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Abstract

Fixation durations can be used to provide insights into cognitive processes; longer fixations are
associated with an increasing level of processing. Based on the literature on individual differences
on cognitive processes, we analyzed gaze behavior during a purchase decision context in order to
understand if the levels of cognitive reflection affect the type of price-information processing, and
in turn, the quality of choice. The items of the cognitive reflection test (CRT) were designed to
trigger an erroneous but intuitive response; scores on this test predict a wide range of judgment
and decision biases. The aim of this paper is to investigate the role of the inhibitory component of
the CRT, measured by the number of non-intuitive answers of the CRT-ICS (Inhibitory Control
Score), on the decision-making process in a purchase context, and its impact on the quality of
choice. Participants were presented with two websites selling the same commercial package and
askedtochooseone. The two alternative packages were displayed by four price dimensions. Fixation
durations and the direction of the information search were recorded using eye-tracking technology (Eye
Link 1000 Plus). After the final choices were recorded, participants were asked to fill several
cognitive reflection tests, and a numeracy test.

We found a worse choice quality for people with low CRT-ICS (e.g., selection of the more
expensive package). The underlying cognitive processes were investigated, and two possible
explanations for the low-quality choice finding were tested by analyzing gaze behavior. A “semantic
grouping of multi-dimensional prices” hypothesis (more impulsive participants will tend to group
multi-dimensional prices by their semantic relatedness and neglect the unrelated one). A “superficial
price-information processing” hypothesis (more impulsive participants will tend to analyze all

displayed multi-dimensional prices more quickly). Results support the second hypothesis and show



that participants with lower cognitive reflection spend less time to look at all displayed price
dimensions which, in turn, leads to a worse choice accuracy. The results are interesting because
they highlight that cognitive reflection can manifest not only in our thinking but how we allocate
attention to the information and the environment.

The exploration of cognitive processes in decision-making, particularly in a purchase context and
the role of cognitive reflection in how individuals process price information have a theoretical
relevance for understanding how people process price information and make choices. Furthermore,
it underscores the importance of attention allocation, as observed through eye-tracking and

fixation durations, in understanding these cognitive processes.

Keywords: online purchases, eye tracking, cognitive reflection, categorization process, mental

accounting, multidimensional prices

1. Introduction

Individual differences in judgment and decision-making have been extensively studied in recent
years [1], often investigating whether some individuals are more prone to relying on heuristics and
biases in their decisions. Such research has revealed that the presence and magnitude of decision
biases can be predicted by an individual’s cognitive reflection, which is defined as the tendency to
reflect on a question instead of reporting the first, potentially erroneous, response that comes to
mind. In the present study, we investigate whether cognitive reflection predicts the tendency to
ignore relevant, but seemingly unrelated, price information in purchasing decisions.

Although cognitive reflection refers to a broad tendency to rely on intuitions rather than
deliberation in decision-making, it is investigated through using a Cognitive Reflection Test (CRT,
[2]). As it was first developed, the CRT requires participants to solve three problems that are
designed to automatically generate intuitive responses. Many studies have shown that CRT scores
correlate with heuristics and biases [3-5], seemingly because those with lower cognitive reflection
base their decisions on System 1 psychological processes that are fast, automatic and effortless [6].
For example, the negative correlation between CRT scores and the number of conjunction fallacies
suggests that lower cognitive reflection means increased reliance on similarity-based judgments such
asthe representativeness heuristic (See [7], [8]). Lower CRT scores are also associated with a more

superficial information search pattern and a lack of adequate information integration, further



supporting the relatively higher reliance on heuristics over deliberation [9], [10], [11]. Several
authors agree that the CRT is not just another numeracy scale [12] and some of them studied the
link between CRT and numeracy and their effect on decision-making [13], [14]. For example,
Campitelli and Labollita [15] considered the possibility that the effect of cognitive reflection on
decision-making performance could be mediated by numeracy. However, the correlations they
found were not in line with this hypothesis. Sirota and Juanchich proposed to test whether
numeracy can mediate the effect of cognitive reflection on Bayesian reasoning [16] and they found
that numeracy does not mediate the effect of cognitive reflection on Bayesian performance. The
role of numeracy in performance was clarified and cognitive reflection was identified as a new
determinant of Bayesian performance. Even in simple lotteries, superior risky decisions associated
with cognitive abilities and controlled cognition can reflect metacognitive dynamics and
elaborative heuristic search processes, rather than normative calculations. Other research indicates
that individual differences in risky decision-making may also arise from variations in one’s general
knowledge and understanding of probabilities such as numeracy [17]. Sobkow and colleagues [18]
found that multiple numeric competencies predicted decision-making beyond fluid intelligence
and cognitive reflection; moreover, a combination of different cognitive abilities contributed to a
better understanding of decision outcomes. Also in other studies lower cognitive reflection
ultimately leads to lower quality purchase decisions([19], [20], [21]); subjects with higher
cognitive ability play closer to the Nash-equilibrium in a p-beauty contest [22]; actual willingness
to pay for various consumer goods can be manipulated by an uninformative anchor and the effect
is lower in people with higher cognitive reflection [23] and the scale risk aversion and impatience
decrease with higher cognitive ability ([24]).
Superficial information-processing of displayed prices. In order to make rational purchasing
decisions, people must compute the total price by the means of a mental calculation. For example,
when shown a car lease priced as “232€ a month for 36 months” people need to multiply 232 by 36
to get the total price. Mental calculation requires effort and is related to a deep information
processing. Because lower cognitive reflection is associated with increased use of System 1
psychological processes, purchasing decisions that allow for heuristic decision-making may be made
differently by those lower in cognitive reflection.

A consumer is confronted with a multi-dimensional price when more than one set of numbers
is displayed for the given purchase, as in the above example (For a review on multi-dimensional

prices see [25]). Other examples of such transactions are “a 125€ jacket on sale for 13€ off” or “a



mobile phone for 499€ plus 110€ taxes and 9.90€ for overnight shipping and handling”. Multi-
dimensional pricing is frequently used in sales, and under these circumstances the consumer needs
to compute the net price by integration of all price dimensions to make a rational choice ([26], p.
327).

In purchasing decisions that involve multiple dimensions of pricing, the heuristic information-
processing could involve attending to some price dimensions and ignoring others, which is called
attribute or dimension neglect (See [27] for a discussion).

Pricing research, for example, has found that people might well overlook a price dimension
when confronted with a multi-dimensional price. For example, when showna car lease priced as
232€ a month for 36 months”, people might well focus on the monthly payment ignoring how the
total price needs to be computed (e.g., multiplication of 232 by 36). Morwitz and colleagues ([28],
Study 2), found that slightly less than 25% of participants completely ignored the surcharge for
shipping and handling when a telephone’s price was presented in a partitioned fashion (see Abraham
and Hamilton [29] for a meta-analysis on partitioned prices). Many factors might account for why
a price dimension might be ignored: the complexity of the mental operations required to compute
the total or net price, the magnitude of the product price under consideration, the relative importance
of the price dimension, the way a discount is communicated (absolute vs. proportional value),
presentation order, and the importance of the purchase itself are just a few examples (see [26] for a
review on multi-dimensional prices). Also, in the stated preference literature, it has been shown how
people in a choice card experiment often do not attend to all displayed choice attributes [27].

In this study, we investigated a potential reason for the price-dimension neglect which, to the best
of our knowledge, has not been considered. We argue that price-dimensions that are perceived as
semantically unrelated to the object of the purchase will be neglected (“semantic-neglect”), and
that this neglect will be more pronounced in those with lower cognitive reflection.

The “semantic neglect” hypothesis being tested in our study is derived from categorization theory
([30], [31], [32]). One principle in categorization theory is that people group together (e.g.,
categorize) elements that are perceived semantically related (e.g., because of their similarity or
because they share a set of properties). For example, a robin but not a bulldog is easily/quickly
recognized as a member of the category “BIRD”. Furthermore, according to the theory of prototype
[30], members of a category have different levels of categorical membership as a function of their
similarity with a prototype (“typicality effect”). For example, due to a difference in their typicality,

arobin and a canary are more easily/quickly recognized as members of the category “BIRD” than



a penguin is.

Hendersonand Peterson [33], first tried to extend the psychological processes of categorization to
mental representation of economic events by arguing the conceptual equivalence between
categorization theory and mental accounting (For a formal categorization-based model of mental
accounting see [34]; see [35] on mental accounting theory).

If the principles of categorization (e.g., the principles of grouping and graded membership within
the group) are used also for the mental representation of a purchase presented by a multidimensional
price then it is plausible to expect that atypical price dimensions in the context of a given purchase
will not be considered (e.g., the fee for the use of the credit card in the context of the evaluation of
holiday package, financial costs for the purchase of a car that is bought by borrowing money or the
administration costs for the purchase of an airline ticket). Put in other words, purchasers should be
less likely to attend, and therefore integrate, a price dimension into their subjective valuation of a
purchase when the price dimension is semantically unrelated to the purchase.

Toinvestigate whether a semantic-neglect bias exists in the context of multidimensional pricing,
and whether it is more pronounced under low cognitive reflection, we asked participants to choose
between pairs of commercial packages that were presented by a multidimensional price.

Based on the previous demonstrations of more heuristic-based decision-making in those with lower
cognitivereflection[2],[36],[37], weexpected that CRT scoreswouldpredicthow individuals choose
between commercial offers, and whether semantic relatedness of price dimensions predicts how
much attention they are given in purchasing decisions. Specifically, weexpectedthatthosewithlower
CRT scores would make poorer choices (e.g., the preference for the package with the highest net
price) than high CRT participants when semantically unrelated price dimensions were critical to
choosing the lower-priced option. In addition to looking at purchasing decisions, we used fixation
duration to measure the extent to which different price dimensions were attended during purchasing
decisions, considering their association with deeper cognitive processing ([38]; [39]; [40]; [41]; [42)).
Analysis of fixation to infer the processing of multi-attribute purchasing decisions has been used
successfully in numerous studies ([43]; [44]).

The paper by Kim and Kachersky ([45]) aims to conceptualize dimensions of price salience, which
influences price perceptions and deal evaluations, especially when a price consists of more than a
single number (multi-dimensional prices). The authors develop a framework based on existing
research on price salience and general salience. They identify four basic dimensions of price

salience: visual, semantic, computational, and magnitude salience, arguing that each dimension has



a unique influence on price perceptions. The aim of our paper is to show that also the perceived
semantic relatedness amongst the price dimensions in the context of a given purchase can affect
the deal evaluations during the decision-making process.

2. Pilot Study

2.1. Method

The aim of the pilot study was to measure the perceived semantic relatedness amongst the price-

dimensions in the context of a given purchase (e.g., awashing machine, a holiday package, etc.).
If all price-dimensions of a purchase are perceived semantically related (e.g., because they all are
the cost components of the market good), a unique semantic grouping should be found. If people
perceive different semantic relatedness amongst the price-dimensions (e.g., because of their differences
in typicality), then different semantic groupings should emerge. For example, in the case of a holiday
package, if the “price of the room”, the “price of the breakfast” and the “credit card fee” are all
perceived as semantically related because they are the three cost components of the considered
purchase, then one semantic grouping should be found. However, if people perceive the “credit card
fee” as semantically unrelated to the other two prices that represent the typical dimensions of a hotel
room, then the “credit card fee” should not be grouped together with the “bed and breakfast™ costs
whereas these last two ones should be frequently grouped together.

It should be noted that the hypothesized “semantic-neglect bias” previously discussed assumes
that the several price-dimensions of a purchase might not be equally typical within an activated
category of purchase (e.g., the purchase of a hotel room; the purchase of a car; the purchase of an
airline ticket). Said differently, there cannot be a “semantic neglect” when all displayed price-
dimensions are perceived as equally typical dimensions of the considered purchase. Therefore, it is
imperative to first demonstrate that people might well perceive different semantic relatedness

between the price dimensions in the context of a given purchase.

3. Participants

Twenty students from a local university participated in the pilot study, and the card sorting task
was used. The card-sorting technique is a typical method to investigate the semantic space of a

concept ([46]and [47]). Ithas also been developed for designing mainframe menu systems ([48]) and



has been recently used in the user centered design field in order to create information architectures of
effective and user-friendly websites [49] and [50]. Thus, we used the card sorting task to control
whether the several price dimensions of a purchase are all perceived as semantically related (e.g.,

only one semantic grouping should emerge) or not.

4. Design

We collected data as suggested in Tullis and Wood [51]. For each commercial package, the
participants were presented with six cards that represented its price-dimensions. In table 1 are

presented the six cards for each of the three commercial packages.
5. Procedure

Following Tullis and Wood ([52]), participants were asked to group the cards by following a
criterion which made sense for them. The names of the price dimensions to be grouped were printed
on the cards in an easily readable font. Todetect which price dimensions are easily grouped together
and which are not, we computed, for each package, how many times each price-dimension was

grouped together with all the others.

Holiday by the sea Washing machine Gym membership
room charge WM cost GM cost
tourist tax transport cost registration card cost
breakfast mounting cost discount
credit card fee extended warranty sauna
price discount disposal cost Locker cost
wi-fi fee appropriate detergent doctor’s appointment

Table 1: Multidimensional prices for each commercial package

6. Results



For all three purchases, results show that the displayed price dimensions are not grouped in one
single cluster. Instead, different groupings of the initial set of six cards emerge. For example, as
shown in Figure 1, “the price of the room™ and “the price of the breakfast™ are frequently grouped
together whereas “the fee for the credit card” is not.

There is no reason to expect such clustering of prices from a rational perspective because all
prices should equally be considered to get the total price. However, people differentiate between
the price dimensions of the same transaction. These results support the theoretical prediction (based
on categorization theory previously discussed) that, although the displayed multi-dimensional
prices relate to the same purchase and are presented with the same unitscale (e.g., aeuro price), they
might [53] well be perceived as differently semantically related between them. Said differently, the
displayed price dimensions are posted into different semantic groups (e.g., one price relate to the
main decision object and the other prices are more or less related to it). To the best of our
knowledge, thisisthe first evidence of different semantic groupings of the multi-dimensional prices

ofa purchase.

Findings are reported in Tables A1, A2, A3 (Appendix A). In order to visualize the results, we
used Cluster Dendograms (Figure 1, Figure 2, Figure 3) that represent the hierarchical cluster
analysis ([54]). We chose as similar dimensions (in green) the three closest ones, and as dissimilar
dimension (in red) the one farthest from the similar ones (based also from the frequency tables in
the Appendix A; in the first column are reported the four price dimensions for each commercial
package used in the next Experiment).
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Figure 1: Cluster Dendogram for the "holiday by the sea" task.
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Figure 2: Cluster Dendogram for the "washing machine" task.
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Figure 3: Cluster Dendogram for the "gym membership" task.

~. Discussion

Based on texresults, in the next experiment each of three purchases was described by four price
dimensions, thatisthe three similar price dimensions and the fourth dissimilar one. The three similar
dimensions were those that were more often grouped together (e.g., they belong to the same
semantic group). The dissimilar dimension was that which was less often grouped with the three
similar ones (e.g., it does not belong to the same semantic group of the three similar dimensions). In
Appendix A, the first column of Table Al, A2 and A3 summarizes the four price dimensions for
each purchase used in the next experiment. Let us call the first three dimensions "similar price

dimensions" (denoted as "s1”, "s2” and "s3”), and the last dimension "dissimilar price dimension"



(denoted as "d").



8. Experiment

Having established thatthe price dimensions in our stimuli differ in their semantic relatedness, we
conducted an experiment to test whether semantically dissimilar price dimensions ‘d’ are neglected,
and whether cognitive reflection is associated with this semantic-price neglection in purchasing
decisions. To measure cognitive reflection, we combined several cognitive reflection measures and
counted the number of intuitive responses given across each. Several authors have proposed a
different coding schemes of CRT responses to better measure the inhibition component of cognitive
reflection ([55], [56], [57], [58]). For example, Sinayev and Peters ([56]) argued that coding CRT
responses into two categories (intuitive responses and non-intuitive responses) allows the separation
of cognitive reflection from numeric ability. The former can be captured better by considering the
frequency of nonintuitive responses. As such, we calculated an Inhibitory Control Score using the
number of intuitive responses given rather than the number of correct responses to have a better
measurement of the inhibitory control response (from here onward, "CRT-ICS").

Because the decision-task proposed to participants consists of a high numerical component, and
because of the typical association found between the CRT and numerical skills, in our study we
also used the Numeracy test as a potential confounding variable.

Numeracy is a cognitive skill recently and widely studied for its characteristics, and for its
predictive power in different fields. It has been defined as a quantitative literacy or mathematical
literacy and there are several definitions in literature related to aspects of this construct. As a test
of mathematical and probabilistic reasoning we used the 8-item numeracy scale developed by
Weller et al. ([59]). This scale consists of eight items, two of which are taken from the CRT scale
by Frederick ([2]).

9. Method

9.1. Participants

The participants were 54 university students (34 female, 20 males; mean age= 23.6 years, SD=4.5).
The students received 3 euros for participation and from a minimum of 3 euros to amaximumof 11.5
euros on the basisoftheir CRTs’ performance. The participants who completed thisexperimentalso

completed the experiment reported by Dorigoni, Rajsic, & Bonini [60].



9.2. Procedure

Each participant, after reading the initial instructions and filling the informed consent, first
participated in the decision-making section, and afterwards took four different CRTs and one
numeracy test without any time limit. We recorded participants’ eye movements only during the
decision-making part of the experiment.

Decision-making task: choosing where to purchase.

Based on the results of the Pilot Study, three commercial packages were used in the decision-
making task: the “washing machine”, "holiday by the sea™ and “gym membership” packages. The

following table (Table 2) summarizes the four price dimensions used for each package.

Attribute  Holiday by the sea  Washing machine Gym membership
Similar Room charge Washing machine cost  Gym membership cost
Similar Tourist tax Transport cost Registration card cost
Similar Breakfast Mounting cost Discount

Dissimilar  Credit card fee Extended warrant Sauna

Table 2: Four price dimensions used for each package.

In each decision scenario, participants were told that the same package was available in two
different online shops, "X website" and Y website", and they had to decide which website they
would purchase from by clicking on the appropriate button. The two websites were offering the
same package but with a different distribution of the four values on the same four price-dimensions.
The price-dimensions were displayed in a 2 by 4 table, with the rows corresponding to the two
websites and the columns to the four price dimensions. In Figure 4, an example of decision scenario
is shown, specifically the printer package that was used only as a training trial for the participants.

In sum, for each decision scenario, there were 4 price dimensions for each alternative package,
which we will refer to generally as s1, s2, s3, and d which was critical to measuring attention to

semantic pricing as will be explained shortly.



Printer

Extended

Printer’s price Transport Installation
warranty

X website 580 € 15€ 5% 556 €

Y website 460 € 30 € 30 % 52 €

Figure 4: Decision-making part: printer package scenario that was used as a training trial for the participants.

9.3. Experimental Design

Position of the ““d” price in the decision table. The dissimilar price “d” was displayed either in
the fourth (condition 1), the first (condition 2) or the third column (condition 3). Participants were
randomly allocated to one of these three conditions. We manipulated this between-subject factor, to
control whether the hypothesized “semantic-neglect” would be affected by the relative position of
price “d” in the decision table (e.g., the price “d” might be easily neglected when displayed in the
last than in the first column).
Numerical values for the “d” price in the decision table. To control whether the hypothesized
“semantic-neglect” would be affected by the type of value used to express the dissimilar price “d”, we
built three versions for each package (holiday, washing machine and gym). In one version, only the
price "d" was expressed as a percentage, in the second version only the price "s3" was expressed as
a percentage, and in the third version both prices "d" and "s3" were expressed as percentages. Thus,
participants were presented with nine decision scenarios: three versions for each of the three
packages.
Criticality of the “d” price. For each of the nine decision scenarios, one website had a better
promotion than the other (i.e., the full net price of the package was lower). It never happened that
the two websites were offering the same package at the same net price. Specifically, in 4/9 of the
trials the "X website" had the better promotion, and in the remaining trials the ™Y website" was the
better option. Furthermore, in 4/9 decision scenarios the values of the "d" prices were essential to
choosing the cheapest option, as the values of the d dimension reversed the option rankings when



included in the total price compared to when their values were excluded (“critical trials”). In the 5/9
trials the same option was cheapest regardless of whether the “d” price was included or not in the total
price (“uncritical trials”). This manipulation is necessary to test whether the neglect of price “d” affects
the quality of choice. If it does it, then the neglect of the “d” price in the critical trials would lower decision
quality.

In sum, each participant was presented with 9 decision scenarios. She saw 3 different package
scenarios, and for each package scenario she evaluated 3 different versions depending on which price
dimension was expressed in percentage (d", "s3" or both). Last, depending on the between-subject
condition ("position of the price "d"), in all 9 decision scenarios, she saw the "d" price in the same
column (first, third or fourth). The nine decision scenarios were randomly presented to the
participant.

Eye-tracking

Eye movement data were recorded using an Eye Link 1000 Plus Binocular Tower Mount, which
providesadataacquisition at up to 2000 Hz. The participants completed the decision-making task in
the Psychtoolbox interface on a Dell computer with a 23 inches screen.

We defined fifteen areas of interest (AOIs), as shown in Figure 5 (in orange). In the analysis
we consider the eight areas that contain the price values. These areas include all relevant
information needed by the participants to make their decisions based on a rational integration of
prices. Non-numerical information (e.g., the type of product) was not considered in the analysis
because it was made clear at the beginning of the experiment that the two shops were delivering
the same identical product. In the Figure 5 it is also shown the output of the eye-tracking measures

ofaparticipantinatrial; the yellow lines represent the movements between different locations, while

the numbers in light blue represent the duration of each fixation [61].

Figure 5: Fixations and saccades of a participant in a trial.



Tests of Cognitive Reflection and Numeracy

We used four different Cognitive Reflection Tests (CRT) in order to have a stronger measure
of this construct, and to address the problem of the diffusion of the answers to the original CRT
by Frederick ([2]). The original CRT by Frederick was a three-item test. Given its increasing
popularity (it is becoming common knowledge among the university student population), many
other tests were developed as alternatives.

Participants completed the original Frederick’s test, and the tests developed by Toplak et al.,
([36]), Primi et al. ([62] ) and Thomson and Oppenheimer ([57] ).

We analyze three CRTsand the original one by Frederick; some of these cognitive reflection tests
added the items to the original test. Toplak and colleagues added four items (CRT4) to the original
three-item test (CRT3) with the result being a seven-item test (CRT7). Primi and colleagues
investigated not only the psychometric properties of the original CRT but also a new version of it
with three new items (CRT-L). Thomson and Oppenheimer developed a four-item test (CRT-2) in
order to increase the pool of available questions. The final cognitive reflection score used in the
analysis is the proportion of the nonintuitive answers divided by the total number of answers. The
three Frederick’s questions were considered only once. Thus, each participant answered in total to
14 CRT questions.

As a test of mathematical and probabilistic reasoning, we used the 8-item numeracy scale
developed by Weller et al. ([59] ). This scale consisted of eight items, two of which were taken
from the CRT scale by Frederick.

10. Hypotheses

The first hypothesis is related to the choice accuracy.

HYPO 1 (Choices): We expected that choice accuracy will be lower with low CRT-ICS than
high CRT-ICS people. The lower choice accuracy of low CRT-ICS people could be due to two
alternative visual attention processes that are described below:

HYPO 2.1: “Neglect of the semantically unrelated price-dimension ‘d””’. Low CRT-ICS people
barely look at the “price-d” compared to high CRT-ICS people because of the semantic grouping of
price-dimensions. Thus, we expected that the average dwell time spent on the dissimilar price “d”
is nearly to zero for low CRT-ICS people.



Because of the semantic grouping of price-dimensions, we should also find a lower choice accuracy
of the low CRT-ICS people compared to High CRT-ICS people, but only in the critical trials, that
iswhen the integration of the price “d” is crucial to detect the best package deal. Said differently, we
expected to find an interaction between the factor “CRT-ICS” and the factor “Type of trial” (critical
vs. uncritical).

HYPO 2.2: “Superficial processing of all displayed price dimensions”. Fromthis hypothesis, both
high and low CRTICS people should look at all price-dimensions (e.g., no neglect of the dissimilar
price “d”), but low CRTICS people should be faster than highCRTICS people. This would be due
to the lower inhibition component, and heuristic price-information processing that characterize
impulsive people. This result should be found regardless of type of price-dimension (similar VS
dissimilar).

The following analyses were planned to test the above hypotheses. The first set of analysis
have the choice accuracy (1=accurate; O=inaccurate) as dependent variable:

- An analysis of the choice accuracy to control for the effect of the position of the price ‘d” (Table 3
first model), and its expression type (e.g, ‘d’ as a percentage or not) on choice accuracy (Table 3
second model);

- An analysis where the dependent variable was choice accuracy and the predictors were CRT-ICS
score, Type of trial (critical vs. uncritical), numeracy, and the interaction between CRT-ICS and
Type of trial (Table 4).

The second set of analysis assessed differences in visual attention using a linear mixed model
with the dependent variable the average dwell time across the eight prices, predicted by CRT-ICS

scores, numeracy, and "Type of price dimension” (similar VS dissimilar).

11. Results

In orderto use the purest measure of numeracy, we removed the two Frederick’s questions from the
Numeracy test, obtaining the 6-item Numeracy, because it is less related to cognitive reflection
(Table A4 in the Appendix A). We also decided to analyze the CRTICS instead of the classic CRT
forthe reasons mentioned earlier and because itis lessrelated to the numeracy, although they are still
significantly correlated.

Due to these points, the following analysis will consider the CRT-ICS and the 6-item

Numeracy.



Choice

To control for the effect of the “position of price ‘d”” (whether it is displayed in the fourth, in the
first or in the third column), and ““its expression type” (whether ‘d’ is expressed by a percentage or
an absolute value) on choice accuracy, we computed two glm models with the binary dependent
variable “choice accuracy” that indicates whether a participant chooses (*1") or not ("0") the
cheapest package. The independent variables are the “position of price ‘d”’ (referent category, “last

column™), and the “type of expression of ‘d”’ (referent category, “ ‘d’ in percentage").

Table 3: Choice accuracy as a function of the position and the percentage

Dependent variable:
Choice accuracy
1) 2)

d in the first column —0.343
(0.255)

d in the third column —0.369

(0.266)
d and s in perc —0.212
(0.238)
s in perc —0.053
(0.244)
Constant 0.750*** 0.610***
(0.204) (0.199)
Observations 486 486
Log Likelihood —319.414 —320.219
Akaike Inf. Crit. 648.829 650.438
Note: “p<0.1; *p<0.05; **p<0.01

As shown in Table 3, choice accuracy is not affected neither by the position of price “d” nor by its
numerical expression. Thus, for the further analysis, we aggregated the data because these two

factors have no effect on choice accuracy.

HYPO 1: Choice accuracy and CRT

We studied the relationship between choice accuracy and CRT-ICS by means of a glm model
with the binary dependent variable "choice accuracy™ that indicates whether a participant chooses
("1") or not ("0™) the cheaper package.

Here, we test the effect of the CRT-ICS on the choice accuracy while controlling for the
numeracy level. If we had not controlled for numeracy, then part of the effect of CRT-ICS could

actually be the result of high CRT people with high numeracy, and those who have higher numeracy



tendtobe accurate in calculation. Wealso wanted to see if there is an interaction effect between CRT-
ICS and the factor “type of trial” (critical/uncritical) through a dummy variable (referent category:
“uncritical”), in order to understand if the effect of CRT-ICS is moderated by the type of trial.

We found that the CRT-ICS has a significant and positive effect on choice accuracy (bmz, crt
~ics = 1.489, SE = 0.72, z = 2.051, p = 0.040) also when it is controlled for numeracy (Table 4,
model 2). Thus, HYPO 1 is confirmed, as low CRT-ICS people make less accurate choices than
high CRT-ICS people.

Table 4: Choice accuracy of the decision-making task

Dependent variable:

Choice accuracy

(1) (2
6-item Numeracy 1.271%* 0.524
(0.436) (0.586)
CRT-ICS 1.490**
(0.726)
Critical 0.111
(0.631)
CRT-ICS:Critical —0.818
(0.827)
Constant —0.297 —0.432
(0.376) (0.467)
Observations 486 486
Log Likelihood —305.341 —303.026
Akaike Inf. Crit. 618.682 620.051
Bayesian Inf. Crit. 635.427 649.355

Note: *p<0.1; *p<0.05; **p<0.01



The interaction of “CRT-ICS” with “Type of trial” is not significant. That is, the higher the CRT-
ICS the higher the choice accuracy, regardless of type of trial. Said differently, high CRT-ICS people
are more accurate than low CRT-ICS people both when the integration of the price “d” with the
other prices is necessary to detect the cheaper package, and when it is not. This finding does not

confirm HYPO 2.1 (semantic-neglect hypothesis).

Choice accuracy, type of trial and CRT-ICS
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Figure 6: Choice accuracy as a function of type of trial (uncritical VS critical) and CRT-ICS.

In the Figure 6 we can see the average values of choice accuracy of the two groups (low and
high CRT-ICS considering the median) in the uncritical and critical trials. People with high CRT
choose the best deal 75% of the time in the uncritical trials (when the dissimilar attribute is not
critical to the choice) and 65% of the time in the critical trials. People with low CRT-ICS choose the
best deal 53% of the time in the uncritical trials and 52% of the time in the critical trials. The fact that
low CRT-ICS people have the same level of choice accuracy between the two types of trial does not
confirm the semantic neglect hypothesis.

Visual Attention

Tounderstand why high CRT-ICS people choose systematically better than low CRT-ICS people,
we analyze the gaze behavior of these two groups to see whether fixation times differ as a function of
CRT, type of price dimension (similar vs. dissimilar), and their interaction. Specifically, we
computed the average dwell time for each AOI as a measure of the visual attention allocated by
the participant to each of the eight displayed prices [63].

Totest the “semantic-neglect” hypothesis (HYPO 2.1: CRT-ICS moderates the neglect of price



"d"), we need to understand if the effect of CRT-ICS on average dwell time is different between
similar and dissimilar prices. This hypothesis entails an interaction between CRT-ICS and type of
price dimension because the difference in dwelling times between the two groups should be

semantically bounded. Said differently, only low CRT-ICS people should neglect the “d” price.

However, from the “Superficial processing of all displayed price dimensions” (HYPO 2.2), due to
the lower inhibition component and the heuristic price-information processing, we expected that
high CRT-ICS people have longer dwell times than low CRT-ICS people, regardless of the type of
price information (similar Vs. dissimilar price dimensions). Said differently, we expected to find a
main effect of CRT-ICS but without its interaction with the type of price dimension. This means
that high CRT people simply look longer and more frequently than low CRT-ICS people at each
price dimension, regardless of its semantic relatedness to the purchase.

HYPO 2.1 and 2.2: Average dwell time and individual differences

In table 5, the average dwell time across all eight displayed prices (for each trial and each
participant) is reported. The model 1 in Table 5 (first column) tests the effect of “CRT-ICS” on
average dwell time controlling for “Numeracy”. If we had not controlled for numeracy, then part
of the effect of CRT-ICS on visual attention could be the result of the influence of numeracy.
Results show that both factors are statistically significant.

Keeping constant the Numeracy level, participants spent on average almost 7 seconds more in
looking at prices for every increasing level in the CRT-ICS. The CRT-ICS factor is positively
statistically significant (bmz, cr -1cs = 6634.2, SE = 624.4, t = 10.625, p < 0.001).

Keeping constant the CRT-ICS level, participants spent on average almost 1.2 seconds less in
looking at prices for every increasing level in “Numeracy”. The Numeracy factor is negatively
statistically significant (bm1, num = -1203.6, SE = 604.7, t = -1.990, p = 0.046). This could be
because higher numerate people are quicker in making calculations.

In the second model, in order to test the HYPO 2.1 and 2.2 we add the interaction between
CRT-ICS and the type of price-dimension (similar or dissimilar), because we want to test if the
effect of CRT-ICS is moderated by the type of price-dimension. Results show that, again, the main
factor CRT-ICS is positively statistically significant while controlling for numeracy level (bmz, crr
~ics = 7199.1, SE = 671.9, t = 10.715, p < 0.001).



Table 5: Dwell time on AOIs

Dependent variable:

Dwell time on AOIs

) 2
6-item Numeracy —1,203.561** —1,203.561**
(604.739) (601.465)
CRT-ICS 6,634.158** 7,199.135***
(624.388) (671.891)
Dissimilar —363.484
(596.310)
CRT-ICS:Dissimilar —2,259.906**
(1,025.965)
Constant 2,393.490*** 2,484.361*
(314.835) (346.806)
Observations 3,888 3,888
R? 0.042 0.053
Adjusted R? 0.042 0.052

Residual Std. Error
F Statistic

6,725.325 (df = 3885) 6,688.910 (df = 3883)
85.294*** (df = 2; 3885)  54.217*** (df = 4; 3883)

Note:

*p<0.1; *p<0.05; **p<0.01



However, the effect of CRT-ICS is moderated by the type of price-dimension (bwmz, crr —ics*tvre =
-2259.9, SE =1026.0, t= -2.203, p =0.027). This means that high CRT-ICS participants spend
more time than low CRT-ICS participants at looking at both similar and dissimilar prices, but that

difference is more pronounced for the similar prices.

In the Figure 7 we can see the average dwell time of the two groups (low and high CRT-ICS)
spent on the similar VS dissimilar attributes. People with high CRT-ICS spent on average around
7.2 seconds on the similar attributes and 5 seconds on the dissimilar attributes while people with
low CRT spent 3.5 seconds on the similar attributes and 2.7 seconds on the dissimilar attributes.
Considering the regression model mentioned above, people with higher CRT-ICS spend more time
on both, similar and dissimilar attributes, but the gap between low and high CRT in terms of time
spent on AQIs is higher in the similar prices compared to the dissimilar prices. The fact that
fixation times of low CRT-ICS are around 3 seconds for both types of price-dimension
leads us to reject HYPO 2.1 (neglect of dissimilar price dimension). The fact that
fixation times of low CRT-ICS are systematically lower than high CRT-ICS confirms

HYPO 2.2 (superficial processing of all displayed price dimensions) 1.
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1 We also computed a mediation analysis (even if the sample size is too small for a mediation analysis N = 54) that
shows the effect of the CRT on the choice accuracy, and it is mediated neither by dwell nor by numeracy. Thus, the
process underlying the correct choice (which is significantly influenced by the CRT regardless of the level of
numeracy and dwell) would appear to be caused by other intervening variables.



Figure 7: Average dwell time as a function of type of price dimension (similar VS dissimilar) and CRT-ICS.

12. Discussion

Reported results show that cognitive reflection affects the quality of choice. An impulsive
consumer has nearly a 20% loss in choice accuracy compared to a reflective consumer
(approximately 50% vs. 70%, respectively). Said differently, an impulsive consumer selects the
best commercial offer nearly at a chance rate. This finding holds also when consumer’s numeracy
ability is statistically controlled. This suggests that cognitive reflection is a distinct driver of choice
compared to numeracy, even if the measures of these two constructs are correlated. Similar
findings are reported in Graffeo et al., [19] where choice accuracy was lower for low than high
CRT people in the context of a consumer choice when the numeracy ability was statistically

controlled.

The poorer decision quality of impulsive consumers seems to be due to their distinctive way
of looking at the price-information. They look at all displayed prices but very quickly: The average
dwelling time for an impulsive consumer is around 3 seconds compared to the 6 seconds of the
more reflective one. This finding suggests that impulsive consumers tend to form a quick
impression of what seems to be the best offer. Again, quite similar findings are reported in Graffeo
etal., [19] where low CRT people had both lower fixations times and fixations counts at the initial
undiscounted displayed prices compared to high CRT people. This shallow visual search pattern
not surprisingly holds a poorer decision quality; the attention allocation of low cognitive
participants is not explained by the semantic neglect bias hypothesis but by the superficial price-
information processing hypothesis. Lazy, not biased as the authors Pennycook and Rand [67]
explained the lack of reasoning associated to a superficial judgment. A superficial visual
exploration coherent with the results found by Del Missier and colleagues [68] where the
monitoring/inhibition dimension of executive functions was significantly related to CRT,;
cognitive reflection defined as the ability to “favor analytic over intuitive processes when needed

in judgment and decision making,” ([69] pp. 274-275).

Theoretically, these findings add to previous evidence to clarify the distinct role of
impulsiveness both at the information-processing level and the quality of choice as well as at the

relationship between these two aspects of decision-making. Reported findings are also useful for



informing current issues in marketing and business law. Private marketing often usesso called “drip
pricing” techniques in which only apart of a product or service’s total price is first advertised, with
the total price amount provided only at the end of the buying process. For example, in the context
of online ticketing purchase, the consumer is first provided with the cost of the ticket (e.g., 10€)
and only later with the administration fee (5€), and eventually the fee for the credit card payment
(5€). This pricing technique is very effective in affecting consumer choices as reported in a set of
empirical studies in 2010 by the UK Office of Fair Trading (OFT); they concluded that drip pricing
had the greatest potential to mislead consumers, and “complex [price] offers” were ranked third
([70D).

Furthermore, from the European Directive on Unfair Commercial Practices, UCPD (European
Parliament and Council, 2005), the “drip-pricing” technique is considered a misleading business
practice (see, for example, the Italian Authority of Competition and Market (AGCM) legal cases on
“MY AIR” (Case PS 168), and on “TRANSAVIA” (Case PS 9670)). The reason is that the
consumer is induced to accept an economic transaction because under these circumstances (e.g.,
with a drip-pricing format where the initial price is very low) is induced in error (e.g., induced to
expect that this transaction is offering the best price in the market. See European Commission
(2016) for a guideline document related to the application of the UCPD where consumer
expectation is also considered).

Reported findings cast doubts on whether this level of consumer protection should be extended
to the “multi-dimensional pricing” technique where all prices are displayed at once (and not
temporarily distributed as with the “drip-pricing format). Our study, in fact, found that impulsive
consumers are associated with poorer performance in those contexts (see [71] for a review on how
partitioned pricing works, the mechanisms by which it exerts its impact, and the appropriate areas
where the practice may need regulation to protect consumers).

Last, the finding that the same pricing technique is detrimental mostly for a specific consumer
category (e.g., the impulsive consumer) contributes to the open debate in the business law on what

is meant with “average consumer”, and which level of protection she ultimately deserves.

The Italian “Consiglio di Stato” has recently approved an order (CONSIGLIO DI STATO; sezione
VI; ordinanza 10 ottobre 2022, n. 8650) to address the Court of Justice of the European Union
(CGUE) in order, amongst other aspects, to determine whether the current definition of “average
consumer” is adequate in the light of recent findings in the behavioral economics and cognitive

psychology literatures ([72] for a comment). Our findings empirically corroborate that legal



argument because under the same “pricing-scheme” there were huge differences in the quality of
choices as a function of consumer impulsiveness. So, it seems unplausible to refer to the notion

of an abstract “average consumer” under these circumstances.



Appendix A. Appendix

Typology room charge | tourist tax | breakfast |credit card fee| discount | wi-fi fee
similar attribute | room charge 1 0.789 0.895 0.053 0.368 0.316
similar attribute tourist tax 0.789 1 0.789 0.211 0.368 0.316
similar attribute breakfast 0.895 0.789 1 0.105 0.421 0.421

dissimilar attribute | credit card fee 0.053 0.211 0.105 1 0.579 0.316
rejected attribute discount 0.368 0.368 0.421 0.579 1 0.263
rejected attribute wi-fi fee 0.316 0.316 0.421 0.316 0.263 1

Table Al. Pilot study result for the holiday task.

Typology hing machine cost | transport cost [ mounting cost [ extended warranty [ disposal cost [ appropriate detergent
similar attribute hing hine cost 1 0474 0579 0.105 0.316 0.632
similar attribute transport cost 0474 1 0.684 0421 0.316 0.368

lar attribute mounting cost 0.579 0.684 1 0.368 0.263 0.474

dissimilar attribute ded warranty 0.105 0421 0.368 1 0.474 0.316
rejected attribute disposal cost 0.316 0.316 0.263 0.474 1 0211
rejected attribute | appropriate detergent 0.632 0.368 0.474 0.316 0.211 1

Table A2. Pilot study result for the washing machine task.

Typology |gym bership cost |registration card cost |di [sauna |locker cost |doctor's appointment
similar attribute gym membership cost 1 0.842 0.632 0 0.105 0.211
similar attribute registration card cost 0.842 1.000 0.579 0.053 0.211 0.263
similar attribute discount 0.632 0.579 1.000 0.158 0.211 0.158
dissimil, rib sauna 0 0.053 0.158 1.000 0.526 0.579
rejected attribute |locker cost 0.1052632 0.211 0.211 0.526 1.000 0.263
rejected attribute |doctor's appointment 0.2105263 0.263 0.158 0.579 0.263 1

Table A3. Pilot study result for the gym membership task.




8 item numeracy 6 item numeracy CRT -ICS CRT
8 item numeracy
6 item numeracy 0.94***
CRT-ICS 0.77%** 0.64%**
CRT 0.82%** 0.70%** 0.9%**
Mean 0.65 0.68 0.53 0.71
SD 0.26 0.25 0.24 0.21

Table A4. Intercorrelation among Numeracy and CRT.
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