placed on
options with similar attributes. When a decoy option that is similar but inferior to the target is introduced
in the choice set, more weight is placed on that difference. Thus, comparisons of the target and decoy
(which are favorable to the target) are weighted more when calculating preference. This leads to the
target being chosen more often, resulting in the attraction effect (Trueblood et al., 2014). This model
could be extended in various ways to explain the impact of presentation formats on context effects. For
example, Evans et al. (2021b) extended the MLBA to explain how the temporal presentation of options
influences the attraction effect. With regard to spatial order, the attention paid during a comparison
might also be a function of the spatial proximity of different alternatives, where alternative pairs that
are spatially close to each other receive more attention. However, in its original form, the MLBA makes
no predictions about how attention might depend on the way the information is presented.

To understand the complex dependence of context effects on presentation formats, theorists will
have to elaborate on the processes that convert information from the external displays to internal
representations (Spektor et al., 2021). One might for example theorize about attentional processes that
select information from external displays. These attention processes have been identified to play a
central role in decision making (Krajbich, 2019; Krajbich et al., 2010; Noguchi and Stewart, 2018)
and multi-alternative, multi-attribute choice (Trueblood, 2022). This may result in modifying a model,
as described above in the case of the MLBA, where alternative pairs are selected based on their
spatial proximity and other visual factors. Eye tracking studies have suggested that the processes
that select information from external displays are important and of theoretical interest since they are
interwoven with decision-making processes such as comparison and evidence accumulation (Krajbich,
2019; Krajbich et al., 2010; Noguchi and Stewart, 2014, 2018).

Theory building requires one to have a robust set of empirical findings that lays the groundwork
for model development. As we shall see in the following section, existing literature reports conflicting
empirical results regarding the impact of presentation format on the attraction effect. Past studies have
also used a wide range of tasks and stimuli. For example, some studies have focused on perceptual
decision making (Evans et al., 202 1b; Spektor et al., 2018, 2022; Trueblood et al., 2013) as compared
to preferential choice (Cataldo and Cohen, 2019, 2021b; Frederick et al., 2014). Further, some studies
have shown that the attraction effect fails to replicate in certain situations (Frederick et al., 2014; Xiao
et al., 2020). This paper builds on recent studies examining the dependence of multiattribute choice
on presentation format and provides a comprehensive account of how presentation mode, layout, and
order impact the attraction effect, providing rich empirical results for future theory development.

1.1. Presentation format factors

In this section, we review the different presentation factors that are known to affect the attraction effect.
We have identified three important factors that are thought to affect the attraction effect—mode of
presentation, presentation layout, and presentation order.

1.1.1. Mode of presentation

Frederick et al. (2014) argued that the attraction effect only occurs for numerically presented stimuli.
They showed that most of the previous experiments demonstrating the attraction effect used information
presented in a numerical format. They found that the attraction effect failed to generalize to naturalistic
stimuli that did not use numbers. For example, in one scenario, they asked participants to choose
between apples and oranges shown in pictures, where the decoy option was a moldy apple or a bruised
orange. In another image based choice scenario, they asked participants to choose between Tropicana
orange juice and milk by targeting the Tropicana orange juice by adding an additional option of a ‘stop
and shop orange juice’ as a decoy. They also showed that graphical information, such as pie-charts, did
not bring about the attraction effect. These results were further bolstered by Yang and Lynn (2014), who
independently found that images, verbal descriptions, and qualitative descriptions failed to produce the
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attraction effect. For example, in one scenario, participants chose between ‘Coca-Cola’ and ‘Sprite’
with either the decoy ‘Cola’ or ‘Refreshe’, respectively. In another example, participants chose between
three named food dishes based on their calorie content and price. The options were ‘Grilled Chicken
Caesar Salad’ and a ‘Grilled Steak Caesar Salad’ with either the decoy ‘Crispy Chicken Caesar Salad’ or
‘Flat Iron Steak Frites’, respectively. More recently, Trendl et al. (202 1) showed that the attraction effect
does not occur for naturalistic stimuli, specifically choices among movies based on their title. Hence,
they argued that the attraction effect is very limited and only occurs in highly stylized experiments with
numerical stimuli.

This is in contrast to findings that the attraction effect holds with qualitative descriptions (Kivetz
etal., 2004; Sen, 1998) and physical objects (Ratneshwar et al., 1987; Simonson and Tversky, 1992). In
fact, studies have shown that the attraction effect persists even when participants are asked to perform
low-level perceptual tasks such as judging the similarity of shapes (Choplin and Hummel, 2005) or
choosing rectangles with the largest area (Trueblood et al., 2013). All of these studies failed to replicate
in (Frederick et al., 2014) when picnickers were used as participants (except for Choplin and Hummel
(2005) which was not tested). Since then, other studies have recreated the attraction effect using
different presentation modes for the options. For instance, Cataldo and Cohen (2019) have recreated
the attraction effect using bar graphs. Dimara et al. (2016) have recreated it using scatter plot display
formats, and Evans et al. (2021Db), Farmer et al. (2017), Trueblood et al. (2015), Turner et al. (2018)
recreated it with perceptual stimuli similar to Trueblood et al. (2013). Taken together, Spektor et al.
(2021) identified the ‘concreteness’ of representation as an important factor moderating the attraction
effect. In our experiment, we use both graphical displays as in Cataldo and Cohen (2019) along with
numerical displays to test the importance of presentation mode (see Figure 1 for examples of graphical
and numerical stimuli used).

1.1.2. Presentation layout

The presentation layout of information has been shown to influence the presence of context effects
(Cataldo and Cohen, 2018, 2019, 2021b; Chang and Liu, 2008; Liu and Trueblood, 2023). In Chang and
Liu (2008) and Cataldo and Cohen (2019) the authors showed that changing the display of options from
‘1by-attribute’ to ‘by-alternative’ impacted context effects. The by-attribute format lists alternatives
in rows and attributes in columns, which may facilitate easy comparison of the same attribute for
different alternatives. The by-alternative format lists alternatives in columns and attributes and rows
and is designed to impede comparisons between alternatives, thus different alternatives are compared
more holistically rather than by their individual attributes. Cataldo and Cohen (2019) showed that when
the alternatives are compared in a by-attribute format, the attraction effect appears. However, when
alternatives are compared in a by-alternative format, then the attraction effect disappears. Hence, by-
attribute and by-alternative display formats have been identified as strong modulators of the attraction
effect (Spektor et al., 2021).

However, other studies examining by-attribute and by-alternative formats have found conflicting
results. For example, Cataldo and Cohen (202 1b) used both graphical (two experiments) and numerical
(three experiments) formats. We reanalyzed their data and found a complex pattern of attraction and
repulsion effects (full details and results are presented in the Supplementary Materials). Briefly, similar
to Cataldo and Cohen (2019), our reanalysis found that graphical formats showed an attraction effect in
the by-attribute format but a weak repulsion effect in one of their two experiments in the by-alternative
format. Regarding the numerical format, in one experiment where attributes were presented along rows
and alternatives along columns, we found a net null effect. In a second experiment, when alternatives
were presented in rows and attributes in columns, we observed a weak attraction effect. Finally, in
a third experiment, with a similar format as the second experiment, when boxes were drawn around
the attributes, potentially to facilitate more attribute-wise comparison, once again, we observed a net
null effect. Liu and Trueblood (2023) conducted experiments where participants had to choose between
tasks based on difficulty and length. They used numerical by-attribute and by-alternative formats similar
to the ones in this paper. They observed a weak repulsion effect and no attraction effect in all of the
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Figure 1. The same choice set in different presentation formats used in our experiment. The panels on
the left show the graphical formats and the panels on the right show the numerical formats. The top row
contains examples of the by-alternative layout. The bottom row contains examples of the by-attribute
layout. In each condition, Apartments A and B are the target and competitor, respectively. Apartment C
is the decoy option that is dominated by A but not by B.
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formats among a large variety of manipulations. These results challenge the ideas that concreteness
of representation (Spektor et al., 2021) and numerical formats (Frederick et al., 2014; Yang and Lynn,
2014) are essential to the emergence of the attraction effect.

In our experiment, we follow Cataldo and Cohen (2019) and present information in a by-alternative
and by-attribute format to test the importance of the presentation format. We cross this manipulation
with presentation mode to examine how presentation format impacts graphical vs. numerical stimuli.
See Figure 1 for examples of by-alternative and by-attribute formats used in our experiment.

1.1.3. Presentation order

Evans et al. (2021b) showed that the order in which the three options, target (T), competitor (C) and
decoy (D), are presented can modulate the attraction effect. Evans et al. (2021b) reanalyzed data from
Trueblood et al. (2015) where the spatial order (i.c., the left to right placement) of the three options was
varied. When all orderings were considered together, these stimuli showed a small attraction effect.
However, of the 6 orders, 3 orders (CTD, DTC, and TDC, where the order of the letters corresponds to
the left, middle, and right placement of options) showed a strong attraction effect, 2 orders (DCT and
TCD) showed a strong repulsion effect, and 1 order (CDT) showed a null/weak attraction effect. Their
conclusion was that the close proximity of the target and the decoy facilitated a series of comparisons
that brought about the attraction effect.

In a reanalysis of Cataldo and Cohen (2021a), we also examined the impact of presentation
order on attraction and repulsion effects (full results are presented in the Supplementary Materials).
This experiment used graphical formats similar to Cataldo and Cohen (2019) shown in Figure 1.
To summarize, the impact of presentation order differed between by-attribute and by-alternative
formats for graphically represented options. As mentioned above, the by-alternative format had a
weak repulsion effect on average. However, this repulsion effect was only significant in two of the 6
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orders—TCD and TDC. In contrast, in the by-attribute format, there was a significant attraction effect
on average. However, it was strongly significant in 3 of the 6 orders (CTD, DTC and TDC) and weakly
significant in the TCD order. As shown in the Supplementary Materials, these results change slightly
when the exclusion criterion is removed.

Hence, in the by-attribute graphical formats, the attraction effect is the strongest with the same
orders as those of the perceptual decision-making from Evans et al. (2021b). However, none of the
orders show a repulsion effect. For the by-alternative format, none of the orders showed an attraction
effect. However, TCD showed a repulsion effect as in the perceptual decision-making task. Intriguingly,
compared to the perceptual decision-making task and the by-attribute graphical display, the reversal
with TDC suggests an interaction between presentation layout and presentation order.

In our experiment, we vary the order in which the options are presented to participants to test whether
the presentation order continues to influence the attraction effect in all of the conditions mentioned
above.

1.2. Experimental Aims

Previous studies have independently examined the impact of various presentation factors on the
attraction effect. As mentioned above, these studies have used a vast set of stimuli and tasks and
have come to different conclusions. Yang and Lynn (2014) and Frederick et al. (2014) showed that the
attraction effect is weaker with graphical stimuli than with numerical stimuli. However, since then, the
attraction effect has been recreated using graphical stimuli (Cataldo and Cohen, 2019, 2021a; Spektor
etal., 2018; Trueblood et al., 2015). It has also been reversed for numerical stimuli (Liu and Trueblood,
2023) or found to be weaker in our re-analysis of data from Cataldo and Cohen (202 1b) with numerical
stimuli. There have only been a few studies (Cataldo and Cohen, 2019, 2021a) that examine the
dependence of the attraction effect on presentation layout (by-alternative vs. by-attribute). These studies
show that presentation layout modulates the attraction effect in graphical displays. The influence of
presentation layout on the attraction effect with numerical stimuli has been either null or weakly positive
or negative (Cataldo and Cohen, 2021b; Liu and Trueblood, 2023) (but see Chang and Liu (2008) for
modulation of the compromise effect with numerical stimuli). The effect of changing presentation order
has been shown for perceptual decision-making (Evans et al., 2019), but it remains unknown how order
impacts numerical stimuli. In our reanalysis of Cataldo and Cohen (2021a), we showed that the impact
of changing presentation order may be different for consumer decision-making in different presentation
formats. Hence, empirically, it is not clear which of these effects are robust. Further, as shown with
our reanalysis of Cataldo and Cohen (202 1a), presentation layout and presentation order might interact
with each other. Thus, it is important to systematically vary all of these factors in a single large-scale
experiment.

At this point, we reiterate the theoretical positions and predictions made by different studies.
Frederick et al. (2014) and Yang and Lynn (2014) predict that the attraction effect will be stronger or
only occur when information is represented in numerical formats as compared to graphical formats.
Spektor et al. (2021) hypothesized that this might be due to the fact that numerical formats are
represented more concretely, making the domination of the decoy by the target clearer. Cataldo
and Cohen (2019) predict that the attraction effect will be stronger in by-attribute formats than by-
alternative formats since this facilitates more comparisons between options. This is consistent with the
idea that certain comparisons are facilitated in certain formats and that these comparisons are integral
to the construction of choice (Cataldo and Cohen, 2019; Noguchi and Stewart, 2014, 2018; Spektor
et al., 2022). For presentation order, the results from Evans et al. (2021b) indicate that the attraction
effect is enhanced when the decoy and the target occupy neighboring positions. This might also be due
to an ease of comparison between the target and the decoy.

In order to lay the groundwork for further theory development, we need a comprehensive
understanding of how different aspects of presentation format impact multi-alternative, multi-attribute
choice. However, it is not clear which of these findings are robust and generalizable. Since existing
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theories do not naturally (without modification) predict or explain these presentation effects, we think it
is important to lay a firm foundation for future theory building. That is the development of new models
or extensions to existing models that can account for more complex patterns of behavior. Thus, there
is a need to evaluate which of these formats facilitate the attraction effect and which ones potentially
reverse it. We address this need in this paper by using a factorial design to carefully manipulate the
different presentation factors that are thought to affect the size and direction of the attraction effect.

Further, the combined effects of these factors are not known. For example, Evans et al. (2021b)
argued that the presentation order facilitates certain comparisons between options that are spatially
closer to each other. Similarly Cataldo and Cohen (2019) argued that by-alternative and by-attribute
displays facilitate certain comparisons between the alternatives and attributes. However, when both
manipulations are implemented simultaneously, it is not immediately clear what the results will be
without an empirical test. Our re-analysis of Cataldo and Cohen (2021a) suggests that there might be
interesting ways in which these factors interact with each other.

Our approach differs from the recommendation made by proponents of the crucial experimentation
hypothesis (Lakatos, 1974) or the strong induction hypothesis (Platt, 1964) where experiments are
designed to test competing models. Instead, we systematically vary factors that are of relevance
(Almaatouq et al., 2022; Dubova et al., 2022; Peterson et al., 2021) to multi alternative, multiattribute
decision making and the attraction effect more specifically. As mentioned above, the current models of
multiattribute choice do not make strong predictions about how presentation formats impact decision-
making. This experiment will serve as a high-powered benchmark and provide researchers with a
robust set of empirical findings that will aid in future model development (Noguchi and Stewart, 2018;
Trueblood et al., 2014; Turner et al., 2018).

2. Method

In our experiment, we examine the presence of the attraction effect among 6 different consumer goods
(3 novel goods and 3 goods from Noguchi and Stewart (2014)) by varying the mode of presentation,
presentation layout, and presentation order in which the options are displayed. We use 2 different
presentation modes (numerical and graphical), 2 different presentation layouts (by-alternative and by-
attribute), and 6 different presentation orders. This gives a total of 24 ternary choice conditions. The
data and analysis code are available on the Open Science Framework at https://osf.io/wzct3/.

2.1. Participants

We aimed to recruit a total of 2300 participants from Amazon Mechanical Turk using CloudResearch
in exchange for a cash payment of $0.50 per person. We included participants who were over 18
years of age and based in the United States with matching IP addresses. To maintain data quality, we
only allowed individuals who had a 95% or higher HIT approval rate and were approved by Cloud
Research’s attention and engagement measures to participate. Using CloudResearch, we also blocked
participants based on their list of suspicious geocode locations and with duplicate IP addresses. We
pre-registered our manuscript after first stage acceptance on the Open Science Framework (OSF):
https://doi.org/10.17605/0sf.io/sgj3w. The experiment was approved by the Institutional Review Board
at Indiana University. We only consider the data of the individuals who completed the entire experiment.

Since the goals of our experiment are exploratory, we will test the robustness of our results with and
without exclusions. We apply two exclusion criteria that are often used in the literature. We included two
attention checks in our experiment to exclude participants who were not attentive during the experiment.
In previous experiments, for example, Cataldo and Cohen (2019) and Evans et al. (2021b), participants
were excluded for failing catch trials. In the same vein, we will exclude participants who chose the
decoy option for more than 3 out of 12 trials since they selected an option that was dominated.
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Ultimately, a total of 2,293 participants completed the experiment (gender: 903 males, 1357 females,
20 non-binary/third gender, 13 preferred not to say; age in years: M = 43.3, SD = 13.4, IQR: 33 — 53;
race: 1791 White, 218 Black or African American, 136 Asian, 74 Multiracial, 14 American Indian
or Alaska Native, 6 Native Hawaiian or Other Pacific Islander, 54 preferred not to say; income: 163
less than $15,000, 211 $15,000-$25,000, 561 $25,000-$50,000, 525 $50,000-$75,000, 494 $75,000—
$120,000, 273 more than $120,000, 66 preferred not to say). As described below, there were four
between-subject conditions. In the binary, by-alternative condition we had 147 participants. In the
binary, by-attribute condition we had 150 participants. In the ternary, by-alternative condition we had
999 participants. In the ternary, by-attribute condition we had 997 participants. The experiment took an
average of 6.8 (IQR: 4.1 — 7.6) minutes to complete.

Sample size calculation: We analyze the attraction effect using the relative choice share of the target
(RST) determined by the ternary choice sets (Berkowitsch et al., 2014). The RST is defined as the ratio
of the number of times the target has been selected to the number of times the target and the competitor
have been selected:

RST = Ntarget

Ntarget + Neompetitor

If the RST is significantly greater than 0.5, then there is evidence of an attraction effect. RST values
significantly less than 0.5 provide evidence of a repulsion effect. To estimate the sample size (n), we
conducted the following power analysis. We assumed that each trial is a Bernoulli variable with an
underlying probability of p of selecting the target. To show evidence of the attraction effect, we need
to show that the probability of selecting the target is significantly greater than 0.5 on trials where either
the target or competitor was selected (that is, we exclude the trials where the decoy was selected). This
is equivalent to testing whether the RST value is significantly greater than 0.5. We tested this using an
exact binomial test.

Suppose that we observe that the target has been selected 7arger OUt Of 72 (= 7garget + Hcompetitor) imes.
The exact binomial test will be significant if ngge is greater than the threshold ¢ that is given by the
97.5" percentile of the binomial distribution generated with a probability of 0.5 with » repetitions.
Suppose our desired power is P, we would want this result to be significant with a probability of at least
P. We find the smallest » such that the outcome is 7arger Of @ binomial random variable generated with
a probability p with # trials greater than ¢ with a probability of P. We plot these values for different
probabilities of selecting the target p and power P in Figure 2.

To select an estimate of the probability p of selecting the target, we used publicly available data from
Noguchi and Stewart (2014) to calculate RST values. We present all of our results in the Supplementary
Materials. As described in the following section, these stimuli used identical attribute names and values
as some of the stimuli used in our experiment. The RST values were 82.0%, 80.0%, and 64.4% for the
stimuli considered in our experiment. However, other studies find much lower values, such as 50.4%
and 55.2% in Cataldo and Cohen (2019).

As shown in the figure, the number of trials required changes drastically when the probability of
selecting the target is around 0.55. At a reasonably high power of 0.95, we would require about 900
trials to detect an effect with an underlying probability of selecting the target of 0.58 after accounting
for the Bonferroni correction at p = 0.05/24. Since we have a total of 6 (order) x 2 (layout) x 2 (format)
= 24 ternary choice conditions, we need a total of 21, 600 ternary choice trials. Since each participant
does 12 trials, we obtain about 1, 800 participants. Participants choose the decoy option about 5% —10%
of the time (Cataldo and Cohen, 202 1b; Frederick et al., 2014; Noguchi and Stewart, 2014). These trials
will need to be removed from our RST analysis. We account for this in our estimate and obtain our
estimate of 2, 000 participants. These calculations assume that our analyses are conducted by combining
the 6 different consumer goods in our experiment. We also plan to analyze old stimuli (i.e., the three
consumer goods from Noguchi and Stewart (2014)) and novel stimuli separately to test for reliability
and generalizability. If we consider each of the 6 goods separately, we obtain about 150 trials per
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Power Analysis
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Figure 2. This figure shows the sample size (n) required for the exact binomial test to be significant for
a given power (P). The sample size (n) required is plotted on the y-axis and the unknown underlying
probability (p) of selecting the target is plotted on the x-axis. The different lines show the sample size
required for different powers P after accounting for the Bonferroni correction at p = 0.05/24. The
vertical lines allow us to see the sample size required for different values of p. The horizontal line at
n = 900 shows that we would be able to detect an effect with p = 0.58 with a high power P = 0.95.
When old stimuli and novel stimuli are considered separately, we would be able to detect an effect with
p = 0.61 with a power of P = 0.95.

condition. Thus, we will have 450 trials per condition after combining the three old consumer goods
and 450 trials per condition after combining the three new consumer goods. This will allow us to detect
an effect when the underlying probability of selecting the target is about 0.61 with a power of 0.95
when we separately analyze old and new consumer goods.

We conducted a power analysis using nested model comparison to test the strength of the interaction
effects. Here we summarize the key results and provide the details in the Supplementary Materials. We
quantify the effect size e as the increase in the probability of selecting the target by e. We see that with
a power of 0.95, for the mode and layout interaction, we can observe an interaction effect of size 0.05
when all the consumer goods are analyzed together and an effect of size 0.07 when old and novel goods
are analyzed separately.

For the order and mode interaction, the effect can be driven by different levels of order. The effect
can be driven by a single level of order (e.g., DTC: decoy, target, competitor in the numerical mode)
or by several different levels of orders interacting with the mode. In the Supplementary Materials, we
present the results of the power analysis when there are 1, 2, and 3 possible levels of order interacting
with the mode. When we combine all consumer products, with a power of 0.95, we will be able to detect
an effect of size 0.09 when there is a single level of order interacting with the mode and 0.07 when two
or three levels of order interact with the mode. When old and new goods are analyzed separately, with
a power of 0.95, we will be able to detect an effect of size 0.11 when it is driven by one level of order
interacting with the mode and an effect of size 0.08 when it is driven by two or three levels. These
results are the same for the interaction between order and layout since both mode and layout have the
same number of levels.

We only show the results of the three way interaction when a single level of order interacts with the
other two variables. When we combine the consumer goods, with a power of 0.95, we will be able to
detect an effect of size 0.16. When we analyze old and new goods separately, with a power of 0.95, we
will be able to detect an effect of size 0.22.
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Table 1. The attribute values for the 6 stimuli used in the experiment. For each stimulus, there were
two different alternatives X and Y.

Stimulus type Attribute X Y Xy Yy
Highlighters Brightness (0-1) 0.4 0.8 0.3 0.7
Capacity (line length in km) 18 10 16 8
Paper towels Tear Strength (in grams) 800 2,420 395 2,015
Absorbability (in ml) 52 28 46 22
Walking shoes Durability (in months) 8 32 2 26
Comfort (out of 100) 88 64 82 26
Apartments Size (1-10) 7.4 5.9 6.3 5.2
Location (1-10) 5.7 7.2 5.0 6.1
Laptop Battery Life (1-10) 8.2 52 7.0 4.1
Portability (1-10) 4.8 7.9 4.1 6.7
Cars Safety (1-10) 9.6 8.2 8.7 7.1
Reliability (1-10) 8.1 9.5 6.7 8.3

Note: Two additional decoy alternatives were Xy and Y, such that these were strictly dominated by X and Y, respectively. The ternary choice set
for each consumer good consisted of X, Y and one of the two decoy options X or Y;. For every participant, for each consumer good, the decoy
option was selected randomly. The binary choice set consisted of a choice between X and Y in the two orders.

Apart from the ternary trials mentioned above, to observe choice proportions between the target and
the competitor in the absence of the decoy option, we decided to include binary choice trials. These
will be presented in 2 different layouts and 2 different formats giving us 4 conditions. Since we will not
analyze the binary trials based on order, we do not account for that factor in this calculation (but note
that order is randomized). Since we need 900 trials per condition, we will need 3, 600 trials. Since each
individual will do 12 trials, we obtain our estimate of 300 additional participants. This takes our total
to 2, 300 participants.

2.2. Materials

We used six different consumer goods for our experiment. The consumer goods, attribute names, and
attribute values are presented in Table 1. To construct a binary choice set, we present the two alternatives
in one of two possible orders XY and YX. For a ternary choice set where the options are shown in one
particular order (e.g., DTC: Decoy, Target, Competitor from left to right), there are 6 choice sets with
one decoy (e.g., X;) and another 6 choice sets with the other decoy (e.g., ¥y), yielding a total of 12
ternary choice sets. For each stimulus, we generated four different question formats in a 2x2 design
[mode: graphical vs. numerical] x [layout: by-alternative vs. by-attribute]. Examples of these different
formats can be seen in Figure 1.

Since we were primarily interested in studying the importance of presentation format, we uniformly
chose attributes that had a positive valence. That is, larger values were considered to be more desirable.
As shown in the Supplementary Materials, three of these stimuli - paper towels, highlighters, and
walking shoes and their numerical values - were identical to stimuli used in Noguchi and Stewart
(2014) and demonstrated strong significant attraction effects (Paper Towels: RST = 82.0%, p < 0.001;
Highlighter: RST =80.0%, p < 0.001; Walking Shoes: RST =64.4%, p = 0.008). In the experimental
program, one of the attribute values for the walking shoes was erroneously copied from Noguchi and
Stewart (2014). Specifically, the comfort for Y; should have been 58 instead of 26. Despite the error,
Y, is still dominated by Y but not X and serves as an attraction decoy. Hence, we retain the walking
shoes in our analyses but do not treat them as an old product. We note that walking shoes show a
standard attraction effect when analyzed separately with an RST=61.7%, p < 0.001, as shown in the
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Supplementary Materials. However, since X is from the original Noguchi and Stewart (2014), we do
not treat it as a new product either.

The other three consumer goods - apartments, cars, and laptops - have also been used in context
effects research (Cataldo and Cohen, 2019; Evans et al., 2019; Simonson and Tversky, 1992). For each
product, the two attributes were on a 0-10 scale. In order for X and Y to have similar preference levels
(assuming equal weight on the two attributes), the sum of the two attributes of X was similar to the sum
of the two attributes of Y. Further, these ratings were mostly in the 4-10 range, so neither option would
be too unfavorable on one of the attributes. Here we use novel numerical attribute values for these items
to test the generalizability of our results.

2.3. Procedure

During the course of the experiment, every participant answered a total of 12 questions over two blocks.
The small number of trials per participant is based on the suggestion made by Lichters et al. (2015) to
avoid learning processes in repeated choice and since context effects are thought to be attenuated with
a high frequency of repeated choices. In between the two blocks, we included ten filler trials in which
participants were asked to name different state capitals in the United States of America. This distractor
task was added based on the suggestion by Lichters et al. (2015) and Hutchinson et al. (2000) to avoid
carry-over effects and psychological reactivity from previous trials.

At the start of the experiment, each participant was assigned to one of 2x2 between-subjects
conditions [choice type: binary, ternary] x [layout: by-alternative vs. by-attribute]. The layout of the
options (as shown in Figure 1) remained constant for participants throughout the experiment. The two
blocks of the experiment were the graphical block and the numerical block. The order of the two blocks
was randomized across participants. For each question, participants, depending on the condition they
were assigned, saw two or three options of a consumer good and were asked to select the one that
they preferred. The graphical block presented questions in a graphical format using bar graphs and the
numerical block presented questions in a numerical format using tables. See Figure | for examples of
questions in different formats.

Each block consisted of 6 questions with the 6 different consumer goods from Table 1. Each
consumer good appeared once in each block. For each consumer good, the decoy (X or Y;) was
randomly selected for each question in the first block. Since there were only 2 binary presentation
orders (XY and YX), these were randomized for every participant. For the ternary choice condition,
the presentation order (of the target, competitor and decoy) was pseudo-randomly varied such that each
participant saw all 6 orders. In the second block, the choice sets and order of alternatives were the same
as in the first block. The only difference between the first and second blocks was the presentation mode
(numerical vs. graphical). The randomization was designed so that each of the 24 ternary conditions
- 2 presentation modes, 2 presentation layouts, 6 orders, and 2 decoy types (i.e., Xy or Y;) - were
counterbalanced. The two binary conditions were shown as often as 1 of the 24 ternary conditions,
balanced equally in the two presentation orders XY and YX.

There were two attention checks (e.g., the true/false question ‘I have never used a computer’) at
different points in the experiment. At the end of the experiment, participants were asked for their
demographic information.

3. Planned analyses

In this section, we describe the planned analyses'. First, we analyzed each of our 24 ternary choice
conditions separately, then we conducted a single factor analysis to test for the attraction effect in

!Since our tests were exploratory, a conservative approach to minimize Type-I (false positive conclusion) error would use a
Bonferroni correction taking into account all 38 tests [24 single condition analyses; 10 (2 Mode, 2 Layout, 6 Order) single factor
analyses; 4 (3 two-way interactions, 1 3-way interaction) interaction tests]. This would result in a p-value cut-off of p=0.05/38 =
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different conditions, and finally, we used nested logistic regression model comparisons to test for main
and interaction effects. We also planned to conduct the same analyses combining the three stimuli from
Noguchi and Stewart (2014) to test for reliability. However, we departed from our planned analysis
and excluded the shoes from the old stimuli due to a difference in our stimulus values as compared
to the original values as described in Noguchi and Stewart (2014). Additionally, we ran the analyses
combining the three novel stimuli to test for generalizability.

3.1. Single condition analysis

We were first interested in a model-free test where we make no underlying assumptions about how the
different conditions give rise to the attraction effect. To this end, as described in our power analysis,
we conducted an exact binomial test for each of the 24 ternary choice conditions separately to test
if the RST value was significantly different from 0.5. We corrected for multiple comparisons using a
Bonferroni correction to the p-value, resulting in a significance cutoff of p = 0.05/24 = 0.002 for each
of the ternary conditions.

3.2. Single factor analysis

We were interested in how the different presentation factors impacted the attraction effect. First, we
were interested in testing whether the presentation layout influences the attraction effect (e.g., does
the by-attribute layout produce an attraction effect?) To this end, we aggregated all decisions made in
the by-attribute layout condition. We then conducted an exact binomial test against a probability of
0.5 to test if the RST value was significantly different. We repeated this for the by-alternative layout.
We corrected for multiple comparisons using a Bonferroni correction, setting the significance cutoff at
p=0.05/2 =0.025.

We performed similar analyses for the mode variables and order variables. Since there were two
different modes, the Bonferroni correction for multiple comparisons was set at p = 0.05/2 = 0.025.
Since there were six different orders, the Bonferroni correction was set at p = 0.05/6 = 0.0083.

3.3. Interaction effects

To test for interaction effects, we conducted a nested logistic regression model comparison. We set
the selection of the target as the dependent variable. We compared the added advantage of including
various interaction terms in the model to a null model with only the main effects. We planned to include
by-subject random intercepts barring any model convergence issues. We used the likelihood ratio test
for our nested model comparison with significance at the @ = 0.05 level.

We tested for the interaction between mode and format by comparing the null model Mode + Format
to the model with the interaction term Mode + Format + Mode*Format. We tested for the interaction
between mode and order by comparing the null model Mode + Order to the model with the interaction
term Mode + Order + Mode*Order. If the interaction tests were significant, we looked at individual
contrasts for the mode and order interaction terms. When testing for the interaction between layout
and order, our null model was Layout + Order and our model with the interaction term was Layout +
Order + Layout*Order. If the interaction tests were significant, we looked at individual contrasts for
the layout and order interaction terms.

To test for three-way interactions, we compared the null model Mode + Layout + Order+
Mode*Layout+ Mode*Order+ Layout*Order to the model with the additional three-way interaction
term Mode + Layout + Order+ Mode*Layout+ Mode*Order+ Layout*Order+ Mode*Layout*Order.

0.001316. However, this approach would also increase Type-II (false negative conclusion) errors. Hence, we used a Bonferroni
correction for each of the analyses separately and report the associated p-value cutoff.
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If the interaction test was significant, we looked at individual contrasts for the Mode, Layout, and Order
interaction terms.

4. Results

We first present the results of the planned analysis, which was designed to test the robustness of
the attraction effect to different conditions. After this, we conducted a comparative study across
the different conditions. Analyses using the binary choice data are presented in the Supplementary
Materials.

4.1. Single condition Analysis

The results of the single condition analyses are summarized in Table 2. First, we analyzed the data by
collapsing across all six product types. Standard attraction effects, indicated by RST values significantly
greater than 0.5, were observed in 23 out of 24 ternary choice conditions, after the Bonferroni correction
(» = 0.05/24 = 0.002). The graphical x by-alternative X TCD condition was not significant after the
Bonferroni correction but was in the direction of a standard attraction effect (RST = 0.544, p = 0.008).
Next, we partitioned the data into old products (i.e., Highlighters and Paper Towels from Noguchi and
Stewart (2014)) and new products (i.e., Apartments, Laptop, Cars). As described in the methods, we
excluded them from the new and old products. After the Bonferroni correction (p = 0.05/24 = 0.002),
there was a significant standard attraction effect in 20 out of 24 ternary choice conditions for the old
products and 11 out of 24 ternary choice conditions for the new products. The results of analyses
performed on data sets after exclusions were similar and are reported in the Supplementary Materials.

4.2. Single factor analysis

The results of single factor analyses are summarized in Table 3. Standard attraction effects (i.e., RST
values significantly greater than 0.5) were observed across all levels of the three factors of interest (i.e.,
Mode, Layout, and Order). These results held when the old and new product groups were analyzed
separately. The results of analyses performed on data sets after exclusions are similar and are reported
in the Supplementary Materials.

4.3. Interaction effects

The results of analyses testing the interaction effects are summarized in Table 4. As described in
the planned analysis, we treated the subject as a random effect to account for individual differences.
Significant 2-way interactions between Mode and Layout and between Layout and Order were observed
when collapsing across all six consumer goods and when analyzing the three new consumer goods
separately. None of the interaction terms were significant when analyzing the two old consumer goods.
The results of analyses performed on data sets after exclusions are similar and are reported in the
Supplementary Materials.

4.4. Main effects

In the single-factor analysis, our goal was to test whether the attraction effect was robust to different
experimental manipulations. This did not directly compare the different conditions to each other. To
compare the different presentation modes, layouts, and orders to each other, we plotted the change in
the RST under the different factors in Figure 3.

To test for significance, we conducted a mixed effects logistic regression with the selection of the
target as the dependent variable and tested each of the individual factors using a logistic regression



Table 2. Results of exact binomial tests for each of the 24 ternary choice conditions to test if the RST value was significantly different from 0.5.

All products Old products New products

Mode Layout Order RST  p-Value 95% CI RST  p-Value 95% CI RST  p-Value 95% CI
Graphical ~By-Alternative CDT  0.593 < 0.001 (0.561,0.625) 0.627 < 0.001 (0.572,0.68) 0.584 < 0.001 (0.537,0.630)
CTD 0.605 <0.001 (0.573,0.636) 0.618 <0.001 (0.563,0.671) 0.618 <0.001 (0.571,0.663)
DCT  0.554 0.001 (0.522,0.585)  0.595 0.001 (0.538,0.651)  0.539 0.091 (0.494, 0.583)
DTC 0.599 <0.001 (0.568,0.630) 0.655 < 0.001 (0.6, 0.707) 0.565 0.006 (0.518,0.611)
TCD  0.544 0.008 (0.511,0.576)  0.567 0.028 (0.507,0.625)  0.528 0.236 (0.482, 0.573)
TDC  0.571 < 0.001 (0.539,0.604) 0.571 0.017 (0.513,0.629) 0.557  0.014 (0.512, 0.602)
By-Attribute CDT 0.560 < 0.001 (0.528,0.593) 0.572 0.016 (0.513,0.629)  0.563 0.007 (0.517, 0.608)
CTD 0.578 < 0.001 (0.546,0.610) 0.592 0.001 (0.536, 0.647) 0.564  0.006 (0.518, 0.609)
DCT  0.553 0.001 (0.520,0.585) 0.616 <0.001 (0.561,0.669) 0.511 0.677 (0.464, 0.557)
DTC 0.666 <0.001 (0.635,0.696) 0.660 <0.001 (0.606,0.712) 0.668 < 0.001 (0.624,0.710)
TCD  0.557 < 0.001 (0.525,0.589) 0.583 0.004 (0.526,0.639)  0.548 0.039 (0.502, 0.594)
TDC  0.608 < 0.001 (0.576,0.639) 0.633 <0.001 (0.577,0.687) 0.576  0.001 (0.530, 0.622)
Numeric ~ By-Alternative CDT  0.637 < 0.001 (0.605,0.668) 0.694 < 0.001 (0.64,0.744) 0.612 <0.001 (0.566,0.658)
CTD 0.643 <0.001 (0.612,0.674) 0.667 <0.001 (0.612,0.718) 0.626 < 0.001 (0.580, 0.670)
DCT 0.581 < 0.001 (0.549,0.613) 0.611 <0.001 (0.553,0.666) 0.549  0.031 (0.504, 0.594)
DTC 0.677 <0.001 (0.647,0.707) 0.734 < 0.001 (0.681,0.782) 0.612 <0.001 (0.565,0.657)
TCD  0.575 < 0.001 (0.543,0.607) 0.589 0.003 (0.529,0.647) 0.547 0.040 (0.502, 0.591)
TDC 0.648 < 0.001 (0.616,0.679) 0.661 <0.001 (0.602,0.716) 0.619 <0.001 (0.574,0.662)
By-Attribute CDT 0.609 <0.001 (0.576,0.641) 0.651 <0.001 (0.592,0.707) 0.591 <0.001 (0.544,0.637)
CTD 0.622 < 0.001 (0.590,0.653) 0.670 <0.001 (0.614,0.722) 0.580  0.001 (0.534, 0.625)
DCT 0.600 <0.001 (0.568,0.632) 0.649 <0.001 (0.594,0.701) 0.563 0.007 (0.517, 0.609)
DTC 0.701 < 0.001 (0.671,0.730) 0.735 <0.001 (0.683,0.782) 0.651 <0.001 (0.607,0.693)
TCD 0.568 < 0.001 (0.535,0.600) 0.619 <0.001 (0.562,0.674) 0.526  0.282 (0.479, 0.573)
TDC  0.609 < 0.001 (0.577,0.642) 0.644 <0.001 (0.585,0.699) 0.558 0.017 (0.510, 0.604)

Note: The analyses were performed on data from (1) all consumer goods (left), (2) old consumer goods from Noguchi and Stewart (2014) (middle), and (3) novel consumer goods (right). p-values less than
p =0.05/24 = 0.002 are in bold font.

IV Jo uvysaor] uUvSvry



Table 3. Results of exact binomial tests for the three factors of interest to test if the RST value was significantly different from 0.5.

All products Old product New product
Factor Level RST p-Value 95% CI RST p-Value 95% CI RST p-Value 95% CI
Mode Graph 0.582 <0.001 (0.573,0.592)  0.609 < 0.001 (0.593,0.624)  0.568 < 0.001 (0.555,0.581)
Numeric 0.623 < 0.001 (0.614,0.632)  0.661 < 0.001 (0.646,0.677)  0.586 < 0.001 (0.573,0.599)
Display =~ By-Alternative  0.602 < 0.001 (0.593,0.611)  0.634 < 0.001 (0.618,0.649)  0.579 < 0.001 (0.566, 0.592)
By-Attribute 0.603 < 0.001 (0.594,0.612)  0.636 < 0.001 (0.620, 0.651)  0.576 < 0.001 (0.563, 0.589)
Order CDT 0.600 < 0.001 (0.583,0.615)  0.637 < 0.001 (0.609, 0.664)  0.588 < 0.001 (0.565, 0.610)
CTD 0.612 < 0.001 (0.596, 0.627)  0.637 < 0.001 (0.610, 0.663)  0.596 < 0.001 (0.573, 0.619)
DCT 0.572 < 0.001 (0.556,0.588)  0.618 < 0.001 (0.591, 0.645)  0.541 < 0.001 (0.518, 0.563)
DTC 0.661 < 0.001 (0.646, 0.676)  0.696 < 0.001 (0.67,0.721) 0.625 < 0.001 (0.603, 0.647)
TCD 0.561 < 0.001 (0.545,0.577)  0.590 < 0.001 (0.561,0.618)  0.538 0.001 (0.515, 0.560)
TDC 0.609 < 0.001 (0.593, 0.625)  0.627 < 0.001 (0.599, 0.655)  0.578 < 0.001 (0.555, 0.600)

Note: The analyses were performed on data from (1) all consumer goods (left), (2) old consumer goods from Noguchi and Stewart (2014) (middle), and (3) novel consumer goods (right). p-values less than p = 0.025
for Mode and Layout, and p = 0.0083 for Order are in bold.
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Table 4. Results of nested logistic regression model comparison for each interaction term.

Data set Interaction term X df p-Value Contrast exp(B) 95% CI
All products ~ Mode X Layout 5.015 1 0.025 Numerical - (Graphical, Numerical) X By-Attribute - (By-Alternative, By-Attribute) 0.970  (0.944, 0.996)
Mode x Order 4341 5 0501
Layout x Order 15.045 5 0.010 By-Attribute - (By-Alternative, By-Attribute) CTD - (CDT, CTD, DCT, DTC, TCD, TDC) 0.959  (0.904, 1.018)
By-Attribute - (By-Alternative, By-Attribute) x DCT - (CDT, CTD, DCT, DTC, TCD, TDC)  1.014  (0.956, 1.076)
By-Attribute - (By-Alternative, By- Attribute) x DTC - (CDT, CTD, DCT, DTC, TCD, TDC) 1.095 (1.030, 1.164)
By-Attribute - (By-Alternative, By- Attribute) x TCD - (CDT, CTD, DCT, DTC, TCD, TDC) 1.023  (0.964, 1.085)
By-Attribute - (By-Alternative, By- Attribute) x TDC - (CDT, CTD, DCT, DTC, TCD, TDC) 0.994  (0.936, 1.055)
Mode x Layout X Order 8.693 5  0.122
Old Products Mode x Layout 0.062 1 0.804
Mode x Order 5457 5 0.363
Layout x Order 9.078 5 0.106
Mode x Layout X Order 3.862 5  0.569
New Products Mode x Layout 4770 1  0.029 Numerical - (Graphical, Numerical) X By-Attribute - (By-Alternative, By-Attribute) 0.958  (0.922 0.996)
Mode x Order 0933 5 0968
Layout x Order 17.123 5 0.004 By-Attribute - (By-Alternative, By-Attribute) x CTD - (CDT, CTD, DCT, DTC, TCD, TDC)  0.924 (0.843, 1.012)
By-Attribute - (By-Alternative, By-Attribute) x DCT - (CDT, CTD, DCT, DTC, TCD, TDC)  0.980 (0.896, 1.072)
By-Attribute - (By-Alternative, By-Attribute) x DTC - (CDT, CTD, DCT, DTC, TCD, TDC)  1.199  (1.093, 1.315)
By-Attribute - (By-Alternative, By-Attribute) x TCD - (CDT, CTD, DCT, DTC, TCD, TDC)  1.015 (0.929, 1.110)
By-Attribute - (By-Alternative, By-Attribute) x TDC - (CDT, CTD, DCT, DTC, TCD, TDC)  0.944  (0.863, 1.032)
Mode x Layout X Order 8.776 5  0.118

Note: Individual contrasts for each significant interaction term are reported. The coding scheme for categorical variables is deviation coding, which compares each level to the grand mean. p-values less than p = 0.05

are in bold font.

91

IV 1o UDYSoi] UDSDE]



Judgment and Decision Making 17

Comparative Analysis of RST Across Presentation Modes
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Figure 3. The comparative dependence of RST on the different factors varied in the experiment. The
dependence on order, mode, and layout are shown in the top, bottom left, and bottom right panels,
respectively.

Target Selection ~ Mode + Layout + Order + (1|subject). As in the previous analysis, we use deviation
coding so that the comparisons are made to the mean and not to the contrast class. We present our results
in Table 5 (left model) (Hlavac, 2022). We also tested models with higher-order interaction terms and
presented them in the Supplementary Materials.

From the results in Table 5 and Figure 3, we observed that the different orders modulated the strength
of the attraction effect. We also observed the attraction effect is significantly stronger in the DTC
condition. It was significantly weaker in the DCT and TCD conditions where the target and the decoy
were not adjacent to each other. For the conditions CDT and DTC, the strength of the effect is similar
to the mean effect. These results indicate that the strength of the attraction effect is modulated by the
order in which the three choice options were presented.

We observed that the strength of the attraction effect was significantly weaker in the graphical format
than in the numerical format. There was no difference in the strength of the attraction effect in the by-
attribute and by-alternative conditions. These results show that the strength of the attraction effect was
modulated by the mode. However, there was no main effect of the layout.

We also tested whether the strength of the attraction effect was different for the old consumer
products from Noguchi and Stewart (2014) as compared to the new consumer products. We added an
extra variable ‘product type’ and tested another logistic regression: Target Selection ~ Mode + Layout
+ Order + Product Type + (1|subject). As described in the methods, the products from Noguchi and
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Table 5. Coefficients of regression models of target selection as predicted by different presentation
formats and product types.

Dependent variable: Target Selection

Model:
~Order+Mode+Layout ~Order+Mode+Layout+Product Type
+(1|subject) + (I|subject)
CDT —-0.015 -0.017
(0.032) (0.032)
CTD 0.043 0.040
(0.032) (0.032)
DCT —0.134* —0.134*
(0.031) (0.031)
DTC 0.270* 0.268*
(0.032) (0.032)
TCD —-0.186** —0.183**
(0.031) (0.031)
Graphical —-0.090"** —-0.091*
(0.014) (0.014)
By-Alternative -0.002 —-0.002
(0.019) (0.019)
Old products 0.115"*
(0.021)
New products —0.143"*
(0.019)
Constant 0.445™ 0.476"
(0.019) (0.020)
Oservations 22,524 22,524
Log likelihood —14,882.870 —14,848.430
Akaike inf. crit. 29,783.740 29,718.870
Bayesian inf. crit. 29,855.940 29,807.110

Note: Standard Errors are presented below the coefficient in rounded brackets.

p-values are Bonferroni corrected to account for the number of coefficients.

p-values less than p = 0.05/7 for the left model and p = 0.05/8 for the right model are in bold.
*p < 0.05;*p < 0.01; **p < 0.001

Stewart (2014) - highlighter and paper towels—were coded as old. Further, apartments, laptops, and
cars were coded as new. Shoes were coded separately. The variables used deviation coding, so the
comparison is made to the mean effect. We present our results in Table 5 (right model). We observed
that the strength of the attraction effect was modulated by the product type variable, with older stimuli
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producing a stronger attraction effect. Thus, the specific attributes and attribute values that were used
in the experiment were also important in modulating the attraction effect.

5. General discussion

In this paper, we conducted a high-powered pre-registered experiment where we varied the mode
(numerical vs. graphical), layout (by-attribute vs. by-alternative), and order as presentation factors
thought to modulate the attraction effect (Frederick et al., 2014; Spektor et al., 2021; Yang and Lynn,
2014). Previous literature had suggested that the attraction effect was fragile and required the stimuli to
be presented in some specific formats, without which the attraction effect would disappear or reverse.
We observed that the attraction effect was robust to each of these factors, often producing strong
attraction effects where the target was chosen at an average 1.5 times as often as the competitor (i.e.,
RST = 0.6). While we observed a robust attraction effect across our various manipulations, the strength
of the effect was modulated by the display factors. It was consistently stronger for some factors as
compared to others. Specifically, we observed a dependence on order and mode. This indicates that the
format in which information is displayed plays a role in decision-making processes.

Regarding order, we found the weakest attraction effect when the target and the decoy were not
adjacent to each other. This might be because their adjacency potentially facilitates a comparison
between the two, which brings out the dominance of the target relative to the decoy. This is possibly
hindered when the competitor is between the target and the decoy. Further, we noticed that the attraction
effect is the strongest for the order DTC. This might be because when the decoy is presented first
(i.e., left or top), it forms the baseline for future comparisons. The dominance of the target compared
to this baseline potentially results in it being perceived as a superior option and finally results in it
being chosen. Evans et al. (2021b) also found that the order DTC produced a strong attraction effect
in the reanalysis of Trueblood et al. (2015). However, Evans et al. (2021b) also examined the impact
of temporal order on the attraction effect and found a different pattern of results. For example, the
temporal order TDC (where T is presented first, D second, and C last) produces a strong repulsion
instead of an attraction effect. Evans et al. (2021b) model this using a memory component that leads to
slower evidence accumulation for a previously presented option. In our task, we do not anticipate any
role of memory and hence do not need to account for this effect. Overall, order might interact with other
cognitive processes (e.g., memory in Evans et al. (2021b) and attention in the current experiment) and
play an important role in the kind of evaluations and comparisons that are made during the decision-
making process.

Order produces a remarkably consistent influence on the attraction effect across many different
settings. This pattern was similar across the different modes and layouts as depicted in Figure 3. This
pattern is similar to the one observed in the analyses reported in the Supplementary Materials using
data from Cataldo and Cohen (2021b). Evans et al. (2021b) found a similar pattern in the reanalysis of
Trueblood et al. (2015), which used a perceptual decision-making task. These results indicate potential
common mechanisms between different kinds of decisions. Hence, we conclude that the influence of
order on the attraction effect is a robust finding.

The influence of mode (i.e., numerical vs. graphical) on the attraction effect is in accordance with
Frederick et al. (2014), Spektor et al. (2021), and Yang and Lynn (2014), where numerical stimuli are
predicted to produce stronger attraction effects. Spektor et al. (2021) suggests that this is driven by
the concreteness of the representation, where numerical stimuli bring out the dominance relationship
between the target and the competitor. As shown in Figure 3, the influence of mode seems to be robust
to the layout and order in which the information is displayed. In an exploratory analysis provided in the
Supplementary Materials, we show that the dependence on mode does not hold for all of the consumer
goods tested in the experiment. Specifically, it seems to hold for the old consumer goods from Noguchi
and Stewart (2014) but not for the novel stimuli. Hence, further exploration is needed to understand
how specific attributes and attribute values might interact with the mode.
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We observed a null effect of the layout (i.e., by-alternative vs. by-attribute) in our experiment. In an
additional analysis presented in the Supplementary Materials, we only used data from the graphical
mode, which is very similar in format to the stimuli used in Cataldo and Cohen (2019), and still
observed a null effect. This is a failure to replicate the results of Cataldo and Cohen (2019). It is worth
noting that there are differences in our experiment and Cataldo and Cohen (2019), such as the number
of trials and differences in participants, which could potentially explain the discrepancy in results. The
number of trials could modulate the attraction effect since decision-makers might develop decision
strategies to reduce mental effort during the course of a long experiment with a large number of trials
(Ahn et al., 2015; Lichters et al., 2015). Such strategies might be more sensitive to differences in the
ease of comparing options and thus reveal differences between presentation layout as found in Cataldo
and Cohen (2019). Strategies to reduce mental effort are less likely to be adopted in short experiments
with a small number of trials (such as the present one). Our findings call into question the unified impact
of layout on the attraction effect.

We observed that the attraction effect is at an average stronger for the consumer goods from Noguchi
and Stewart (2014) compared to novel consumer goods tested in our experiment. This might be because
the consumer goods were chosen from Noguchi and Stewart (2014) based on their ability to produce
strong attraction effects, resulting in a selection bias. This might also be due to many potentially
confounding differences between the two sets of consumer goods. For one, the consumer goods—
paper towels, highlighters, and walking shoes in Noguchi and Stewart (2014) were everyday low-value
consumer goods. On the other hand, the novel consumer goods—apartments, laptops, and cars were
high-value goods that are purchased rarely. Second, the attributes for the novel stimuli used a 1-10
scale and had similar units. The attributes for the older stimuli used different scales and had different
units. Specifically, Hayes et al. (2024) showed that when attributes are on a similar scale, individuals
can make inter-attribute comparisons, which can impact the presence of the attraction effect. Thus, we
find that the specific attributes and attribute values can modulate the strength of the attraction effect.

As discussed in the introduction, interactions between attentional processes and decision making
have been invoked to explain context effects (Cataldo and Cohen, 2019; Spektor et al., 202 1; Trueblood,
2022). Trueblood et al. (2022) proposed a promising approach to model multi-alternative, multi-
attribute choice using an attentional process that informs a preference accumulation process. In
this model, a Markov attentional process probabilistically selects the options and attributes that are
compared at any given moment in time. Preference is accumulated for the attended options until a
threshold is reached, triggering a decision. Trueblood et al. (2022) showed that the dependence of
the attraction effect on spatial order can be explained by the Markov attention process by allowing
the probabilities with which options are selected and compared to depend on their spatial proximity.
For example, the model allows for larger transition probabilities when options are spatially adjacent.
Thus, when the target and decoy are adjacent (such as in the order DTC), the model predicts that
these two options will be compared more, thus leading to a stronger attraction effect. Further, Hayes
et al. (2024) expanded this framework and allowed for between-attribute comparisons when attributes
are on a common 0-10 scale, like the new stimuli in our experiment. They found that between-
attribute comparisons reduced the strength of the attraction effect. Formats such as graphical displays
might also allow for between-attribute comparisons since an individual can easily compare the size
of bars for different attributes. The facilitation of between-attribute comparisons in graphical displays
could explain the observed reduction in the attraction effect. Thus, the theory of attentional dynamics
described in Hayes et al. (2024) and Trueblood et al. (2022) is potentially a unifying framework to
explain our findings.

From a practical and applied perspective, decision-making biases can be used to design choice
architectures to improve the quality of decisions (Lichters et al., 2017; Thaler et al., 2013). The
attraction effect has been suggested as a method to help individuals make better decisions such as
selecting more healthy food choices (van den Enden and Geyskens, 2021) or buying eco-friendly goods
(Guath et al., 2022). Our findings have a direct implication for the format in which information about
the choices can be displayed to produce the strongest effect. Our findings suggest that the information
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should be presented numerically, and the target and the decoy should be presented adjacent to each
other to maximize the choice share of the target. Choice architects can utilize the presentation format
as an additional dimension to aid in improving decisions.

5.1. Constraints on generality

In our study, we varied a large number of presentation factors and observed how they modulated the
attraction effect. Despite our efforts to comprehensively test a large number of formats, there were
additional presentation formats that we did not test in our experiment. For instance, we did not arrange
the options in a triangle as in Noguchi and Stewart (2014). Apart from presentation formats, additional
experimental factors can modulate the strength of the attraction effect like time pressure (Cataldo and
Cohen, 2021b; Evans et al., 2019; Spektor et al., 2021) or the number of trials (Lichters et al., 2015).
Future experimenters might vary some of these factors to understand which ones might reverse the
attraction effect.

In our experiment, we only used a single set of attribute values for the target and competitor options
for each product (see Table 1). Future experiments might vary the attribute values in order to more
comprehensively test how attribute values influence the attraction effect. Experimenters that vary these
values will face an additional challenge since it is more difficult to calculate the RST when the target
and competitor options can take on a larger range of values. Innovative experimental designs and forms
of inference will need to be considered (see for example, Dumbalska et al. (2020)).

All our options were presented with explicit attribute values. In some studies, the attributes are not
presented explicitly to the participants (Dumbalska et al., 2020; Frederick et al., 2014; Trendl et al.,
2021). These kinds of stimuli (e.g., pictures of different fruits) might require the decision maker to
generate attributes and convert these attributes to internal representations which might not be accounted
for by the way we varied the ‘mode’ (numerical vs. graphical).

We only studied value-based consumer decision-making. However, there are additional decision-
making paradigms such as perceptual decisions (Trueblood et al., 2015), inter-temporal choice (Gluth
et al., 2017), risky gambles (Frederick et al., 2014), and even memory tasks (Maylor and Roberts,
2007) that have been used to study the attraction effect. While we observed choice patterns that were
consistent with findings from other paradigms, it is still an important theoretical question of whether
people use the same mechanisms for attribute comparisons and integration across domains (Frederick
et al., 2014; Shimojo et al., 2003; Trueblood et al., 2013). Future experiments might vary the task (e.g.,
consumer choice vs. perceptual choice) along with the presentation format to test how the presentation
format impacts choice across different tasks.

5.2. Future directions

Overall, our findings challenge researchers to provide explanations to account for the dependence of the
attraction effect on presentation formats. As discussed in the introduction, the existing multi-alternative
multi-attribute models in their current form do not give an account as to how presentation might impact
choice. Cataldo and Cohen (2019) and Trueblood et al. (2022) suggest that attention and comparisons
are critical for multiattribute choice. Spektor et al. (2021) argue that the stimulus representation also
plays a key role. While all of these ideas are related, they could be theoretically and computationally
instantiated in different ways. Our data can help inform such theoretical developments.

One explanation for the dependence of the attraction effect on presentation formats relates to the
interaction of attention and decision-making processes (Trueblood et al., 2022). Future research could
further investigate the interactions among presentation formats, attention, and decision-making. For
example, previous studies using process tracing have revealed that transitions between alternatives
often predict the final decision (Marini et al., 2023; Noguchi and Stewart, 2014). Additionally, research
indicates that different multiattribute tasks exhibit distinct between and within-attribute transitions
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(Yang and Krajbich, 2023), as suggested in Hayes et al. (2024). Interestingly, a bottom-up manipulation
of attention did not alter the comparison process (Hasan and Trueblood, 2024), suggesting that attention
allocation may be influenced by decision strategies (Callaway et al., 2021) and top-down features
like value (Towal et al., 2013). By coupling process tracing methods with presentation-format-based
manipulations, researchers might discover significant differences in attention allocation and choices
across different presentation formats.

Registered reports were introduced to increase transparency in the scientific process, validate exper-
imental designs, and reduce publication bias against research outcomes (Chambers, 2013; Chambers
and Tzavella, 2022; Henderson and Chambers, 2022). While registered reports are primarily used for
confirmatory research (Henderson and Chambers, 2022) (e.g., Evans et al., 2021a; Saribay et al., 2020;
Zgxonnikov et al., 2019), these processes can also improve the quality and trust of exploratory research
(Dirnagl, 2020; McIntosh, 2017). Some journals have introduced a separate publication category called
‘exploratory reports’ to encourage researchers to conduct exploratory research, independently from
the conventions of hypothesis-testing methods (McIntosh, 2017). We hope that findings, such as ours,
from exploratory registered reports will be able to serve as a strong basis for fostering theoretical
development.

6. Conclusion

We undertook a registered report to conduct a high-powered exploratory study to understand the
dependence of the attraction effect on presentation formats. We varied the mode (numerical vs.
graphical), the layout (by-alternative vs. by-attribute) and the order (e.g., DTC - Decoy-Target-
Competitor) in which options were displayed. We recruited over 2,000 people and recorded over 24,000
choices on value-based consumer decisions. We observed a robust attraction effect across each of these
factors. The strength of the effect was modulated by the order and the mode but not by the layout. These
empirical findings are not directly predicted by any of the modeling paradigms and can be used as a
foundation for theory development.

Acknowledgments. We thank William Hayes for his assistance with the power analysis and his helpful comments. We also
thank Hoyoung Doh for his useful comments.

Funding statement. This work was supported by the Estes summer fellowship from Indiana University to EH and NSF grant
1846764 /2305559 to J.S.T.

Data Availability Statement. The data and analysis code are available on the Open Science Framework at https://osf.io/wzct3/.

References

Ahn, S., Kim, J., & Ha, Y.-W. (2015). Feedback weakens the attraction effect in repeated choices. Marketing Letters, 26(4),
449-459.

Almaatouq, A., Griffiths, T. L., Suchow, J. W., Whiting, M. E., Evans, J., & Watts, D. J. (2022). Beyond playing 20 questions
with nature: Integrative experiment design in the social and behavioral sciences. Behavioral and Brain Sciences, 47(33), 1-55.
https://doi.org/10.1017/S0140525X22002874.

Bateson, M., Healy, S. D., & Hurly, T. A. (2003). Context—dependent foraging decisions in Rufous hummingbirds. Proceedings
of the Royal Society of London Series B: Biological Sciences, 270(1521), 1271-1276.

Berkowitsch, N. A., Scheibehenne, B., & Rieskamp, J. (2014). Rigorously testing multialternative decision field theory against
random utility models. Journal of Experimental Psychology: General, 143(3), 1331.

Bhatia, S. (2013). Associations and the accumulation of preference. Psychological Review, 120(3), 522.

Busemeyer, J. R., Gluth, S., Rieskamp, J., & Turner, B. M. (2019). Cognitive and neural bases of multi-attribute, multi-alternative,
value-based decisions. Trends in Cognitive Sciences, 23(3), 251-263.

Callaway, F., Rangel, A., & Griffiths, T. L. (2021). Fixation patterns in simple choice reflect optimal information sampling. PLoS
Computational Biology, 17(3), e1008863.

Cataldo, A. M. & Cohen, A. L. (2018). Reversing the similarity effect: The effect of presentation format. Cognition, 175,
141-156.


https://osf.io/wzct3/
https://doi.org/10.1017/S0140525X22002874

Judgment and Decision Making 23

Cataldo, A. M. & Cohen, A. L. (2019). The comparison process as an account of variation in the attraction, compromise, and
similarity effects. Psychonomic Bulletin & Review, 26(3), 934-942.

Cataldo, A. M. & Cohen, A. L. (2021a). The influence of within-alternative and within-dimension similarity on context effects.
Decision, 8(3), 202.

Cataldo, A. M. & Cohen, A. L. (2021b). Modeling preference reversals in context effects over time. Computational Brain &
Behavior, 4(1), 101-123.

Chambers, C. D. (2013). Registered reports: a new publishing initiative at cortex. Cortex, 49(3), 609-610.

Chambers, C. D. & Tzavella, L. (2022). The past, present and future of registered reports. Nature Human Behaviour, 6(1), 29-42.

Chang, C.-C. & Liu, H.-H. (2008). Which is the compromise option? Information format and task format as determinants. Journal
of Behavioral Decision Making, 21(1), 59-75.

Choplin, J. M. & Hummel, J. E. (2005). Comparison-induced decoy effects. Memory & cognition, 33(2), 332-343.

Dhar, R. & Glazer, R. (1996). Similarity in context: Cognitive representation and violation of preference and perceptual
invariance in consumer choice. Organizational Behavior and Human Decision Processes, 67(3), 280-293.

Dhar, R., Nowlis, S. M., & Sherman, S. J. (2000). Trying hard or hardly trying: An analysis of context effects in choice. Journal
of Consumer Psychology, 9(4), 189-200.

Dimara, E., Bezerianos, A., & Dragicevic, P. (2016). The attraction effect in information visualization. IEEE transactions on
Visualization and Computer Graphics, 23(1), 471-480.

Dirnagl, U. (2020). Preregistration of exploratory research: Learning from the golden age of discovery. PLoS Biology, 18(3),
€3000690.

Dubova, M., Moskvichev, A., & Zollman, K. (2022). Against theory-motivated experimentation in science. MetaArXiv.

Dumbalska, T., Li, V., Tsetsos, K., & Summerfield, C. (2020). A map of decoy influence in human multialternative choice.
Proceedings of the National Academy of Sciences, 117(40), 25169-25178.

Evans, A. M., Kogler, C., & Sleegers, W. W. (2021a). No effects of synchronicity in online social dilemma experiments: A
registered report. Judgment and Decision Making, 16(4), 823-843.

Evans, N. J., Holmes, W. R., Dasari, A., & Trueblood, J. S. (2021b). The impact of presentation order on attraction and repulsion
effects in decision-making. Decision, 8(1), 36.

Evans, N. J., Holmes, W. R., & Trueblood, J. S. (2019). Response-time data provide critical constraints on dynamic models of
multi-alternative, multi-attribute choice. Psychonomic Bulletin & Review, 26(3), 901-933.

Farmer, G. D., Warren, P. A., El-Deredy, W., & Howes, A. (2017). The effect of expected value on attraction effect preference
reversals. Journal of Behavioral Decision Making, 30(4), 785-793.

Frederick, S., Lee, L., & Baskin, E. (2014). The limits of attraction. Journal of Marketing Research, 51(4), 487-507.

Gluth, S., Hotaling, J. M., & Rieskamp, J. (2017). The attraction effect modulates reward prediction errors and intertemporal
choices. Journal of Neuroscience, 37(2), 371-382.

Guath, M., Stikvoort, B., & Juslin, P. (2022). Nudging for eco-friendly online shopping—attraction effect curbs price sensitivity.
Journal of Environmental Psychology, 81, 101821.

Hasan, E. & Trueblood, J. S. (2024). The role of salience in multialternative multiattribute choice. In L. K. Samuelson, S. L.
Frank, M. Toneva, A. Mackey, & E. Hazeltine (Eds.), Proceedings of the 46th Annual Conference of the Cognitive Science
Society. 4419-4426. Austin, TX: Cognitive Science Society.

Hayes, W., Holmes, W., & Trueblood, J. (2024). Attribute comparability and context effects in preferential choice. Psychon Bull
Rev. https://doi.org/10.3758/s13423-024-02565-6.

Henderson, E. L. & Chambers, C. D. (2022). Ten simple rules for writing a registered report. PLoS Computational Biology,
18(10), e1010571.

Herne, K. (1997). Decoy alternatives in policy choices: Asymmetric domination and compromise effects. European Journal of
Political Economy, 13(3), 575-589.

Hlavac, M. (2022). Stargazer: Beautiful LATEX, HTML and ASCII tables from R statistical output. The comprehensive R archive
network.

Howes, A., Warren, P. A., Farmer, G., El-Deredy, W., & Lewis, R. L. (2016). Why contextual preference reversals maximize
expected value. Psychological Review, 123(4), 368.

Huber, J., Payne, J. W., & Puto, C. (1982). Adding asymmetrically dominated alternatives: Violations of regularity and the
similarity hypothesis. Journal of Consumer Research, 9(1), 90-98.

Huber, J., Payne, J. W., & Puto, C. P. (2014). Let’s be honest about the attraction effect. Journal of Marketing Research, 51(4),
520-525.

Huber, J. & Puto, C. (1983). Market boundaries and product choice: Illustrating attraction and substitution effects. Journal of
Consumer Research, 10(1), 31-44.

Hutchinson, J. W., Kamakura, W. A., & Lynch Jr, J. G. (2000). Unobserved heterogeneity as an alternative explanation for
“reversal” effects in behavioral research. Journal of Consumer Research, 27(3), 324-344.

Keck, S. & Tang, W. (2020). When “decoy effect” meets gender bias: The role of choice set composition in hiring decisions.
Journal of Behavioral Decision Making, 33(2), 240-254.

Kivetz, R., Netzer, O., & Srinivasan, V. (2004). Alternative models for capturing the compromise effect. Journal of Marketing
Research, 41(3), 237-257.


https://doi.org/10.3758/s13423-024-02565-6

24 Hasan Eeshan et al.

Krajbich, I. (2019). Accounting for attention in sequential sampling models of decision making. Current Opinion in Psychology,
29, 6-11.

Krajbich, 1., Armel, C., & Rangel, A. (2010). Visual fixations and the computation and comparison of value in simple choice.
Nature Neuroscience, 13(10), 1292-1298.

Kruis, J., Maris, G., Marsman, M., Bolsinova, M., & van der Maas, H. L. (2020). Deviations of rational choice: an integrative
explanation of the endowment and several context effects. Scientific Reports, 10(1), 1-16.

Lakatos, I. (1974). The role of crucial experiments in science. Studies in History and Philosophy of Science Part A, 4(4), 309-325.

Latty, T. & Beekman, M. (2011). Irrational decision-making in an amoeboid organism: transitivity and context-dependent
preferences. Proceedings of the Royal Society B: Biological Sciences, 278(1703), 307-312.

Lea, A. M. & Ryan, M. J. (2015). Irrationality in mate choice revealed by tingara frogs. Science, 349(6251), 964-966.

Lichters, M., Bengart, P., Sarstedt, M., & Vogt, B. (2017). What really matters in attraction effect research: when choices have
economic consequences. Marketing Letters, 28, 127-138.

Lichters, M., Sarstedt, M., & Vogt, B. (2015). On the practical relevance of the attraction effect: A cautionary note and guidelines
for context effect experiments. AMS Review, 5(1), 1-19.

Liu, Y. & Trueblood, J. S. (2023). The effect of preference learning on context effects in multi-alternative, multi-attribute choice.
Cognition, 233, 105365.

Marini, M., Sapienza, A., & Paglieri, F. (2023). There is more to attraction than meets the eye: Studying decoy-induced attention
allocation without eye tracking. Journal of Behavioral Decision Making, 36(2), €2299.

Maylor, E. A. & Roberts, M. A. (2007). Similarity and attraction effects in episodic memory judgments. Cognition, 105(3),
715-723.

Mclntosh, R. D. (2017). Exploratory reports: A new article type for cortex. Cortex, 96, A1-A4.

Mishra, S., Umesh, U., & Stem Jr, D. E. (1993). Antecedents of the attraction effect: An information-processing approach.
Journal of Marketing Research, 30(3), 331-349.

Noguchi, T. & Stewart, N. (2014). In the attraction, compromise, and similarity effects, alternatives are repeatedly compared in
pairs on single dimensions. Cognition, 132(1), 44-56.

Noguchi, T. & Stewart, N. (2018). Multialternative decision by sampling: A model of decision making constrained by process
data. Psychological Review, 125(4), 512.

Parrish, A. E., Evans, T. A., & Beran, M. J. (2015). Rhesus macaques (Macaca mulatta) exhibit the decoy effect in a perceptual
discrimination task. Attention, Perception, & Psychophysics, 77(5), 1715-1725.

Peterson, J. C., Bourgin, D. D., Agrawal, M., Reichman, D., & Griffiths, T. L. (2021). Using large-scale experiments and machine
learning to discover theories of human decision-making. Science, 372(6547), 1209-1214.

Platt, J. R. (1964). Strong inference: Certain systematic methods of scientific thinking may produce much more rapid progress
than others. Science, 146(3642), 347-353.

Ratneshwar, S., Shocker, A. D., & Stewart, D. W. (1987). Toward understanding the attraction effect: The implications of product
stimulus meaningfulness and familiarity. Journal of Consumer Research, 13(4), 520-533.

Roe, R. M., Busemeyer, J. R., & Townsend, J. T. (2001). Multialternative decision field theory: A dynamic connectionist model
of decision making. Psychological Review, 108(2), 370.

Saribay, S. A., Yilmaz, O., & Korpe, G. G. (2020). Does intuitive mindset influence belief in god? a registered replication of
shenhav, rand and greene (2012). Judgment and Decision Making, 15(2), 193-202.

Scarpi, D. (2011). The impact of phantom decoys on choices in cats. Animal Cognition, 14(1), 127-136.

Sen, S. (1998). Knowledge, information mode, and the attraction effect. Journal of Consumer Research, 25(1), 64-77.

Shafir, S., Waite, T. A., & Smith, B. H. (2002). Context-dependent violations of rational choice in honeybees (Apis mellifera)
and gray jays (Perisoreus canadensis). Behavioral Ecology and Sociobiology, 51(2), 180—187.

Shimojo, S., Simion, C., Shimojo, E., & Scheier, C. (2003). Gaze bias both reflects and influences preference. Nature
Neuroscience, 6(12), 1317-1322.

Simonson, 1. (1989). Choice based on reasons: The case of attraction and compromise effects. Journal of Consumer Research,
16(2), 158-174.

Simonson, 1. & Tversky, A. (1992). Choice in context: Tradeoff contrast and extremeness aversion. Journal of Marketing
Research, 29(3), 281-295.

Spektor, M. S., Bhatia, S., & Gluth, S. (2021). The elusiveness of context effects in decision making. Trends in Cognitive
Sciences, 25(10), 843-854.

Spektor, M. S., Kellen, D., & Hotaling, J. M. (2018). When the good Ischoooks bad: An experimental exploration of the repulsion
effect. Psychological Science, 29(8), 1309-1320.

Spektor, M. S., Kellen, D., & Klauer, K. C. (2022). The repulsion effect in preferential choice and its relation to perceptual
choice. Cognition, 225, 105164.

Stoffel, S. T., Yang, J., Vlaev, 1., & von Wagner, C. (2019). Testing the decoy effect to increase interest in colorectal cancer
screening. PloS One, 14(3), e0213668.

Thaler, R. H., Sunstein, C. R., & Balz, J. P. (2013). Choice architecture. The Behavioral Foundations of Public Policy, 25,
428-439.

Towal, R. B., Mormann, M., & Koch, C. (2013). Simultaneous modeling of visual saliency and value computation improves
predictions of economic choice. Proceedings of the National Academy of Sciences, 110(40), E3858-E3867.



Judgment and Decision Making 25

Trendl, A., Stewart, N., & Mullett, T. L. (2021). A zero attraction effect in naturalistic choice. Decision, 8(1), 55.

Trueblood, J., Brown, S., & Heathcote, A. (2015). The fragile nature of contextual preference reversals: Reply to tsetsos, chater,
and usher (2015). Psychological Review, 122(4), 848—-853.

Trueblood, J., Liu, Y., Murrow, M., Hayes, W., & Holmes, W. (2022). Attentional dynamics explain the elusive nature of context
effects. https://doi.org/10.31234/0sf.io/hj8dg.

Trueblood, J. S. (2012). Multialternative context effects obtained using an inference task. Psychonomic Bulletin & Review, 19(5),
962-968.

Trueblood, J. S. (2015). Reference point effects in riskless choice without loss aversion. Decision, 2(1), 13.

Trueblood, J. S. (2022). Theories of context effects in multialternative, multiattribute choice. Current Directions in Psychological
Science, 31(5), 428-435.

Trueblood, J. S., Brown, S. D., & Heathcote, A. (2014). The multiattribute linear ballistic accumulator model of context effects
in multialternative choice. Psychological Review, 121(2), 179.

Trueblood, J. S., Brown, S. D., Heathcote, A., & Busemeyer, J. R. (2013). Not just for consumers: Context effects are fundamental
to decision making. Psychological Science, 24(6), 901-908.

Tsetsos, K., Chater, N., & Usher, M. (2015). Examining the mechanisms underlying contextual preference reversal: comment on
Trueblood, Brown, and Heathcote (2014). Psychological Review, 122(4), 838-847.

Turner, B. M., Schley, D. R., Muller, C., & Tsetsos, K. (2018). Competing theories of multialternative, multiattribute preferential
choice. Psychological Review, 125(3), 329.

Tversky, A. (1972). Elimination by aspects: A theory of choice. Psychological Review, 79(4), 281.

Usher, M. & McClelland, J. L. (2004). Loss aversion and inhibition in dynamical models of multialternative choice.
Psychological Review, 111(3), 757.

van den Enden, G. & Geyskens, K. (2021). Attract the best: The attraction effect as an effective strategy to enhance healthy
choices. Plos One, 16(11), ¢0259521.

Wedell, D. H. & Pettibone, J. C. (1996). Using judgments to understand decoy effects in choice. Organizational Behavior and
Human Decision Processes, 67(3), 326-344.

Wollschlaeger, L. M. & Diederich, A. (2020). Similarity, attraction, and compromise effects: Original findings, recent empirical
observations, and computational cognitive process models. The American Journal of Psychology, 133(1), 1-30.

Xiao, Q., Zeng, S., & Feldman, G. (2020). Revisiting the decoy effect: replication and extension of Ariely and Wallsten (1995)
and Connolly, Reb, and Kausel (2013). Comprehensive Results in Social Psychology, 4(2), 164—198.

Yang, S. & Lynn, M. (2014). More evidence challenging the robustness and usefulness of the attraction effect. Journal of
Marketing Research, 51(4), 508-513.

Yang, X. & Krajbich, I. (2023). A dynamic computational model of gaze and choice in multi-attribute decisions. Psychological
Review, 130(1), 52.

Zgonnikov, A., Atiya, N. A., O’hora, D., Rafio, I., & Wong-Lin, K. (2019). Beyond reach: Do symmetric changes in motor costs
affect decision making? a registered report. Judgment and Decision Making, 14(4), 455-469.

Zhen, S. & Yu, R. (2016). The development of the asymmetrically dominated decoy effect in young children. Scientific Reports,
6(1), 1-7.

Cite this article: Hasan, E., Liu, Y., Owens, N., and Trueblood, J. S. (2025). A registered report on presentation factors that
influence the attraction effect. Judgment and Decision Making, 6. https://doi.org/10.1017/jdm.2024.27


https://doi.org/10.31234/osf.io/hj8dg
https://doi.org/10.1017/jdm.2024.27

	1. Introduction
	1.1. Presentation format factors
	1.1.1. Mode of presentation
	1.1.2. Presentation layout
	1.1.3. Presentation order

	1.2. Experimental Aims

	2. Method
	2.1. Participants
	2.2. Materials
	2.3. Procedure

	3. Planned analyses
	3.1. Single condition analysis
	3.2. Single factor analysis
	3.3. Interaction effects

	4. Results
	4.1. Single condition Analysis
	4.2. Single factor analysis
	4.3. Interaction effects
	4.4. Main effects

	5. General discussion
	5.1. Constraints on generality
	5.2. Future directions

	6. Conclusion
	References

