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ABSTRACT

Online stores offer an increasingly large set of productgerhc-
tive decision aids are becoming indispensable tools asgisters
as they search for an ideal product to purchase. For an e-eccem
website, adopting the correct tools can affect its survigéective
product recommender tools are increasingly recognizednine
stores as effective means to sell more products; on the btret,
sites that do not employ intelligent tools will not only semppur-
chase volumes but also experience less traffic becausemersu
are more likely to return to a site employing recommendetesys.

This paper presents ongoing research in understandingrthe i
pact of various decision aids on users’ interaction behavémd
their subjective perceptions of these aids. In the currgpee-
ment, we employed an eye tracker in an in-depth user studg-to u
derstand the influence of recommenders on how users selats it
for the basket set. We collected more than 20,300 fixation dat
points in 3,648 areas of interest. Our studies show thatewlsers
still rely on product filtering tools, the use of recommersdisrbe-
coming more prominent in helping them construct the baséet s
and is monotonically increasing as time goes on.

Categories and Subject Descriptors

H.1.2 [Models and Principles]: User/Machine SystemsHuman
Information ProcessingH.5.2 [Information Interfaces and Pre-
sentation]: User Interfaces—Evaluation / methodology

General Terms
Human Factors, Design, Experimentation.

Keywords

Recommender Systems, Decision Process, Interaction Qdsyg-
Tracker, User Study, User Modeling, Usage Patterns.

1. INTRODUCTION

The retail e-commerce sector in the US is a 210 billion dollar
industry; Europe and Asia are catching up at an increasisigty
nificant speed. A crucial technological element in suctssgean
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effective product search tool to help consumers identigyright
items and provide them with the necessary confidence to psech
Consider an average user who is looking to buy a digital camer
through an online product comparison site. She is unlikelyave

an exact idea of the manufacturer's name, the model or oticr t
nical specifications of the eventual camera and thus peréokay-
word search. With a catalog containing more than 1,000 itsins
will not sift through the list one by one either. Instead, ghmore
likely to interact with an online catalog of products witkethelp of

a decision aid.

Haubl and Trifts [4] maintain that there are two main steps du
ing the decision process in an online product search envieoi.

In the first step, the active user identifies a subset of prisdsize
wants to compare (called the consideration set or the baslét
will refer to this step agproduct brokeringto be consistent with
concepts used in [5]. During the second step, the user cas e
different features and details of these products in ordendke a
decision. We will refer to this step gsoduct comparisonin their
work, two interaction decision aides were investigated tfair
roles in helping users make better decisions. The first soéc-
ommender agent, assists users in the initial screeninga@litbrna-
tives and establishing the basket set. The second one, aacisop
matrix, helps users make an in-depth feature-by-featunepeoi-
son of the items in the basket. Their empirical studies skicivat
the use of a recommender agent leads to a significant reduntio
the number of alternatives seriously considered for puehand
increases the quality of consumers’ decisions. The cortsteu
influence of recommenders was consequently establisheei- Ho
ever, we observed one major outdated finding in their exparim
Even though a recommender was conceptualized in their sétup
actual implementation, thus the tool that their users aé&peed,
was provided by personalogic In the more current literature of
recommenders, personalogic is considered more as a mitstii@
product filtering tool rather than a recommender. The mdierdi
ence is that in the former, users obtain a set of items afégriiave
actively specified their preferences, whereas in the |atsars get
recommended items without asking for them.

In our present work, we seek to understand users’ decision be
haviors under the influence of both multi-criteria filtertogl (MCF)
and recommender system (RS), thus continuing along theofine
research initiated by Haubl and Trifts [4] and our own pregio
work [7]. Ho pioneered a study to measure the impact of RS on
users’ clicks at different decision making stages [2]. Nithaless,
the absence of selection does not mean that the RS does nat pla
role. We thus chose to focus on users’ behavior such as task ti
spent on browsing, filtering the catalog, looking up prodietgils,
and taking recommendations from the system. At the same time

Lwww. personalogic.com does not exist anymore
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we measure users’ subjective perception of the decisia) aitth
as satisfaction with the interface and their intention ty bad to
return to the site. We report new findings based on an in-degeh

2.2 Experiment Procedure

Each participant in our study went through the followingpste
Step 1. The experiment’'s administrator (hereafter admin) first

study which collected on average one hour of eye movements asgepriefs each participant on the nature of the experimerickB

well as action logs from each of the 7 subjects using the =i
tracking system. This data set comprised of more than 2800
ation points and 3,648 areas of interest traces. The resiutiar
current work constitute a first major step towards the foinasibn
of the product brokering process involving recommendetesys
within the purchase decision model.

The rest of the paper is organized as follows. We describe the
experiment setup in detail and present the participant&draund
information. The paper continues by presenting our maieaieh
goal before reporting the results of the study. We then disthe
results and their implications. Finally, we present ouratosions
and ideas for future work.

2. THE EYE TRACKING EXPERIMENT
2.1 TheMaterial

The eye tracker used in our experiment wasabi i 1750
device consisting of a computer screen with embedded caraach
a software capable of capturing a person’s point of gazeer/sdin
initial calibration, the setup allows users to look at theeea in a
natural way without any need for a head mount.

The two interactive decision tools being investigated aeenulti-
criteria filtering tool (MCF) and the critiquing-based rezmender
system (CRS). The product catalog in consideration is @ciitin
of 3,500 popular perfumes of usual brands for men and women.
Most users recruited in our study had a consistent level deun
standing of the product domain.

The MCF tool consists of a search pahand a list viewlL of
all products in multiple pages. The display of the first feanis
is illustrated in Figure 1. Users can review all of the pradua
the catalog by choosing a sorting criterion, such as brarioe,
and examine the entire catalog page by page. To view a subset o
the products, which most users will do, a user has to selegta s
cific item under the multi-criteria search box, such as agrémge.
A MCEF tool allows users to apply a mixture of several critdna
narrow the product list by filtering out the undesirable prod.
However, users can also delete any filtering criterion, #mlarg-
ing the available product space. When the user becomessiteer
in a product, she can visit the product’s detailed desanippiageD
(Figure 1). This page also presents a column of recommendati

R computed by the CRS on the right hand side. Most e-commerces

such as www.amazon.com use a single category of recommenda:
tions, such as “Users who bought this also bought”. In aritig
based recommenders, this recommendation set is furthegaat
rized into groups of products, each of which provides expiig-
provements of the current product. The comparison of asiceatle-
gory of recommended items (thus the list view approach)ugesas
organized view has been extensively studied in our prewigark

(see for example [7]). Our research showed that users fawnadrt
ganized view to be more user friendly, and they perceivetltisa
effort was expended when comparing products. Even thougin su
organized views are not readily used in mainstream e-cogener
sites, we consider them to be superior to the list view. Th&CR
used in our experiment organizes the recommendation sefivet
categories: “more popular and cheaper”, or if this formeegary
does not contain any products we use “more popular but mere ex
pensive”, “same brand and cheaper” or “same brand but mere ex
pensive”, “just as popular and cheaper”, “same price ranggust
as popular”, and “people who like this also like”.

ground information on the user is collected (age, sex,.etc.)

Step 2.The admin calibrates the eye tracker based on the location
of the user’s pupils. He then launches the tracking sessioh a
encourages the user to explore the system before fully kdngc
into her first task.

Step 3.The user’s first task is to find and put up to three perfumes
that she has never heard of or used before into the shopping li
She was informed that she could ultimately select more theget
items and delete some at the end, but that she must be prepared
purchase one of them for herself. We refer to this tasRession 1

Step 4. Once this task is finished, the admin launches a new
tracking session with a modified task. The user is how asked to
search for one perfume she would like to offer to someondepre
ably of the opposite sex (reducing the potential bias aswdtref
product familiarity). This will be calle&ession 2

Step 5.To conclude the study, fourteen preference questions are
asked in order to assess the user’s overall perception sfygtem.

The preference questions are statements to which a usen<an i
dicate her level of agreement on a five-point Likert scalagirg
from —2 to +2, where—2 means “strongly disagree” ang2 is
“strongly agree”. The post-stage questions’ results aosvehin
Figure 4. The questions were asked in random order, in oader t
eliminate ordering bias.

2.3 Participants Background

The study was carried out over a period of one week and pro-
posed an incentive to ensure that users behaved candidi00A 1
Swiss franc voucher was given out in a lottery to the winniagru
to purchase one of her chosen perfumes. A total of 7 volusteer
were recruited as participants. They were from 4 differentntries
(France, Germany, Serbia and Switzerland), with diffepepfes-
sions (student, worker, Ph.D. student) and education&igraands
(high school, graduate school).

For all of them,fragrancewas an important feature when de-
scribing a perfume. Other important aspects include phcand,
quantity and design. All users had strong web experient®adh
their online shopping experience remained limited to stathitems
such as books, music or travel.

Background questions surveyed users’ predispositionrsyzer-
fumes. Five participants said they bought perfumes abocg @an
year, one a few times a year and one nearly monthly. When ques-
tioned about how they discovered new perfumes, 57% of uskrs a
mitted that they encountered problems, mainly because ahey
not able to explicitly describe their perfume-preferenflask of
knowledge and difficulty of describing a fragrance). 70%that
they preferred to just test perfumes alone in a shop. 40%euwh th
would also accept suggestions from friends. Most userstaldo
us that they were prepared to reveal information such asqugy
liked & disliked perfumes, and price, in order to obtain nexoen-
dations. Interestingly, all users were prepared to reveatiation
about smells that they like, but explained that it is difftciol de-
scribe smells and hence relied on other aspects.

3. EXPERIMENT OBJECTIVES

We expect that the CRS will have an impact on two general
aspects of consumer decision making in an online shoppirg en
vironment: (1) choice strategies and (2) consideratios §Hoice
strategiescan be thought of as methods (sequences of operations)
for searching through the decision problem space [6]. Ata@xgd
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in Section 1, other research shows that these strategidsedaio-
ken down into two steps: discovery of their needs and compari
son of products which fit to their criteriaConsideration setsre
conceptualized as sets of alternatives (one for each usargon-
sumers seriously consider for purchase [1]. In this pajecesour
framework does not include a comparative tool of items’dezd,
we will suppose that an item is in the consideration set as 880
the user focuses attention on a possible selection by Inteatk-

ing at it.

RESEARCHQUESTIONS
What is the influence of the recommender system? Is| this
influence continuously increasing over time at the product

brokering stage?

We expect that the influence of the recommender system will
help avoid dividing choice strategies into two steps, sih¢elps
users to both: (1) refine criteria to use with lexicographigening
and (2) find valuable alternatives to a product in the comatiten
set. Moreover, this influence should last from one produatcde
to another made consecutively by a user.

4. DATA ANALYSISAND RESULTS

We collected gaze plots and heat maps, but strongly reliéd-on
eas Of Interesthereafter AOIs) as they are an objective data about
users’ actions on the website.

Using the eye tracking system, we aimed at measuring how’user
interest for the different parts of the website evolves divee. We
recorded an average of 1,450 fixations per user. We defined are
of interest (AOIs) spread in two separate types of pagessebech
pages, and the detail pages (cf. Figure 1). Table 1 syntetie
average number of pages seen and the average session times.

Table 1. Statistics of sessions for the overall set of users

Session 1| Session 2| Both

Average Number of Search Pages 9.71 4.86 14.57
Average Number of Detail Pages 10.86 7.57 18.43
[ Average Session Time (Minutes) 1272 | 6.18 ] 9.45 |

Then, we computed the total fixation durations for each asgr
on the different AOIs over timé. We paid attention to durations
for four variables: the MCF todl the lexicographic ordered list
L (list-view), the description of perfumd3and the CRS agemR.
Usages of the MCF tool and CRS agent over time for the oveztll s
of usersU are made explicit in Figure 2. We summed the cumula-
tive fixation durations of these two AOIs. Consequently,dtie/es
flatten when the users stop looking at the corresponding AOls

We defined the variable$/,, (t) and R, (t) as the fixation dura-
tions of usewu respectively otMandRin (¢t —1; ¢]. These have been

Snapshots of the main interfaces (including AOI s) and an example of resulting heatmap.
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Figure2: Evolution of MCF and CRS over time.
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Figure 3: Usage of Recommendationsvs. Multi-Criteria.

normalized, as AOIs have different sizes. Then, we meashe=d
usage of recommendations in comparison with the multegst
box for each usen and each sessian by computing:

Ru(t)

Fos®) = S Rl

We also analyzed the users’ actions from the implicit actozss
to determine the time at which users added products in the bas
ket. Thus, we were able to cross data from the eye trackingmsys
and the access logs. A representative example of the funttio
is displayed in Figure 3 (User 2, Session 1). Vertical dagimed
correspond to times at which the user added a product to gkeba
The results show that in 85.71% of the sessions, the user adds
the product to the basket in the neighborhood of the intéisec
point with a horizontal tangent, when the use of the recontieen



Preference Questions e In order to ensure the veracity of decisions to add produdisa
basket, we asked users if they would buy the chosen perfuivess g
the opportunity - keeping in mind that one of the particigants

I going to win a 100 Swiss franc voucher to buy one of the perume

P1 P2 P3 P4 P5 P6 P7T P8 P9 P10 P11 PI2 P13 Pl4

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 Figure 4). Four
users agreed to buy given the opportunity; two were not e,
agreed to smell them before making a final decision. One ws#gr h

a neutral opinion. This data supports the idea that pastitiptook

the decision seriously, and that the influence of the recamdere

2 constantly increases over time to reach a final decision.

Questions

==

Algorithm
Diversity

Efficient

Agreement on 5-point Likert scale
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6. CONCLUSIONSAND FUTURE WORK

In this paper, we examined the impact of a recommender system
on customers’ decision process. We followed the two-stepdein
of Haubl et al. [4] with the aim of discovering new usage patterns
and decision subprocesses, thanks to an eye tracking system
particular, we paid attention to how the influence of recomdes
systems integrates into the purchase decision making matlel
based our experiment on our group’s e-commerce simulateds w
site selling perfume and other fashion goods. We collectetem
than 20,300 fixation data points. The analysis of this datasss
checked with the users’ actions and assessment questaits, to
the major conclusion that the recommender system is indoive
5. DISCUSSION the two steps of the purchase process: it both helps the tmsers
The results show that for all users tested the use of the rec- refine criteria search (to sort items in a lexicographic fread to
ommender system (CRS) progressively replaces the use ¢f mul choose alternatives to consider for purchase. We showedhtha
criteria search (MCF) over time according to fixations (cfig-F influence of the recommender increases over time. The cltbser
ure 2). We successfully reproduced hypotheses of [3] abeuar- purchase decision is to being made, the more users turndeze
chase decision making process’ division into two steps.rdlhe recommender to assist them in their decision process.
we noticed that each participant started the experimendéuytify- The study constitutes a first major step towards the forratidin
ing adequate search criteria. Thanks to users’ access gaow of subprocesses involving recommender systems within the p
that in 85% of the sessions this step required several segctés chase decision model. The perspectives will also consistez-
of choosing some criteria, reading examples of correspanpér- suring the impact of recommendation categories and howdfiey
fumes’ detail pages, and going back to the search page te tbfn opportunities to discover new and interesting alternative pro-
search criteria. In the other 15%, users proceeded to aiclewigh viding diversity.
only one attempt at defining some adequate search criteti@. T
results reflect the fact that users spend less time lookieaites
provided in lexicographic order (list-view) by the MCF boxfavor
of detailed pages. Then, all interviewees used the selsgadth . i
criteria in order to consider alternatives, before makirmgpeision. cor]5|derat|on setgournal of Consumer Research
Despite this notable division within the decision procdhs, im- 16:393-408, March ,1999' .
pact of the recommender can be observed in both steps of 93% ofl2] S- Ho. Web personalization and its effects on users’
the sessions, according to eye tracking data. Only onecsessi information processing .and deqsmn making. PhD Thesis of
one user does not follow this scheme. We believe that this cas the Hong Kong University of Science and Technology, 2004.
is not meaningful, since the user did not notice the reconsimen  [3] G. Haubl and K. Murray. Preference construction and
system and consequently did not use it during this session. persistence in digital marketplaces: The role of electroni

Figure4: Answers of the Assessment Questionnaire.

is maximal. This means a decision is imminent at timewhen:

dfu,s dfu,s dfu,s
7 7 (t <tz) >0and 7 (t>tz) <O
After the experiment, we asked users to fill out an assessment
questionnaire. The responses of this post-study survesuanena-

rized in Figure 4.

(tz) =0and
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