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Abstract

We studied how actual users find items of interest in todayisptex, recommender-rich information en-
vironments, what role recommenders play in it, and if recemters increase perceived social presence.
We used applied ethnography, on-location observation armiviewing, and Amazon as the environment
to get an accurate picture of user activity. We found thatsiaes increasingly relying on recommenders
in finding items of interest. Since they have developedesfies to combine keyword searching with rec-
ommenders for discovery, recommenders should not be gexkilo isolation of the whole because users
do not use them in isolation. In addition, while some usesttfegat recommenders add to the sense of
social presence, others feel that they are not enough tdereaense of others being present.

1 Introduction

And | think that this feature is good, this ‘those who havedtthis book have also bought
that book. | have found some books by that. For instanceinktthat when | was looking for a
book on these mercenaries, it gave me a good list. | found ¢gwérd searching] something that
had something to do with it, and then | could search throughnt it works very quickly, because
| can do kind of a cross-search, search for books on mercesaiihen when | read about some of
them, some that | might be interested in, and then | take oddfsn | go to this ‘who bought this
also read these, and it shows books with similar therad2articipant 4

Recommender systems have become omnipresent in e-comnfesdgrent Smith, Amazon’s director of
personalization, says: “Personalized recommendatianstathe heart of why online shopping offers so much
promise” [10]. Already today, recommenders are affectirigere we go for holidays, what newspaper articles
we read, and what movies we watch, and there seems to be t® tatiow they will be used in future.

While searching is seen as a way to help us find items that we,klegommenders are seen as means to
discovery [5]. Combining the two is even touted as a “next @&@bconcept, and punters see in their mind’s eye
a future where such applications know more about us than veeideelves [10].

Consequently, recommender systems have been frantieggarched in both academia and industry. At
the beginning, the research focused heavily on the algosithnd different accuracy metrics for them [6] while
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the user issues were not widely researched, perhaps to theel® of the whole field [9]. Today, however,
various user-related aspects are receiving increasediatteOur study is, as far as we know, the first that takes
a detailed look on the combined use of user recommendatimwhsearching by keywords.

One interesting user aspect is that of social presence aR#skas focused on social presence as a precedent
to trust and loyalty in e-commerce [1, 3] since lack of trgsteen as one of the greatest hindrances to the growth
potential of e-commerce [3, 4]. E-loyalty, in turn, has beahed a “competitive necessity” in e-commerce and
shown to boost sales [11].

Nevertheless, the concept of social presence has not bdkedefieed in the literature. In a study of Kalas
[14], a social navigation system for food recipes, sociabpnce was defined as a perception of “not being alone
in the space”, and we use this definition here. Social texfaegures that indicate synchronous or asynchronous
presence of others in the environment, was seen to proviédhkis for social presence [14]. Furthermore,
Kumar and Benbasat [8] showed that recommender systengglimg customer reviews, increase the perception
of social presence in addition to increasing the percepifarsefulness.

Much of the research effort still focuses on different aspet recommenders instead of complete recom-
mender systems, and even less attention is paid to reconemseasl parts of complex information environments
where different ways of finding items compete for user aitbenta scarce resource to begin with. Such e-
commerce sites as Amazon offer various ways to browse thesjtand recommenders are only one of many.
As it is, we know little about how users actually use such dempnvironments. Research that deals both with
search and social aspects has focused on social navigatgn[@]), not on user recommendations. In fact, the
only research done within the researcher community on tegal wholes that we know of is that of Kalas,
“one of the most complete social navigation systems evdt” pliP].

There are various reasons for this lack of research intodheptex information systems as integral wholes.
First, studying complex information environments is chagling for a number of reasons independent of the
methodology used [8]. In addition, the environments nedaktased for prolonged periods by numerous users
to start to deliver the goods [14]. Even in the Kalas studyemh302 active users used the system for six
months, the recommender system never actually started tk properly due to the sparsity problem [14].
Building complex information environments is an onerowsktt begin with [8], and the difficulty of finding
large numbers of motivated users is enough to discouragetkgemost intrepid researcher. Arranging financing
is another complicating factor in such prolonged studiemally, while the commercial systems tend to be
superior to the ones built by researchers, their data isvailiahle to researchers [8].

Consequently, we have little knowledge of how users agtuae complex information environments and
what role recommenders have in finding items of interest. M/Kalas provided quantitative insight into what
users did in the complex information environment in questive were interested in seeing the actual use
unfold and peak into the motivations and perceptions bethiecactions. In addition, we wanted to see if the
environment was indeed perceived as inherently socialfahd perceived social presence affected the behavior
in the environment. Thus, we used applied ethnography, lircase a combination of on-location observation
with verbal protocol and interviewing, to study how six Finfound items of interest in Amazon, the world’s
biggest online retailer.

We chose Amazon to represent complex information enviranisnizecause it has consistently been an early
adopter and innovator of new e-commerce approaches [7n&aiticular, Amazon has used a wide array of
recommender approaches for years. Moreover, Amazon hay acte social texture.

Although our method limited us to six participants, thusiling us to observing trends at general level rather
than at subgroup level, our participants were genuine wgignsgenuine motivation, and thus enabled us to see
clear trends and interesting examples of actual user bathiavé complex information environment.

We found that while recommenders play an important role idifig items of interest and that users find
them reliable, searching by keywords is not threatened ésnthRecommendations are used both opportunis-
tically and strategically. Opportunistic use refers torasgsing recommenders unpremeditatedly when seeing
them while strategic use refers to recommenders being nsectionally even to the point of intentionally ma-



nipulating what gets recommended. In fact, while punteestalking of approaches combining recommenders
with searches as the next Google, users are already comlsearching and recommenders by seeding recom-
mendations with searches.

On the perceived social presence, our participants divilgiedtwo distinct groups: Half felt that the social
texture in Amazon did result in social presence while theottalf felt that it did not. Nevertheless, we did see
evidence that the actions of others made visible in the btiture affected the behavior of at least some users.

The rest of the paper is organized as follows. After discussiur method and participants, we take a
look at how items of interest were found and what role recomuaes played in it. Then we look at how the
recommender use can be described as opportunistic orgstreiad the implications of this. Finally, we discuss
the perception of social presence and how it affected the use

2 Method and participants

2.1 Participants

The participants were six Finnish males, aged between 384nd/e refer here to Participant 1 as P1, Participant
2 as P2, etc. All were in working life, had at least polytecHevel education, and were experienced Internet
users.

A book purchase from Amazon was required for recruitmentstedain that all were actual users of Ama-
zon. On average, participants had purchased 10 books @@etvand 30) from Amazon prior to the study. For
the participants, the main reason for using Amazon was thaa#iity of books. Four participants had also
bought other items from Amazon. Participants had used Amé&mo4.5 years on average. Thus, our partici-
pants were actual users of Amazon. In contrast, many sthdies used students acting as consumers [4, 13],
which raises questions of external validity [3].

However, while our participants were all “genuine,” theyrevall male, and men and women are known
to have at least some differences as e-commerce custonjerddditionally, the number of our participants
was low, and they ended up using Amazon only for buying naisficoooks during our observation sessions.
Finally, cultural issues prevent us from generalizing #sults too widely.

2.2 Method

We used applied ethnography, in this case a combination srghtion with verbal protocol and interviewing
at the participants’ homes with them using their own coma,itas our method to get an authentic view of real
use.

While observation gives a picture of what users do and how doeit, it does not reveal their motivations
and other reasons behind their actions. Verbal protoco$pite of its limitations and potentially behavior-
altering influence, is still our only way to get inside thetfapant’'s head during the action without the clouding
of reflection that interviewing introduces. Thus, verbabtprol provides on-line insight while interviewing
provides reflective insight into the actions of the particip Combining interviewing with observation also
avoids the say-do problem, the human tendency to describetivby do differently from what they actually do.

The observation-interview sessions, one per particigasted 2—3 hours each. The participants were given
four tasks and asked questions before, during, and aftér tegk. Care was taken not to direct participants’
attention with the questions: during the tasks only somefgiag questions were asked when a user stayed on
a page for a long time without visible or verbalised actioAdter the tasks, a semi-structured interview was
conducted. Finally, the participants filled in an online dgmaphic questionnaire.

The sessions were videotaped with the video camera poihtibxe aomputer screen to provide the context
for verbal protocol. The video camera also recorded thevige's.



The tasks were given to the participants on a web site madddostudy with each task on its own page.
However, only the first two tasks are within the scope of tlipe.

Task 1: “Buy a book (or books) from Amazon. Do not buy a book gau have already decided to buy.
Instead, you should find a book that you have not decided tdbtgrehand.” On average, the participants used
23 minutes on Task 1.

Each participant was given 15 euros towards purchasingable(b) in Task 1 to make sure that they selected
a book they really wanted. This is significant because rebesrggests that people use “affect or other simple
heuristics to guide their decisions” when the task does mailve them, the task is trivial, or they are not
motivated, while in high-involvement situations, when pleohave something to lose or are simply deeply
engaged, people use “cognitive analytical processing]. [t3our study, the users were not pgidr seor given
a chance to win something by participating, which might hanativated them to take part in the study but not
engage them any deeper in the tasks. Instead, what theyedadpended on how they did the task, involving
them deeper in the task itself.

The patrticipants were instructed to use the Amazon sitetkiegt most typically used. Three participants
used .co.uk, two used .com, and one used both .com and .ddalchoice of site was given to preserve normal
conditions although there are differences between thertteofaces.

Task 2: “You have bought a good digital camera and now you evbki to buy a photography guide from
Amazon. Which one of the books on the list would you buy?” Tdmktpage provided a link to the list page
that was constructed to look like a list page in Amazon.coTike page included books with high star rating,
low star rating, no star rating, and one book with Searcldaginction available. A mock-up page was used to
make sure that all these different conditions were presem.links on the page led to actual item pages in the
.co.uk site. On average, 11 minutes were used on Task 2.

All sessions were transcribed and then contrasted for aimgly No analysis software was used. Because
the study method produced qualitative data, the goal of tiaéyais was to describe the observed behavior and
to find patterns.

3 Results and discussion

3.1 The role of recommenders in finding items of interest

| don't know where this Kerouac thing came from. It came somiedwoute. The system kind

of drove me to it. | kept getting closer and closer all the tiamel when | eventually was about to
take the other book that was more at general level, it pushisckierouac’s memoirs at me [laughs]
and | couldn’t resist it or ignore it. If | were in a bookstorapw the hell would | end up with

something by Kerouac? I'd be there looking at some paintiogks and the link between Kerouac
and tankha-paintings would be hard to draw, it just wouldrdppen, and in that sense I'd be there,
probably looking at some impressionistic painting guidasighs], and think that maybe this is not
quite what | wanted- P4

In Task 1, seven books were bought. Three were found by reemdations and four by keyword searches.
P3 used directly personalized recommendations and fountdduk. P2 also started with personalized recom-
mendations but he already owned the only interesting bodtkam and continued with keyword search. Three
participants, P1, P4, and P5, used keyword searches ginghtle P6 started with categories but moved to
keyword searching after failing to locate any interestiogks.

P1 found a book with keyword searches but after putting @ the shopping cart, he saw an impulse item
recommendation for another book and went to its item pagesiVéleing an offer to buy the book in the basket
with the new book (“Perfect Partner” recommendation), heidél to buy both for abou#40 even though he
had earlier on mentioned wanting to get a book on the subgecalfout£10. P5 was also interested in the
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“Perfect Partner” recommendation, but he already had ttemenended book. P4 found the book to buy from
“Customers who bought this item also bought” list after a &marches.

In practice, all participants used recommendations intéra-finding process. Tablel summarizes the rec-
ommender use in Task 1. Interestingly, all three books fdwndecommendations could be characterized as
serendipitous. Participants found items that they wouldhawe found otherwise and that were exactly what
they wanted. Thus, the recommenders were clearly providisgpvery.

| Task 1 | PL[ P2[ P3| P4| P5] P6 | Total |
Bought a book offered by algorithmic recommender| e e | o 3
Bought a book found by keyword searching 4
Used keyword search e | o o | o 5
Used categories for searching 1
Used “Perfect Partner” . ° ° 3
Used personalized recommendations (at the beginring) | e | e 2
Used “Customers who bought/viewed this item...” | e ° 3
Used “Explore similar items” 1

Table 1: Recommendation use in Task 1 by the participants.

Furthermore, two participants used personalized recordateams as the starting point and several com-
ments by participants showed that they were actively lapkor recommendations. Consequently, recom-
menders have become an integral part of complex informa&timronments in users’ minds, and play a signifi-
cant role in their item-finding strategies. Consequently,fimdings are in line with the studies that suggest that
recommender systems are necessary and useful in finding itettme era of information overload.

Meanwhile, keyword searching, once the standard tool é&mnifinding, has clearly given some ground to
recommenders. However, it is still a natural starting paihen the topic is known but not much more.

The major problem with searching is naturally to come up withrect keywords. For instance, P4 used
as keywords “phone tapping government.” That search pesl@2 results in Amazon.com while a search
with “wiretapping government” produces 215 results (Maiéh 2008). However, P4 did not come up with
“wiretapping,” and so he concluded wronglyPérhaps a book with that stuff in the way that | want it has not
been writter.

Finding the right keywords can be even further complicaté@mthe system is not in the native language
of the user, as with our participants. For instance, nameanyrparticipants used author’'s name as keyword—
and concepts with foreign words caused spelling probleroseSparticipants had strategies to deal with such
situations. For instance, when P6 failed to remember thiérgpef an author’s name, he instead searched for a
book by the author, as he knew how to spell the words in the 'bditle. Finding a book by the author helped
him to access relevant recommendations.

Interestingly, some patrticipants simply searched for &ktibey knew on a topic to access similar books
through recommendations, thus seeding the recommendatitim searches. Thus, recommenders can comple-
ment searches and inspire new searches, just like seamhé® eised to seed recommendations.

In the light of our study, searching and recommenders doompete with each other but complement each
other in many ways. However, it is Amazon’s ability to makeammendations based on just one item viewed
that makes this possible. If recommendations were simpdgdban previous purchases and did not react to the
item at hand, it would be impossible to integrate them ineitbm-finding process the way the participants did.
Thus, to allow recommenders and searches to complemenbdaat) recommenders have to be responsive to
the current task context.

Our findings are in line with Hangartner [5] who concludest thearching is not disappearing because of
recommenders but can be enhanced with recommenders, amddbamender industry will continue to grow
in sophistication and importance.



3.2 Opportunistic use of recommenders versus strategic use

Oh, hey, hey, hey! Now I'll still, yeah, now | found a reallyogioone! | mean true enough. | was
kinda left feeling a bit vexed about Kerouac. | mean Keroaoi me kinda like, | mean | notice
that I’'m chasing after him here. This “Customers Who Bougdhis Ttem Also Bought” is throwing
at me thiswindblown World: The Journals of Jack Kerouac 1947-1954Well, this showed itself
to be useful, you know, something like this can pop up outwhece at you— P4

The participants used recommendations in two ways, steatbgand opportunistically. Strategic use refers
to using recommenders intentionally as a part of the cuitent-finding strategy. The strategy might be ac-
cessing personalized recommendations, as P2 and P3 dekrahing for a particular book to see “Customers
Who...” recommendations, as P6 did by finding a book by ancauthsee what other book was recommended
on the item page of one of his books. He had no interest in butyiat particular book, but he wanted to see
similar books. Intentionality shows in two ways in this ségy: in P6’s deliberate intention to go to the recom-
mender to see what was recommended and in an attempt to icdlties type of books to be recommended.

Opportunistic use refers to users stumbling upon recomatems and using them there and then. It lacks
the intention that characterizes the strategic use. Oppistic use is possible only if recommender features are
displayed at the right point of the searching process.

Recommendations that require us to access them intenjiosiath as personalized recommendations (“Rec-
ommended for You”) can only be used strategically. Howenasmpmmenders that are displayed as a part of the
interface, such as “Customers Who. . .”, can and are usddgitally in addition to being used opportunistically.

The secret to helping users use recommenders opportatfiistis to deliver them when users are pre-
disposed to attending to them. For instance, when P5 whenva@hiating between two books, a “Perfect
Partner” recommendation that recommended the two boolethtegat what appeared to be a slight discount (it
was not) helped P5 to decide to take both. In the same waygdel) recommendations to P1 when he had put
one item in the cart caught him at the moment he was not abalat &mything else, and so he was pre-disposed
to check the suggestions out.

“Customers Who. ..” recommendations work in a similar mantighe user is not sure about the book on
the item page, he or she is likely to be interested in othapogtavailable. Thus, designing recommenders for
a complex information environment includes positioningrthin the process that they are supposed to support.

Both opportunistic and strategic uses of recommendersprengeral, and users cannot be categorized by
them. Although P3 did simply look at the personalized recemdation in Task 1 and found a book, thus using
recommenders only strategically, in any longer item-figdinocess users are likely to move from strategic use
to opportunistic use and back again. How smooth the transitare depends on how well the environment is
designed to support discovery and what user strategiesncarge from that environment.

3.3 Recommenders and perceived social presence

The participants divided into two groups as far as percesaaial presence of the environment was concerned.
P1, P2, and P5 felt that they were alone in an online shop andhth social texture did not make the environment
any more social. P1:1t'is more like a convey belt than a social environment. . ai’tireally see it as social
environment and the reviews by anonymous people don't betfake it any more humarie.

While P2 and P5 found no social aspects whatsoever in Amaardid relent his position a bit. He
remembered having looked at the other reviews of reviewecs or twice and having had a feeling thag"s
interested in the same things as fnéle thought that if he bought more books, spent more time iraom,
and consequently looked more at other reviews by reviewstuaed other similar features, he might begin to
perceive the environment as more social.

For P3, P4, and P6, on the other hand, the social texture rhadentvironment inherently social. P3 felt
that the recommendationgfilivened the environment and that without personalization and qreaiized rec-
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ommendations it would appeatiéad” Likewise, P6 felt that the presence of the community way pesitive:
“It's like that, you know, ok, yes, others had felt the sanmegthbout it, about this book, and oh, ok, he thought
like that, | don’t agree but it's good to know that people cae & like that, too. It goes like that; the community
emerges out of it.

P4 perceived the environment as even more social than tlee . He explained how the social aspect
affected his behavior when he found a review that 95 peopi®io®5 had found Helpful: Ffelt that it wasn't
helpful, but like | said, | won't click the button becauserthi be a killjoy. That's where the sociability kicks
in. Then there was one where three had read it, | mean, hadiatea it and all agreed that it was not helpful.
So | somehow thought that I'll rebel against it and be the fiesthink that it is helpful. Then I'd actually do
something positive [laughs]. That | didn't click the [firsfutton or that | would have clicked the [second]
button, the motivation didn’t have anything directly to dithathe book or even the review but all to do with
the social context and how | perceived that social situation the critical mass of Joe Blows, then the social
dimension kicks in and those who disagree no longer havetw®etb disagree [laughs] and do it [vote a review
Helpful or not] when the critical mass has been reached.

All the participants did use social skills and social cuesilable to assess the needs, level of expertise,
and even personality of the Customer Reviews writers toamttrem against their own to assign relevance and
reliability to the reviews. Furthermore, decisions infloed by Customer Reviews to buy or not to buy a book,
or to look in more detail a book because it had five stars, wikr@ctons that were influenced by the social
texture.

However, we feel that what makes an environment social oisnibte perception. If a user perceives that
other users are present because of the recommendationghthenvironment is social for that user, and if a
user perceives recommendations are part of the conveyhmgdpimg environment, then the environment is not
social for that user.

Consequently, the arguably rich social texture in Amazarotsalone enough to make a user to perceive the
environment as inherently social. How easily people pgecan environment as social is probably related to
their personality and personal definition of sociabilityr fhstance, P5 did not even see going to a brick-and-
mortar bookstore as social activityl: don’t go to a bookstore to be sociaFurthermore, what constitutes social
texture might differ from one user to another. Neverthelésseems that some people need only a slightest of
hint to perceive an environment as social while others reggynchronous conversations with video image.

4 Conclusions

Recommenders are integral parts of complex informatioir@mnents, and their importance is likely to con-
tinue to increase in e-commerce as well as in other infoonaginvironments. While not replacements for
keyword searches, they are already an integral part of tregegies for finding items of interest.

Recommenders are used both strategically (intentionallg part of the item-finding strategy) and oppor-
tunistically (when seen without prior intention to use ditience the recommendations). Giving users better
ways to influence recommendations and their presentatiam as the order in which Customer Reviews are
displayed, is one way to assist users in using recommentiigierly. The better we understand the underlying
and overall process, the better we can assist users to malkd tise features in the environment and tailor the
tools for actual use.

Recommenders are parts of the social texture that increasgserception of social presence that in turn
influences user behavior. However, the effect is not unifasnonly half of the participants perceived Amazon
as a social environment and half did not. While we saw exasnfiéhe social aspects influencing user behavior,
the “social effect” cannot be generalized to all users. Téteabioral effects and what constitutes social texture
to different users require further study, but based on thidys we know that such effects do take place.

While punters talk about combining searching and recommsndisers are already doing it in practice



by seeding recommendations with searches to generateveligcoStudies that concentrate in parts need to
be accompanied with studies that study the environmentatagral wholes. Otherwise, the actual use and
predicted use may not meet.
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