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ABSTRACT
Eye tracking technology is a powerful tool used in the HCI
field to measure the attention of users. This has of course
numerous favorable financial consequences, since it helps
developers of e-commerce websites to redesign their inter-
faces and layouts in accordance with users’ habits and ex-
pectations. Most of the time, gaze data are consequently
used to make an application more user-centered. In this pa-
per, we propose a different approach consisting of analyzing
consumers’ behaviors and decision aid agents’ utility when
introduced to an online perfume shop. The literature about
purchase decision making is enriched by many studies fo-
cusing on the interactions between customers and sellers.
However, few studies have been performed to examine con-
sumers’ online strategies through interactions with intelli-
gent systems. The understanding of the sub-processes in-
volved in the online purchase decision making process will
help us to modify and improve the conception of decision
aid agents. The results of our study show that each entity in
common e-commerce websites has a specific role. In partic-
ular, a recommender system helps users to build the basket
set and facilitates exploration. This tool is as influentialas
the description of products, or the list view of available items
in a catalog.

Author Keywords
Eye tracking system, e-commerce, decision theory, recom-
mender systems, usage patterns

ACM Classification Keywords
H.1.2 Models and Principles: User/Machine Systems – Hu-
man Information Processing; H.5.2 Information Interfaces
and Presentation: User Interfaces – Evaluation/Methodology

INTRODUCTION
We examined the usage and impact of two decision aid agents
and two information entities on consumers as they search for
an ideal product and construct the consideration set in com-
mon e-commerce websites via the use of an eye tracking
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system. We use both eye gaze data and action logs to un-
derstand how each of these four elements helps users in se-
lecting products to put in their basket of final selections. The
two decision aids include the more traditional multi-criteria
filtering tool (MCF) and a recommender system (RS). The
two information entities comprise the lexicographically or-
dered list view (LV) and a product description box (D). Our
experiment shows that each tool has a distinct role. Users
mainly employ the MCF tool, combined with the list view
LV, to localize a sub-set of valuable alternatives for consid-
eration. They identify and fix a set of criteria using MCF
through several search cycles, and they consult the descrip-
tion box for additional information about products. Finally,
they use the recommender RS to help them build the basket
set. RS seems to provide additional and efficient exploration
opportunities and appears to increase users’ confidence in
the purchase decision. The cumulative usage of the recom-
mender is shown to be as frequent as the usage of the list
view or the description box, and up to two times the usage
of the MCF tool.

The rest of the paper is organized as follows. We first review
the related work in terms of usage of eye tracking technology
in the HCI field. We will explain how we can benefit from
eye gaze data to analyze user behaviors when exposed to
a realistic e-commerce application, and to better understand
the sub-processes involved in purchase decision making. We
then describe the experiment setup in detail and present the
participants’ background information. The paper continues
by reporting the results of the study, and discussing them. Fi-
nally, we present our conclusions and ideas for future work.

RELATED WORK
Eye tracking is a technique whereby an individual’s eye move-
ments are measured to identify both where a person is look-
ing at any given time and the sequence in which their eyes
are shifting from one location to another [12]. It helps HCI
researchers understand the factors that may impact upon the
usability of system interfaces. Eye-movement recordings
provide a dynamic trace of where a person’s attention is be-
ing directed in relation to a visual display. Measuring other
aspects of eye movements, such as fixations (moments when
the eyes are relatively stationary, taking in or “encoding”
information), can also reveal the amount of processing be-
ing applied to objects at the point-of-regard. In practice,the
process of inferring useful information from eye-movement
recordings involves the HCI researcher defining “areas of in-
terest” over certain parts of a display or interface under eval-
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uation, and analyzing the eye movements which fall within
such areas. Thus, the visibility, meaningfulness and place-
ment of specific interface elements can be objectively eval-
uated and the resulting findings can be used to improve the
design of the interface [7]. For example, the Nielsen Norman
group has recently used eye tracking technology to evaluate
web usability. As a result, a set of guidelines for writing
for the web has been generated, including the concept that
the first two paragraphs must state the most important in-
formation since users will not read the text thoroughly in a
word-by-word manner [11].

Mainstream psychological research has also benefited from
studying eye movements as they can provide an insight into
problem solving, reasoning, mental imagery, and search strate-
gies [2, 8, 14, 15]. The commercial sector is also showing
increased interest in the use of eye tracking technology in ar-
eas such as market research, for example, to determine what
advertisement designs attract the greatest attention [9] and
to determine if Internet users look at banner advertising on
websites [1].

In this paper, we propose an original way of applying eye
tracking technology to study the human-computer interac-
tions leading to a decision within an e-commerce website,
as a continuation of our previous works [3, 4]. This in-depth
study will help us design new filtering strategies related to
attention economy [6] in recommender systems. Accord-
ing to previous research, there are six fundamental stages
within the purchase decision making process [10]. First,
users become aware of a new need. Then, they have to
determine from whom to purchase the desired item. Ev-
erything customers experience on a website feeds into the
building of a rapport between the buyer and the seller. Users
search elements that promote trust, such as the ease of navi-
gation or the relevance of answers and recommendations. In
the meantime, they evaluate product alternatives to make a
choice. At this stage, calledproduct brokering, interactions
help recommender systems to iteratively characterize their
needs and present options. Stages 4 and 5 consist in negoti-
ation and purchasing. The seller must provide security and
confidence in order to close the sale. Finally, users’ satis-
faction in relation to the overall buying experience can be
measured in a sixth stage if post-purchase product service is
involved.

The purpose of this work is to analyze the usage patterns
during the product brokering stage. In particular, we aim
at understanding the role of tools provided in common e-
commerce websites.

The following section describes the setup of the experiment.

EXPERIMENT

The Material
The experiment consisted of an in-depth real-user evaluation
with an eye tracker on a perfume e-commerce website. The
eye tracker used in our experiment was aTobii 1750.
This device consists of a computer screen with a camera in-
stalled on the top. The system’s software is then capable of

capturing the user’s point of gaze. Except for a short cali-
bration phase, the setup allows users to look at the screen in
a natural way without the need for a head mount.

The perfume website was setup specifically for this user-
study, reproducing the layout of a real e-commerce web-
site. The database consisted of more than 3,500 perfumes,
crawled from popular perfume websites, and contained all
popular brands and perfumes that are available in regular
perfume shops. We chose the perfume domain, as it is a
slightly above-norm field in terms of complexity. A more
common domain would have been less engaging, possibly
resulting in some “shortcut” behaviors. On the contrary, per-
fumes are complex public taste products with a lot of char-
acteristics involving a non trivial decision (brand, quantity,
price, category, fragrance, design of the bottle, fit to a spe-
cific personality). Moreover, most people are generally con-
sidered non-experts and have stable preferences with respect
to perfumes. Such constraints mean that the recommenda-
tions and the overall quality of an online perfume website
must be very persuasive – since users cannot smell the per-
fumes and form their own opinion about new perfumes – and
thus constitute a good framework for study.

The design of our website has been deliberately chosen to re-
produce a generic recommender system enabled e-commerce
website. In this case, two decision aid agents are usually
offered: a multi-criteria filtering tool (MCF) and a recom-
mender agent (RS). The latter is most likely to function when
users look up the details of a product. Thus, we split the site
into two main windows, as shown in Figures1-a and1-b.
The first window – called “search page” – was divided into
two parts. At the top of the page, a multi-criteria search tool
(MCF) was conceived, that included brands, price ranges,
quantity ranges and types of perfume (eau de parfum, eau
de toilette, aftershave). Below this, a double column, lex-
icographically ordered item-list of perfumes was available.
This part displayed the perfumes respecting the selected cri-
teria of the upper multi-criteria search tool. In this double
choice-list, each perfume was laid out with a picture of the
bottle, its exact name, the brand, price and quantity. Addi-
tionally, the first two lines of its description were shown.

In addition to the MCF tool, we proposed a classical re-
ordering tool allowing users to sort the list of results by
brand, price (low to high, or high to low), and popularity.
The search page also included a possibility to set the num-
ber of results displayed on one page and the currency. By
default, the results were displayed in US dollars, sorted by
popularity, sixteen at a time.

The second main window that users encountered was for the
detail of any perfume (hereafter “detail page”). In com-
plement to presenting the same information as in the list
view (see above), specific data is provided here including:
a full description, a big-sized picture, a best-selling rate, av-
erage user ratings, gender, source website, and the possibil-
ity to rate. The page had an “Add to shopping cart” but-
ton. At the same time, on the right of this detail, a col-
umn of recommendations was proposed. These were pro-
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R: recommender

M: multi-criteria

L: list-view

D: description

main AOI sub AOI

search page detail page heatmaps on detail page

Figure 1. Snapshots of the main interfaces (inc. AOIs): the search page on the left (a), the detail page in the middle (b) andan example of heat map
on the right (c)

posed in five classified boxes, all displaying their classifi-
cation label. The seven possible labels were:“More popular
and cheaper”, “More popular but more expensive”, “Same
brand and cheaper”, “Same brand but more expensive”, “Just
as popular and cheaper”, “Same price range and just as pop-
ular”, and “People who like this also like”. Although seven
types of recommendations were available, we chose to only
display five at any moment in random order to reduce users’
habituation to screen position. Each box contained up to six
items, which were horizontally scrollable without reloading
the page. The whole set of recommendations were displayed
under the label “you may also like”, in addition to each rec-
ommendation category’s label.

Since it has been determined that the quality of recommen-
dations has an impact on click-through, the recommenda-
tions were generated from Editorial Picked Critiques (EPC),
adapted from the preference based critiquing method with
users’ needs for popularity and editorial information [5]. The
EPC algorithm has been proven to be as accurate but 2.42
times more preferred than general critique-based recommenders [13].
We classified recommendations in the categories mentioned
above. The “People who like this also like” group relied on a
standard collaborative filtering algorithm. Other recommen-
dation categories were related to products’ features. They
were computed by adjusting values of some variables and
keeping other variables constant. Our recommender system
(RS) provided categories with different levels of diversity as
explained in [4].

In the next subsection, we introduce the indicators of usage
that we employed.

Indicators of Usage
In order to measure the concrete impact of recommenders on
users’ behavior, we chose to combine two kinds of data: eye
gaze and action logs.

We applied the eye tracking technology to catch users’ usage
patterns, reveal the exploration strategy, and better under-
stand decision making sub-processes. Indeed, what a person
is looking at is assumed to indicate his/her cognitive pro-
cesses [8]. The practice of inferring useful information from
eye movement recordings involves defining Areas Of Inter-

est (AOIs) over certain parts of a display or interface un-
der evaluation and analyzing the eye movements which fall
within such areas. We used two metrics to reach this last
goal: thefixationsand thereading heat maps[3]. Fixations
designate moments where a user looks a particular area for
a fair amount of time. Reading heat maps provide an overall
view of activity on a page (see Figure1-c above). To create
the heat map, data from each person looking at the page is
combined to show what percentages of people viewed each
part of the page. The colors reference the proportion of par-
ticipants whose eyes fixated on certain elements of the page.
The red areas indicate where the larger percentages of users
looked most.

Apart from the usual gaze plots and heat maps which can be
collected with an eye tracker, we decided to rely on a large
palette ofAreas Of Interest(hereafter AOIs). Exporting the
time spent on each AOI is important as it is an objective data
about users’ actions on the website. We defined 27 generic
types of AOIs. First we created four main AOIs: one for the
multi-criteria search tool, one for the returned list of choices
(list-view), one for the detailed information about the desired
perfume on the detail page, which we labelleddescription,
and finally one for the wholerecommenderelement. Then
we defined many other smaller AOIs which include the rec-
ommendation categories, the photo, title, price, quantity&
category, rating, descriptive comment and rating for the de-
tail of any perfume. Likewise we defined AOIs in the multi-
criteria search for each category brand, price, quantity, cate-
gory. A selection of all these are detailed in Figure1-a and
1-b.

In addition to the eye gaze data, we collected implicit indi-
cators under the form of a collection of access logs stored
on the server in a CLF format.1 These files notably contain
information about uniform resource locators (URLs) of files
corresponding to the request of users, and the time that the
server finished processing this request. Such data reveals the
time that users spent on each page, and the set of consulted
pages. We also used a javascript to instantly track all users’
clicks and collect them in the access log files. The clicks
highlight deliberate interactions between the users and the

1http://www.w3c.org/Daemon/User/Config/Logging.html
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system, or the users’ explicit interests (adoption).

Experiment Procedure
The study was design as an in-depth one hour lab-study. At
all times, participants could ask questions of the available
assistant conducting the study. The general online evaluation
procedure consisted of the following steps:

Step 1. The participant is welcomed by the assistant. He
is briefly introduced to the topic of the experiment. He is
informed that the perfume e-commerce website he will test
contains over 3,500 most commonly used and sold perfumes
in the world. He is also told about the incentive for complet-
ing the study.

Step 2. The user is asked a detailed set of questions, to
collect his background information (age, sex, etc.). The re-
sponses to this step are detailed in the following subsection
of the paper.

Step 3. Before starting the experiment, the eye tracker is
calibrated to the user’s eyesight. The experiment can now
start and the tracking session is launched by the assistant,
who encourages the user to explore the system before fully
launching into the first task.

Step 4. The user then has two separate tasks to complete.
One goal is to select up to three perfumes that he has never
heard of or used before, but that he would be prepared to buy
for himself. He is asked to put them in the basket, and in-
formed that he may select more than three and delete some at
the end. In the rest of this paper, this recording will be called
“Session S” (Self). The other goal consists of searching for
one perfume he would like to offer to someone, preferably of
the opposite sex, in order to reduce potential bias of product
habituation. This will be called “Session G” (Gift). These
two sessions are recorded in two different files. In order to
reduce another bias linked to fatigue, we alternate the order
of sessions. Half of the users complete the task of Session
S before Session G, the others start with Session G and end
with Session S.

Step 5.To conclude the study, fourteen preference questions
are asked in order to explicitly assess user’s overall percep-
tion of the system after the experiment. This allows us to
match explicit and implicit data to confirm our hypotheses.

The preference questions in this study are statements to which
a user can indicate his level of agreement on a five-point Lik-
ert scale, ranging from−2 to +2, where−2 means “strongly
disagree”,+2 is “strongly agree”, and0 is neutral. The post-
stage questions are listed in Table1. The questions were
asked in random order to eliminate ordering bias.

Participants’ Background
The user study was carried out over a period of three weeks.
Immediate incentives, chocolate or wine, were offered di-
rectly after the study. More importantly, users who had com-
pleted the study took part in a draw for a CHF 100.- voucher
to buy one of the perfumes he/she had added to the basket.

Table 1. Post-Stage Assessment Questionnaire

ID Statement
P1. The items under “You may also like” are attrac-

tive.
P2. The items under “You may also like” are educa-

tional.
P3. The items under “You may also like” appeared to

be a good deal.
P4. The items under “You may also like” appeared to

be marketing material.
P5. The items under “You may also like” influenced

my selection.
P6. The items under “You may also like” will influ-

ence my future selection.
P7. The names of the categories are useful and ade-

quate.
P8. I am satisfied with the overall quality of the inter-

face.
P9. I found the interface easy to use.
P10. I would buy the perfumes recommended to me,

given the opportunity.
P11. If this were a real website, I would use it in the

future to find perfumes.
P12. I believe that the recommender algorithm is effi-

cient.
P13. The recommended perfumes were diverse.
P14. The recommended perfumes were novel.

By proposing this high value incentive, we ensured that users
behaved candidly throughout the selection process. A total
of eighteen volunteers were recruited as participants. They
were from three different continents, with different profes-
sions (student, worker, Ph.D. student) and educational back-
grounds (high school, graduate school). Table2 shows some
of their demographic characteristics.

All of the participants expressed thatfragrancewas an im-
portant feature, necessary in order to describe a perfume as
shown in Graph2. Other important aspects include price,
brand, quantity and design. Of the background questions,
two assessed users’ experience levels with regard to Inter-
net (online media, information retrieval, Internet commu-
nication, online communities, online entertainment and e-
commerce) and online shopping. Both revealed that all users’
had strong web experience, although online shopping expe-
rience remained limited to classical items such as books, mu-
sic, travel and electronic items, much less so for food, drinks,
groceries or clothes.

The second part of the background questions surveyed users’
predisposition towards perfumes. Six of the eighteen partici-
pants considered themselves to be knowledgeable about per-
fumes. In the rest of the paper, we will call them “perfume
experts”. Six participants said they bought perfumes about
once a year, nine a few times a year and one nearly monthly.
When questioned about how they discovered new perfumes,
61% said that they preferred to just test perfumes alone in a
shop. Other answers included relying on friends’ advice or
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Table 2. Demographic characteristics of participants

Gender Female Male Total
9 (50%) 9 (50%) 18 (100%)

Age 17-25 26-40 41-55
4 (22%) 13 (72%) 1 (6%)

Education High school, Graduate school
Profession Student, Ph.D. student, Worker

Nationality American, Chinese, French, German,
Russian, Serbian, Swiss

Online
Shopping

Experience

travel 94% a few times a year
books 56% a few times a year
music 22% monthly

electronics 39% a few times a year
food 88% never

groceries 28% a few times a year

 

Description

Price

Brand

Quantity & design

Important Perfume Features: How do you discover new perfumes?
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Figure 2. Users’ knowledge about perfumes

the seller in the shop, as shown in the second part of Graph
2. Most users also told us that they were prepared to reveal
information, such as previously liked and disliked perfumes
and price, in order to get recommendations (from a seller).
Interestingly, all users were prepared to reveal information
about smells that they like, but told us it was difficult to de-
scribe smells and hence relied on other aspects.

RESULTS AND DISCUSSION
Averaging 1,450 fixations per user, we recorded 20,306 fix-
ation points throughout the study. We defined 3,648 AOIs,
sorted into 261 different web pages and corresponding to 27
variables. These pages were of two sorts as explained above:
the search pages and the detail pages. We then computed the
total fixation durations and the number of times that each
user looks at the different AOIs over time. We paid particu-
lar attention to durations for four variables: the multi-criteria
box MCF, the lexicographic ordered listLV (list-view), the
description of perfumesD and the recommender systemRS.

Cumulative usages of these four AOIs over time for the over-
all set of users are made explicit in Figures3 to 7. Figure3
displays the fixation durations during the first session when
users were introduced to our website for the very first time.
During this first session, half of the users were looking for a
perfume for a gift (Session G) while the others were asked
to select up to three perfumes for themselves (Session S).
On this figure, we can see that the global time spent look-
ing at the recommender is equivalent to the time looking at
the description box, and 89% of the time is spent looking at

Figure 3. Evolution of main AOIs over time during the first session.

Figure 4. Evolution of main AOIs over time during the second session.

the list view. This score is very impressive since the recom-
mender RS was only displaying five recommendations at the
same time, while the list view was composed of a large sub-
set of items (between 16 and 100 perfumes on each search
page). We also noticed that the MCF usage is 26% lower
than the usage of RS. We checked the statistical significance
of these results by computing the Pearson correlation coeffi-
cients and p-values between duration vectors. Each of these
vectors corresponds to the fixation durations of each user on
one of the four main AOIs. MCF is certainly correlated to
LV (r = 0.699, p = 0.001), and LV with D (r = 0.604,
p = 0.006). More interestingly, RS strongly correlates with
each of the three other AOIs: RS and MCF(r = 0.617,
p = 0.005), RS and LV (r = 0.644, p = 0.003), RS and
D (r = 0.705, p = 0.001). This confirms that our data are
statistically significant.

Figure4 shows the fixation durations during the second ses-
sion. The results highlight a factor of habituation toward the
recommender, which constitutes a positive indicator of satis-
faction relative to other available entities. Indeed, within this
session, the usage of RS is 88% higher than MCF (p-value
p = 0.076), 5% higher than LV (p = 0.33), and 6% lower
than D (p = 0.002).

The results for the first and second sessions thus confirm the
significant role of the recommender within the exploration
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Figure 5. Evolution of main AOIs over time during the session S.

Figure 6. Evolution of main AOIs over time during the session G.

strategy. We also tried to separate the cumulative usages be-
tween session S where users had to select up to three per-
fumes for themselves (see Figure5) and session G where
users had to choose one perfume for a gift (see Figure6).
Users rely much more on the recommender when they are
looking for perfumes for themselves. In [3], we have shown
that users are more open-minded toward recommendations
because of their need for diversity in order to reach a deci-
sion. In Figure5, RS is the entity the most looked at, after
the first 30% of the session duration has passed. The recom-
mender is used almost twice as much as the MCF tool. This
result is significant with a p-valuep = 0.037.

However, users’ behaviors seem very different when they are
searching a perfume for a gift (Session G). Figure6 shows
that the cumulative usages of MCF and RS are equivalent at
the end of the session. This result is somewhat significant
with a p-valuep = 0.21. Users spent globally two times
longer looking at the list view than at the recommender, but
this result is not individually significant (p = 0.898).

Finally in Figure7 we present the cumulative usages of main
AOIs for the overall set of users with all sessions taken to-
gether. This validates that RS, LV and D have similar impor-
tance within the exploration strategy.

We then aim at understanding the role of each of these main

Figure 7. Evolution of main AOIs over time, all sessions takentogether.

AOIs within the purchase decision making process. In order
to do so, we defined sub-AOIs to obtain more detail about
what catches users’ attention. According to gaze data, 31%
of the time spent looking at the description box D is dedi-
cated to reading the descriptive comment, 23% to looking at
the photography, 16% to paying attention to the brand name,
6% to checking the price, 5% to showing interest for the
popularity (rating and best selling rate), 3% to reading the
category of the perfume, and 2% to looking at the quantity.

Within the MCF tool of the search page, users spent 38% of
the time choosing a brand, 25% to selecting a price range,
19% to fixing the quantity range, and 16% to considering
the category criteria. Thus, the two main criteria in the MCF
tool are only at the third and fourth position in the descrip-
tion box D. This tends to indicate that MCF and D are com-
plementary.

As a continuation of these observations, we examined the
impact of the different categories in our recommender sys-
tems. We computed the time spent looking at each of these
categories individually and for the overall set of users. Fig-
ure8 shows that each category has a significant importance
when we cumulate all users’ gaze data.

However, there are three dominating categories, and cus-
tomers seem more attracted to more popular items (30% of
fixations). Yet gaze data within the description box D reveals
that popularity information only falls into the fifth position.
Moreover, the usage of popularity sub-AOIs in the descrip-
tion box D is only correlated with recommender categories
that do not deal with popularity, but with brand: “Same
brand and cheaper” (r = 0.585, p = 0.008), “Same brand
but more expensive” (r = 0.469, p = 0.043). The popularity
in D is even negatively correlated with the category “More
popular but more expensive” (r = −.226, p = 0.352). How-
ever, paying attention to the brand name in the description
box is correlated with the usage of popularity-based recom-
mendations (and not correlated with others): “More popular
and cheaper” (r = 0.475, p = 0.04), “Just as popular and
cheaper” (r = 0.5, p = 0.029), “Same price range and just
as popular” (r = 0.457, p = 0.049), “People who like this
also like” (r = 0.606, p = 0.006), and “More popular but
more expensive” (r = 0.512, p = 0.025). These observa-
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Figure 8. Importance of recommendation categories for the overall set
of users

Table 3. Number of products added to the basket that came fromRS in
comparison with MCF

1st Session 2nd Session Both
Added after MCF selection without RS 11 17 28
Added after interacting with RS 23 19 42

tions prove that the description box and the recommender
have different but complementary usages.

Finally, according to action logs, we evaluated the propor-
tion of products added to the basket thanks to RS, in com-
parison with those which came from MCF (see Table3). Of
the 70 products globally added to the basket, 28 perfumes
(40%) came from the MCF tool without any interaction with
RS. 42 products (60%) were added following an interaction
with the recommender. We used action logs to compute this,
since most of the perfumes coming from the MCF tool were
added after taking a look at the different recommendations
on the detail page, but without clicking on them. Previ-
ous gaze data only revealed that customers used the recom-
mender. This additional information about the origin of bas-
ket items shows that the recommender had an influence on
users’ decisions. The recommender helped increase the con-
fidence of users during the basket construction and offered
valuable exploration opportunities.

After the experiment, we asked users to fill out the assess-
ment questionnaire displayed in Table1. The responses to
this post-study survey are summarized in Figure9.

In order to measure and ensure the veracity of decisions to
add products in the basket, we asked users if they would
buy the chosen perfumes given the opportunity – keeping in
mind that one of the participants was going to win a CHF
100.- voucher to buy one the perfumes he/she had added to
the basket – or at least go in a perfume shop to smell them
and learn more about them (P10 in Table1). This data sup-
ports the idea that participants took the decision seriously.

Figure 9. Answers of the Assessment Questionnaire

The main conclusion of our study is that the recommender
and each RS category are useful and adequate, which is con-
firmed by users’ answers to question P7 (cf. Figure9). An-
swers about attractiveness (P1) and ease of use (P9) reinforce
the confidence in categories’ utility. The most important cat-
egory for a given user changes from one session to another in
71% of the cases, proving that there is no habituation bias of
usage for a category. The preference-assessment question-
naire also shows that participants were aware of the influence
of recommender categories in their selection (P5), and even
found recommendations educational (P2). They do not see
recommendations as marketing material (P4), which tends
to prove that they positively felt this influence and are sat-
isfied with the recommendations (P3, P12). The correlation
analysis revealed that users who searched for perfumes they
had previously liked, seeking to find novelty from the rec-
ommender, also found that the recommendations appeared
to be a good deal (P3). This correlation is strong and sta-
tistically significant: r = .849 (p = 0.016). The same
users also showed a link with P4, “I believe that the rec-
ommender algorithm is efficient” (r = .806, p = 0.029).
However, they do consider themselves to be systematically
influenced by the recommender system (P6). Moreover, both
the number of recommendation categories used (in terms of
clicks) and the number of influential recommendations cor-
relate strongly with the intention to use in the future (P11).

CONCLUSION AND PERSPECTIVES
This paper presented the workings of two decision aid agents
and two information entities that are used in common e-
commerce websites. A multi-criteria filtering tool (MCF)
and a recommender system (RS) were the decision aid agents
used. The information entities, under the form of a lexico-
graphically ordered list view (LV) and a description box (D),
completed the interactions with consumers. We examined
the impact of these four entities over the product brokering
task using both eye tracking data and action logs: how and
when the agents are most useful to users, their influence on
the basket construction, and their added values in compari-
son with the two information entities.

In their first encounter with the product brokering task, users’
reliance on the recommender agent seemed to be the strongest.
Action logs reveal that they consulted it more frequently
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and twice as many basket items come from RS than from
its MCF counterpart (23 from RS vs. 11 from MCF). Af-
ter users learned more about the domain knowledge, their
reliance on both agents becomes somewhat comparable as
can be seen from the comparison of their first and second
encounter of the tasks (19 from RS vs. 17 from MCF).
Globally on both sessions, a total of 42 items come from
RS (60%) versus 28 from MCF (40%).

Gaze data further shows that users consulted the recommender
system as much as the description box or the list view. They
even look at the recommender twice as much as the multi-
criteria filtering tool. Our user study allowed us to under-
stand the distinctive roles of each of the four entities. In par-
ticular, the results highlighted that users more frequently pay
attention to the recommendation categories that provide ad-
ditional information relative to what they were looking at in
the description box. Users were more interested in recom-
mendations related to popularity, which is one of the least
considered dimensions in the description box, or providing
the biggest diversity (2 times more clicks than average for
”More popular and cheaper”, 1.5 time more for ”People who
like this also like”).

On a general level, this paper shows how to conduct an eye
tracking study to understand users interaction behavior with
intelligent systems, and is thus a relevant topic to the IUI
community. We plan to use these results to improve agents’
ability to help users make decisions, inspire consumer con-
fidence to purchase and maximize the technology adoption
among potential users.
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