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ABSTRACT

The defining characteristics of the Internet todsy an
abundance of information and choice. RecommendsieB\s
(RS), designed to alleviate this problem, have s been
very successful, and recent research suggestshibas due to
the lack of the social context and inter-persomaktt We
simulated an online film RS with 60 participants, end
recommender information was added to the recomntiemda
and a subset of these were attributed to friendsthef
participants. Participants overwhelmingly preferred
recommendations from familiar recommenders with mttbey
shared interests and a high rating overlap. Wheommenders
were familiar, rating overlap was the most importeacision
factor, whereas when they were unfamiliar, the doatipn of
profile similarity and rating overlap was importantWe
recommend that RS and social networking functiopalitould
be integrated, and show how RS functionality caradeed to
an existing social networking system by visualisipgofile
similarity.

Categories and Subject Descriptors
H.5.3. Information interfaces and presentation .(elCl):
Group and Organization Interfaces - Collaborative Qating.

General Terms
Design, Human Factors.

Keywords
Recommender  systems,
networking, decision support.

online  advice-seeking,

1. INTRODUCTION

The Internet has evolved significantly since itslyedays as a
mere source of information. Where previously ussold
predominantly interact with content offered by mssional
services, today they actively contribute to thetenhthey and
others consume. Some of the most successful teitkgy let
users create and share content, connect and coceteinvith
like-minded users and thus provide a richer and emor
interactive user experience. In producing and waonisg
content at the same time the emerging web 2.0lj24]created
prosumingusers.

Recommender systems (RS) have been built to helpuswars
deal with the abundance of data available on tHe Wewever,
recent research suggests that current RS do natsaffficient
utility, and user experience is not satisfactory; |4 has been
argued that RS could be significantly improved bavdng on
features from social systems [3].
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Social networking systems such as FaceboakySpacé or
Orkut, which have attracted millions of users (mySpaas h
more than 100 millich users) have become popular
communication platforms for its users to sharetdigiontent
and socialise. The increased popularity in recent years has
greatly extended active participation and contentlpction of
the web as these systems often include blogs, piaiteries
and other means for sharing digital content. Hawethey are
in danger of becoming victims of their own succesgth
rapidly increasing number of users, identifyingekikinded
fellow users has become difficult. While many gsprovide
rich profile information, it is currently not usew provide
effective user matching and recommendation potentia

The research presented in this paper takes a rewofiRS in
the light of the above developments: we investigjageeffect of
real friends as recommenders on people’s choid¥s. begin
with a brief overview of RS research, and discuss borrent
social networking systems relate to this. Thigs lghe
groundwork and motivation for our online RS simudati
which was completed by 60 participants and examirezd
(rather than simulated ones) recommender charstitsrisuch
as familiarity, profile similarity and rating overlap on
participants’ choices in an RS context. We predictieat,
given recommendations by unknown and familiar pesso
participants would be more likely to adopt recomdations
from familiar ones, and that a high degree of pedadimilarity
and ratings overlap would further increase uptake o
recommendations. The results show that all 3 kketahad
significant impact on what type of recommender ipgrants

social chose to trust (i.e. accept a recommendation fathpugh the

relative weight of each variable changes with thetext of the
choice. Based on these results, we present an exanagpl
profile similarity can be integrated into the iritere of a
popular social networking system.

2. Background

2.1 Recommender systems

Filtering and evaluating potential choices from thiernet has
become a day-to-day activity for many people shuogpdor
items such as CDs and DVDs, or choosing a restawmant
movie Generally, the number of choices available fay
exceeds what can be considered by an individuék, téor

instance, the number of available CDs on a site like

T www.facebook.com
2 www.myspace.com
www.orkut.com
4 According to mySpace primary network



Amazon.com. RS are meant to alleviate this probkem
filtering the available options according to thensomers’
individual preferences.

RS strategies can be divided into the following gaties (see
[1] for a more detailed overview):

(1) content-based recommendations- items that are
similar to ones a users have previously liked wél
recommended

@

collaborative filter recommendations (CF)— users

receive recommendations based on people who have

similar tastes and preferences

©)

hybrid approaches — a combination of content and
collaborative methods

RS research to date has predominantly focused agniteg
algorithms for moreeffective and efficient computatiorof
rating predictions [5,8,12]. Evenust has been examined from
an algorithmic perspective [7,11,13]. The mainrapphes to
RS trust research aim to include trust measurebdrfdrm of
trust ratings in the algorithms computing recomnaiuchs.
Their aim was to address shortcomings of Collabardtilter
algorithms, such as theold start problem[11] or increasing
the precision of recommender algorithms [13].

Human Computer Interaction (HCI) research into RS to

establish interaction design guidelines has beented to
evaluation of existing RS [9,16]. Swearingen & S%ini6]
stress that users need to understand how recomti@rslare
computed gystem transparengyHerlocker et al. [9] conducted
an extensive study examining what effect explamatidor
collaborative filtering results have on the user&ception of
the system. They found that explanations are itapoto users
as they were less likely to trust recommendationsemthey did
not understandavhy certain items were recommended to them.
Herlocker et al. [9] suggested that a rating histog of the
user’s closest neighbours is the most effective way
explaining the results of collaborative filtering.

Bonhard & Sasse [4] have argued for a new HCI approac
RS design: they examined existing psychology litesaton
advice-seeking and decision-making, and
qualitative study on when and why people want
recommendations. They found that people prefer dosalt
familiar advisors, and that tletuatednessr social embedding
of a recommendation is what makes it effective. seguently,
they propose that recommender characteristics dmel t
recommendation context (e.g. romantic date vs.nessilunch)
need to be considered for the recommendation gyrated as
explanation aids in order make the whole processemo
transparent [3].

Situating recommendations in their social contexam online
environment warrants the examination of how peajsie tools
to socialise online. Social networking applicatgorovide a
platform for their users to connect with their frils through
their profiles. Seeking recommendations from fiens a
naturally occurring social process, which has sdéen under-
explored in this context. The following sectioritbfore briefly
examines social networking applications.

2.2 Social Networking Systems
Social networking applications have grown signifita over
the past few years, witRriendster claiming 27 millions usefs

5 www.friendster.com

Facebook7.7 millions users [18]hi5 over 50 million users
and mySpacewith more than 100 million uséts First
generation systems likesixdegrees.cominitially saw an
enthusiastic uptake, this was followed by an egugllick
decline, mainly due to a lack clearly defined usggals. Once
signed up, users simply did not know what to dohwite
applications. Donath & Boyd [6] point out that thes
networking sites had the three following basic utyilegy
assumptions:

@
@

there is a need for people to create connections,

using a network of existing connections is the best
way of doing this,

©)

Social networks are a new form of self-represenatand
communication, and as such subject to social behavi
different to the real world. For instance, white 5ome users
the main purpose of social networking sites has lieeamass
social currency through a huge network of friendsldrge
number of whom they do not actually know in persdoy
others there is a more goal-driven approach (euginkss in
LinkedIr?), where accountability is valued more highly, ilaé
the cost of reduced privacy because people userda@inames
[6].

As the main point of social networking sites is maknew
connections, the underlying assumption is thatrigaa mutual
acquaintance or being connected via a chain ofantances
provides context for connecting. People need adoor
common ground to turn a connection into genuineefien
Finding a mutual acquaintance can provide comnroargl in
the form of shared experiences, beliefs and areiatevest [6].

making the above easy is a great benefit.

Apart from mutual acquaintances, however, findirige-l
minded people in current systems is still a vebpt#ous search
process in which the user has to browse differattvorks,
communities and profiles and judge individually wie
another person is actually of any interest.

Additionally, social networking applications havextended
their traditional goals of creating connections amdts users,

conducted ato becoming a hub for producing and sharing digitahtent.

Bands post their demo tracks on mySpace, people shair
photos in galleries; political activists organisallies or
petitions through special interest groups.

It is the intersection of RS and social systems itabduce a
new type of system: Social Matching Systems, agestgd by
Terveen & McDonald [17]. These will be explored tihe
following section.

2.3 Social Matching Systems

Social networking systems are based on peoplengimind

providing information about themselves, such as agaphic

data, hobbies and interests and connecting withr fhends.

RS, on the other hand, almost exclusively use itatimgs to

define the user profile for the system. Item mdirhowever
come from real people, which are indicative of thastes and
preferences. Decoupling the two deprives an RS igd
resulting recommendations of a lot of potentiallgeful

5 www.friendster.com/info/tour/1_0.htm
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information. The connection between items and menender
is one that needs to be capitalised on for morectiie
recommendations and system transparency.

The simplest definition of a social matching systeatcording

to Terveen & McDonald [17] - would be a RS that mowends

people instead of items. We believe that item aedple

recommendations do not have to be mutually exatus®n the
contrary, they actually benefit from each otherchese they are
so interrelated [2,4]. Good recommendations avallystied to

people we are familiar with and trust.

2.4 New approaches to RS design

Since the growing popularity of social networkingpications
is a fairly recent phenomenon, the research commisionly
beginning to examine the interactions in that pafér context.
RS research has longer track record, but user-ckntre
approaches are very recent [3,4,17]. There is o dvice-
seeking and decision-making than merely being pteslewith
options. The information needs to be qualified different
levels, such as how the recommendation was compifitdone
by matching, who it is based on and of course méiion
about the recommended item itself. Thus, the usefis of such
systems needs to extend that of mere informatitneval or
has to be embedded into another structure that leonepts the
uses of it.

Advice/recommendation-seeking is a fundamentallyciado
process, and researchers are beginning to recoghise
potential use of information and profile charadtcs
contained in social networking applications. Usatseady
specify trusted networks through their connectiasswell as
information rich interest / taste profiles.

Recommender characteristics such fsniliarity, profile
similarity and rating overlap are collateral influences to the
decision-making process because they allow a pesqudge
the appropriateness of a recommendation. In th®
simulation, Bonhard et al. [3] found thptofile similarity in
combination with highrating overlaphad a significant impact
on participants’ choices. They argued that rewnegali
recommender profile information and visualisatiorsf
similarity and rating overlap should be used adanation aids
to RS. They did not find an effect damiliarity on
participants’ choice, arguing that this was du¢h@sfact that it
was simulated through repeated exposure and rlot rea

Mapping out people’s tastes is a complicated ermeav
because taste is complex and multifaceted, andigdens of

taste can vary wildly from person to person (e.ge anusic

fan's definition of ‘Indy Rock’ might include bandthat

another one would only sneer at). Liu et al. userprofile

information such as interests, films and musiceedf ataste

fabric [10]. In this, people are grouped in various sphe
defined through an ontology that was defined thiokeywords

in user profiles. This taste fabric can be useddoerate and
navigate recommendations based on related items.

Svensson et al. [15] present a similar approaabutiir social
navigation of the food recipe domain. This inclsidBS
functionality, information on other users’ activityand
communication features. They found that some b@spects
of their system were more popular for self-exp@sshan to
see what other people did.

Golbeck & Hendler explore how connection data otiao
networks can be used to generate recommendatiotisein
“FilmTrust” systems [7]. They use explicit trustirgy between

users and their respective film ratings as a bfmsianaking
calculations about similarity.

While Liu et al. concentrate solely on profile infwation to
connect and categorise users, we believe the mgxisti
connections among users need to be leveraged as wel
Svensson et al.’s study demonstrates that soaiatiins have
a significant impact on users’ perceptions and biela in
such systems. And the familiarity between the azlgieeker
and recommender can also act as a trust builderGé]beck et
al. incorporate this idea through using expliciistr ratings
among users. Firstly, such ratings require adufioinput
(which users might be reluctant to make), and sdlgahey are
tied to a particular domain (in this case the tngthiness’ of
their film recommendation). Profiles in SN apptioas
already contain information about members’ tastackv could
be used for matching and generating recommendatimrighe
combination of connection and profile similarity taais
currently not exploited.

When meeting new people, part of ‘getting to kn@eteother’

is establishing some form of common ground in éked and
dislikes. This is a trust-building exercise ahéips evaluate
our counterpart’s personality. Indeed, social psj@gy has
shown that people like others who are, among othiegs,

familiar, similar to themselves, and with whom thiegve a
history of interaction [2].

Friends from whom we seek recommendations are usitg
source of information for us: we know their tasteéigws and
they provide not only recommendations, but alsaifjaation

and explanations for them. If in doubt, we canagisvquestion
their recommendations by simply asking about the@&soning
and referring back to previous recommendations vghthave
received from them.

Seeking and receiving a recommendation is a sactality that

often involves the discussion of a particular itedithy did the
recommender like it? Would she want to experidnog/it

again? Will the experience change after a whil&dcial

networking systems already contain vast amounts
information about their users’ likes and dislikegerests and
hobbies. This information essentially encapsulatesimon
guestions that are asked in social encountersdai®however,
this information is neither used for generatingoramendations
nor for matching like-minded users.

of

The aim of our research was to explore this avenfie
integrating RS and social networking systems in ortte
leverage the advantages of both. We wanted tooexgh
greater detail the effect édmiliarity on users’ choices and how
that can be applied to RS design. Since familiavigys
previously unsuccessfully operationalised [3] wearsined
actual, real familiarity between the advice seeker and the
recommender. Being friends with a given recommemgilas
the advice seeker additional knowledge that cafadtered into
the decision-making.

We further tested our results in creating a nomtgrface of a
popular social system that incorporates this neer ugntric
view of RS design.
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Figure 1 - recommendation choice

3. Experimental Study

While Bonhard et al’s [3] studysimulated recommender
profile characteristics such &smiliarity, profile similarity and
rating/taste overlap we were interested in how participants
choices would be affected if they actually know som
recommenders and judge them individually on sirtjlaand
rating overlap. In short, the familiar recommersdenould be
actual friends, rather than system-generated.

3.1 Participants & Procedure

3.1.1 Participants

During recruitment, we asked every interested @igdnt to
recruit four additional friends, who would partiaip with them
as a group. Thus the final participants were aitt pf groups
of five friends who all knew each other. 12 groums5
participants were recruited. The majority of map@ants knew
their friends more than six months and a significanmber
knowing them longer than a year. Thus, familia@tyong
group members was real. The age range varied I&81 with
a variety of backgrounds including students andgssionals.
Participants were paid £7 on completion of the wtud

3.1.2 Scenario

The scenario was a film festival where there werrenfilms
scheduled than any person could see in the timédabhia
Participants were asked to use a film recommengstes that
would match them with similar people, based onrthaiing
profile.  They were told that as well as beingtahad with
similar people, some of their friends

Please complete this short questionnaire...

1.1 Please tell us how you feel about the following recommender ...

a) How well do you know this r
O don’t know them at all

© 6 months or less

O 6-12 months

O 1-2 years

g Martin Bonhard aka "Marty", 22,

Profession Hospitality / Catering

) 2 years or more Horrer

Preferred | Thriller
Genres Mu:
4outofS o

Filim -Noir Drama
Adventure
Comedy

b) How similar (interests, hobbies etc.) are you
compared to this recommender?
00 000
1.2 3 45

not similar

Faatball

¢) How much do you think your film tastes Chass
overlap? Hobhies  L3iSUre:

s
00 00 c! large 2outofs
12 3

d) How much would you TRUST this
recommender?

no trust OO0 0 O0C high't Rating
1.2 3 4 5 Overlap

Stats:

no overlap

Cinams { Films

Indie R&EB and Soul

World 2 Falk  Latin

il

28 out of 50 films

View Rating Overlap Details

University College London, 2005

Figure 2 - post hoc questionnaire

had seen trailers, read synopses and had thus digento
recommend some films to particular people in tiyedup.

3.1.3 Procedure

Participants completed the experiment over thertiete The
experiment consisted of four main phases. In fitgt phase
participants were asked to provide a basic profilgh
demographic data, hobbies, interests and musiestadn that
phase participants were also required to rate Fulpo films,
which was subsequently used for showing rating laper
statistics.

In thesecond phasearticipants chose from a series of 32 pairs
of recommendations from different recommenders Sgeare
1). In thethird phasethey rated the familiar and unfamiliar
recommenders in terms tdmiliarity, profile similarity, rating
overlapandtrust This was followed bphase 4 which was a
post-hoc questionnaire (see Figure 2) where userddc
elaborate on their decision reasoning.

3.2 Recommenders & Independent

Variables

As participants were recruited in groups of fiver feach
participant there were four familiar recommendeiSach of
those four would be subsequently used to generate a
unfamiliar counterpart with a similar interest ting overlap
profile (based on the number of items in common see

Figure 3).

3.2.1 Familiarity (fam)

Bonhard et al.’s [3] study did not show an effecfariliarity
on participants’ choices. They concluded that bseatheir
familiarity was not real, but only simulated thréugepeated
exposure their experimental operationalisationhaf variable
had failed and that only interactions over a longeriod can
establish familiarity. In this study, we thereforeanted to
compare participants’ choices when the recommendear an
actualfriend. This was the main independent variabéd tias
controlled.
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Figure 3 — Familiar & unfamiliar recommender profil es —
unfamiliar profiles were modelled on familiar ones

3.2.2 Profile similarity (sim) & Rating Overlap

(rate)

Since all the familiar recommenders were real pgope could
not control for profile similarity, rating overlap and trust
However since the participants rated the recomnrepiddiles
on these dimensions (as wellfagiliarity) in phase 4, we used
them assubjective measuresd thus independent variables.

3.3 Conditions

Each condition in phase 2 was a forced choice miwe/o
films recommended by two different recommenders (Egure
1).

The recommenders could be any combination of familie.
friends in their group) or unfamiliar recommendéemputer
generated). Thus, there were three different ¢mmdi types:

1) F-UF: familiar vs. unfamiliar recommenders
2) F-F: familiar vs. familiar recommenders
3) UF-UF: unfamiliar vs. unfamiliar recommenders

This resulted in a total of 32 choices to be made.

3.4 Dependent variable

Choosing from the recommendations they receivedsgerece
translated into choosing to trust a particular reec@nder. This
choice was therefore our dependent variable. [ditiad to

that, we also recorded a confidence rating for ehdice.

No reviews or synopses were provided in order tmdcaehoice
bias based on preferences for textual descriptiansould not
control for.

3.5 Hypothesis & Analysis

3.5.1 Hypothesis 1 — Recommendations from

actual friends will be preferred

We wanted to test the previous prediction of [4]atth
recommendations from familiar recommenders would be
preferred.

3.5.2 Hypothesis 2 — Recommendations from

similar recommenders will be preferred

Previous social psychology research states thdtkegyeople
more if they are similar to us [2]. Thus we preedt that
participants prefer recommendations from peoplg tumsider
more similar to them.

3.5.3 Hypothesis 3 — Recommendations from

people with high rating overlap will be preferred
The basic assumption of any CF-based RS is that usenisto
be matched with others who like the same filmshast While
this was tested in [3], the variable there was &ed, while in

our experiment, high or low rating overlap was redle
predicted that participants would prefer recomménda from
recommenders with a high rating overlap.

3.5.4 Hypothesis 4 — Recommenders with higher
familiarity, profile similarity and rating overlap

ratings will be trusted more

Each choice in phase 2 of the experiment effegtitr@nslated
into choosing to trust a particular recommendere bélieved
the recommenders chosen more often would also te#l ra
higher in terms of trust ekplicit trus). Implicit trust
(recommenders chosen) would therefore madgplicit trust
(trust rating).

3.5.5 Analysis
We analyzed the data from the recommendation pimasee
following ways:

1. Familiarity Analysis (H1)

For the F-UF conditions we examined across andimvith
subjects whether participants consistently chose th
familiar recommender. This was tested by compatirey
percentage of familiar advisors chosen over unfamil
advisors.

2. Influence of FAM / SIM / RATE (H2, H3)

To analyze individual the influence &miliarity, profile
similarity and rating overlap we used a binary logistic
regression for which we transformed the resultiagadn
order to create a dummy dependent variable. We
examined all the profiles that were presented oa th
left/right side of the recommendation pairs (thegrev
counter balanced). Each profile was rated in teahs
familiarity, profile similarity and rating overlapFor each
pair we used the rating difference between theilprof
chosen and its counterpart that was not chosen as
independent variables.

3. Paired t-tests (H4)

We also examined the fam/sim/rate/trust ratingsath
choice and compared it to the ratings of those
recommender profiles not chosen.  Additionally we
compared the confidence ratings of participant®ics
among the three condition types.

4. Trust and confidence ratings (H4)

We examined the trust ratings for the chosen recemaier
profiles for each condition type and confidencéngs for
each choice with one sample t-tests.

4. Results

4.1 Advice from familiar recommenders

In the familiar vs. unfamiliar condition, participants
overwhelmingly preferred recommendations from faamil
recommenders (73% vs. 27%, consistent within stbjec
p<0.01). Thus hypothesis 1 was supported.



4.2 Individual influence of fam, sim & rate

4.2.1 All conditions

When examining all 3 conditions together, all 3téas (fam,
sim, rate) turned out to have a significant infloenon
participants choices.

4.3 Paired t-tests

4.3.1 FAM/SIM/ RATE

We examined the ratings féamiliarity, profile similarity and
rating overlap for all profiles provided in the post-study
questionnaire. Specifically we compared the ratifgr the

*p<0.001 *p=0.6319
Table 1 - All conditions — regression data

Across the condition types rating overlap turned toube the
most significant choice predictor, followed by pl@fsimilarity
and familiarity (see Table 1). The choice behawas slightly
different when examining the individual conditioppés by
themselves.

4.2.2 Familiar vs Unfamiliar conditions (F-UF)
When one recommender was familiar and the othemwgshe
strongest choice predictor was rating overlap,ofedd by
familiarity. Profile similarity turned out not tbe statistically
significant (see Table 2).

Factor B SEE. | Wald |df Exp(B) 95.0%C 1 for EXP(B)
Lower  |Upper
RATE * 0.2966] 0.1205] 6.0625] 1] 1.3453] 1.0624] 1.7035
FAM ** 0.2169] 0.0418] 26.8683] 1] 1.2422] 1.1444] 1.3483
SIM ** 0.0883] 0.1167] 0.5731] 1] 1.0924] 0.8690] 1.3731
Constant*** | -0.0710] 0.1088] 0.4253] 1] 0.9315
*p<0.05 *p<0.01 > 0.05

Table 2 — F vs. UF regression data

4.2.3 Unfamiliar vs. Unfamiliar conditions (UF-
UF)

When both recommenders were unfamiliar, the magstificant
choice predictor was profile similarity. This waslléwed by
rating overlap and familiarity (see Table 3).

Facor | B | SE |wad |of o) PRiCLiorEXPE)
Lower Upper
SIM ** 0.3553] 0.0734] 23.4179] 1) 1.4265] 1.2354] 1.6473
RATE ** 0.3141] 0.0810] 15.0414] 1] 1.3690] 1.1681] 1.6045
FAM * -0.5059] 0.2144] 5.5679] 1] 0.6030] 0.3961] 0.9179
Constant*** |-0.0143] 0.0847] 0.0287] 1] 0.9858
*p<0.05 *p<0.01 ***p = 0.8656

Table 3 — UF vs. UF regression data

4.2.4 Familiar vs.Familiar conditions (F-F)
When both recommenders were familiar, the mostifségnt
choice predictor was rating overlap, followed byofle
similarity and familiarity (see Table 4).

Facor | B | SE | wad |df|expe) PRReCLO EXPE)
Lower Upper
RATE ** 0.713] 0.1016] 49.2313] 1] 2.0401] 1.671677] 2.489687
SIM ** 0.2611] 0.0892] 8.57952] 1] 1.2984| 1.090246| 1.546344
FAM * 0.1816] 0.0812] 5.0048] 1] 1.1991] 1.022751| 1.405843
Constant*** | -0.0082] 0.0907] 0.00823] 1] 0.9918
*p<0.05 *p<0.01 wp =0.9277

Table 4 — F vs. F regression data

9 recommender profiles chosen to those not choserall kases
95.0% C.I.for EXP(B) \ - ,

Factor B SE. | Wald |df | Exp(B) Tower Jopper the recommender profiles chosen were rated highérins of
SATET Sa5oal ool el i el 130l oom fam, sim& ratethan those not chosen (see Figure 4).
SIM * 0.2894] 0.0503] 33.1429] 1| 1.3357] 1.2103] 1.4740 =00
FAM * 0.1487] 0.0334] 19.7737] 1] 1.1603] 1.0867] 12389 3.40 336
Constant™ [ -0.0255] 0.0532] 0.2294] 1] 0.9748 3.20 = o

3.00 4
2.80 2.78 @ chosen

’ 3 m not chosen
2.60 -
2.40 + 2.26

2.20 +
2.00 -

FAM SIM RATE

Figure 4 — FAM / SIM / RATE comparisons across all
conditions (chosen = recommender chosen)

This matched our predictions that participants woptefer
recommenders who are more familiar, similar ancetahigher
rating overlap with the participants (hypothes& 2.

4.3.2 Trust

Participants rated the recommender profiles inpttodile rating
section in terms of trust. We compared the trashgs of the
profiles chosen and the ratings of the ones nosaho Since
these ratings were madsdter participants had received their
recommendations, we could companegplicit trust (based on
choices) toexplicit trust (trust perceptions based on ratings).
This showed that overall participants rated theomemender
profiles they chose higher in terms of trust thlaose they did
not choose (see Figure Shmplicit trust (recommender choice)
and explicit trust (trust rating) matched. Hypothesis 4 was
therefore supported.

4.50 4.07
4.00
3.50
3.00 + 2.72 2.59
2.50 + @ trust chosen

1.50 +
1.00 +
0.50
0.00

F-UF F-F UF-UF

Figure 5 — Trust ratings in all condition types (cheen =
recommender profile chosen)

4.4 Confidence

Examining the confidence ratings participants piedi with
each choice, we found that they were most confiderntheir
choices when both recommenders were familiar arabtle
confident when both recommenders were unfamiliafll
means significantly differed from the median rati(® p <
0.01, see Figure 6).

Mean Confidence

@ Mean Confidence
3.12

NNWowowewww
QOORNWANON®
00000000000

F-F F-UF UF-UF

Figure 6 — Confidence ratings across all conditiotypes



4.5 Post-study questionnaire

In the post-study questionnaire, participants watde to
elaborate their reasons for choosing a recommesrdath total
of 82 comments were recorded and examined.

The degree of familiarity with the recommender vgagn as
important in both a real life and an online contextt is
important how long they have known a particulaoramender
and if they had had a positive / negative recomragod
history (How well | think they know me is important for me to
trust their recommendation. That comes with the arhaf
time | have known them and the amount of overlafaste |
have with them}

The comments suggest that for participants in dim@context,
profile similarity as well as rating overlap waspiontant.

Next to recommender characteristics, in real waitdations
accompanying film information such as trailersngortant to
people.

5. Discussion

Our results demonstrate the impact of
characteristics on participants’ recommendation icg® in
online environments.

But first let us revisit our original hypotheses:
1. Familiar recommenders will be preferred

This hypothesis was supported. Participants
overwhelmingly preferred recommendations from
their friends. This showed that knowing the
recommender does indeed have a significant
influence on the decision-maker’s considerations.

2. Recommendations from similar people will be
preferred

This hypothesis was supported. The paired t-tafsts
similarity ratings of the recommender profiles sleow
that participants preferred recommendations from
those rated higher in terms of similarity.

3. Recommendations from people with high rating
overlap will be preferred

contextual information such as an interaction mjstbat makes
it easier for her to trust the recommender and d#ident in
her choice.

Our study confirmed the importance of rating overland
profile similarity as shown in [3]. Below we exploh@w this
information can be effectively visualized to makeeasier for
users to find like minded people.

5.2 Context matters

The confidence levels and the relative weightfarhiliarity,
profile similarity andrating overlapchanged depending on the
condition types (F-UF, F-F and UF-UF).

When the choice was betweenfanmiliar and anunfamiliar
recommender (F-UF)rating overlap was still the strongest
choice predictor followed bfamiliarity.

When both recommenders were friends (F+&jing overlap
was most important, followed kgrofile similarity. Participants
were most confident in their choices in those cbods.

When both recommenders were unknown (UF-UF) to the

recommender participant, the situation was reversed psafile similarity was

a stronger predictor thaating overlap

This indicates that, when recommendations are based
familiar recommenders, it is more helpful for the userde s
how many items they have in common. In that campeafile
similarity is not as important because the advice seekeadyire
knows about the recommender and therefore doebawat to
evaluate her as much.

When the recommender isafamiliar it is the combination of
rating overlap and profile similarity that is important for the
user (advice seekerProfile similarity helps the users to judge
the recommender overall, wheregging overlap tells them
about their taste overlap.

5.3 Outlook

5.3.1 Research & Methods

Our study concentrated on particular elements of a
recommender profile, while there are still othezneénts of a
user profile that could be of interest. Differeapresentations

of users in online social spaces need to be exahimeerms of

This hypothesis was supported. As above the chosenappropriateness of representation, the associaablility and

recommender profiles were generally rated higher in
terms of rating overlap than those not chosen.

4. Recommenders rated higher in terms of
familiarity, profile similarity and rating overlap

will be trusted more

This hypothesis was supported. Participants’ iailpli
trust (i.e. their choices) matched their expliciist
(i.e. their trust ratings for those profiles) besau

the amount of information provided.

With increasing amounts of information about usbesng
available online, privacy concerns need to be ax@e from a
different perspective. Because users are the ories arve
providing the information without being aware of the risks
associated with it, there is a need to examine hssvs can be
educated without losing faith in the technology.

Methodologically, current social spaces offer amgzi

these were higher for the chosen recommenders than®PPOrtunities to discover online social dynamiceatk. Some

those not chosen.

5.1 Do | know you?

The findings on hypothesis 1 are in contrast tos¢hin [3],
whose authors hypothesised after the experimentttiet their
simulation offamiliarity was not successful, and that it had to
be real to have an effect. It also supports tleeliption of [4],
which is the first time this has been shown fromuantitative
perspective.

Our results show that participants clearly prefer
recommendations from recommenders they actuallyknbhe
decision and evaluation process is different whdme t
recommender is known simply because there is aofot

social network providers such as Facebook evenigeoa

developers’ API, which makes it possible to developw

applications using their datat{p://developers.facebook.com/
This provides immense opportunities to expand RS skl

systems research.

5.3.2 Algorithm designers — let's be more flexible
When expressing our tastes, most of the time weai®pecify
it in terms of ratings. Of course there are nuangeadations,
but most of the time it is just a distinction beémeliking
something or not.

In a social networking system context, there oftemo real
distinction between rating overlap data and prodilailarity.



Users express their preferences in a binary fastioough
keywords (e.g. film or book titles, artists) to icate liking (or
sometimes dislikes as well). While this makes drendifficult
for classic recommender algorithms to
recommendations; that is how users express theessahd we
as RS designers need to take that into consideratidhe
interface could be extended to include the optibrate an item
when the users click on it. If it is not rated #dgorithm would
have to consider the existence of the keywords dsgaee of
liking and incorporate that into its computatioogess.

5.3.3 System designers — leading by example
Our results support the idea of a new breed ofatmcatching
systems that combine the best of item recommentatidgth
people matching. Showing users the degree of gityila
between them and the rest of their network is llpf
information for them to find like-minded users ajudige the
appropriateness of potential recommendations.  e8yst
designers should therefore consider carefully tiferimation
needs of their users and incorporate them in ttegface.

Using profile similarity information for matchingye created an
altered interface foFacebook which is an existing, popular
social networking system.

As with many popular social networking systems, dhiginal
interface only lets the user click on certain geoélements as a
search term, without any other additional informati(see
Figure 7).

This leads to a list of profiles that contain thadrticular
keyword. This list included everyone in a particug@ography

(not just F' degree contacts) and could thus be very long. It

also did not indicate if there were any other sanities with the
profiles shown.

We fed a person’s profile data and that of allhait friends

¥ Information edit

Contact Info
Ernail:
Residence:
Website:

LambethLives

itk Py, Flickr, comfphatos fticl
htkp: e londonsalsa, co.uk

Personal Info
Activities: Salza, procrastinating (comes with the job), vegging
{ko the max!)

Salsa, Horseback Riding, Coffee Houses; Opera, Milan
Kundera, Yegaging, Talking, Dancing, Mauntain Eiking,
Wiriking, Snowboarding, Basketball, Rollerblading,
Piano, breaking into playgrounds, photography

Five For Fighting, Matchbox 20, Mozart, MC Solaar,
Fettes Brot, Die Fantastischen 4, Urban Species,
Michael Franti & Spearhead, Martyn Joseph, Amy
Wadge, Bach, Blessid Union of Souls, Sheryl Crow,
Train, Yann Tiersen; James Blunt, Damien Rice, Lenny
Kravitz, John Mayer, Anna Nalick

The O, Dawson's Creek, Spooks, 24, Berlin Berlin
amelie, kolya, Before Suntise, Eternal Sunshine of the
Spotless Mind, Before Sunset, ¥ Tu Mama Tambien,
Goodbye Lenin, The Big Lebawski, The 40 Year Old
Virgin, Closer, Crash

The Master and the Margherita, The Unbearable
Lightness of Being, The God of Small Things,
Everyvthing I Meed ko Know I Learned in Kindergarten,
Laughable Loves, The Joke, The Cowards

"Woici man secret, I est krés simple @ on ne vait bien
qu'avec le coeur, L'essentiel est invisible pour les
e,

-Le Petit Prince

Inkerests:

Favarite Music:

Favorite Tv Shows:
Favaorite Movies:

Favorite Books:

Favoribe Quotes:

Figure 7 — original interface

compute

into our system, which extracted keywords and neadcthem
against those of all the other people in théid&gree network.
As a result people were immediately able to seet Wiey had
in common with others in theifidegree network.

Additionally, they were able to see which of thigiends they
had most in common with (see Figure 8). The aim teas
reduce the effort users would have to go througfini like-
minded people within their network and make it inciiagely
visually obvious with who they shared common ing&se This
kind of visualisation would help people not only spot
potentially interesting people within their netwptiut could
also be used as a basis for recommendations.olfisers had a
certain amount of items in common in an area it ldcoe
possible to recommend further items to them basedhose
matches.

To enhance the visibility of the keywords that gskave in
common with others they were highlighted and emdrdn
proportion to their popularity. The bigger thentethe more
people have listed it in their profiles.

While our initial version limited the similarity &ure to users
within the primary network (i.e. directly connec}ethis could
easily be extended td'2 3¢ degree or potentially to the entire
network. Users could then specify how far the ceahould
reach or they could completely turn it off.

Our enhanced similarity interface is a simple examgi how

similarity among users in one network®(Hlegree) can be
efficiently used for people to be able to easihdfiike-minded

people. It is intuitive for users to understandttti they had

certain items in common with someone, they could be
interested in other items that the matched usedlignd the
advice seeker did not know yet.

This makes the scanning process that users emplmn w
browsing other people’s profiles much simpler arfficient
because the common items are obvious right fronstdue.

Information

Ackivities;

Sa Isa, procrastinating {cormes with the job),
weqgqging (to the max!),

Interests: Salsa, Horseback Riding; Coffee Houses, Opera,
tilan kKundera, Veaging, Talking, Da ncing,
Maountain Biking, Writing, Snowboarding,
Basketbal, Rollerblading, Piano, breaking into
plavarounds, photography,

Favorite Music: Five For Fighting, Matchbox 20, Mazart, MC
Solaar, Fettes Brot, Die Fantastischen 4, Urban
Species, Michael Franti & Spearhead, Martyn Joseph,
Amy Wadge, Bach, Blessid Union of Souls, Sheryl
Crowy, Train, vann Tiersen, James BN,
Damien Rice, Lenny Kravitz, John Mayer, Anna
Malick,

The OC, Dawsor's Creek, Spooks, 24, Berlin

Berlin,

Favorite TV Shaws:

Favorite Movies: Amelie, alya, Before Surrise, Etarnal
Sunshine of the Spotess Mind, Before
Sunset, ¥ Tu Mama Tambien, Goodbye Lenin, The
Big Lebowski, The 40 Year old virgin, Closer, Crash,
Favatite Books; The Master and the Margherita, The Unbearable
Lightriess of Being, The God of Small Things,
Everything I Meed to Know I Learned in Kindergarten,
Laughable Loves, The Joke, The Cowards,

Maartje Ament ), Tomoko
Tsuchiyaic, Darren Byde 5,
Samantha Montes (4), Ophir
Samson (4), Yolanda Hernandez-Blasco
(3), Lene Bockman-Pedersen (3), Afra
Mashhadi (33, Manik Suri (2, Sabrina
Ahmedzy, Mary McEligott 2y, Victoria
Green (2, Micola Stevens (23, Abdo Jason
= Imseeh (21, Hugo Liu (13, Adam W £1), Yiadimir
eternal sunshine of the spotless mind | Aleksic (1), Amanda Oswalt (1), Ashi OFili-Ckonkwo
sic (1}, George Imseeh {13, Harminder Gill (1) , Ralitza

Friends' Table:

Maarktje Amenkt
also likes:

interests
dancing

damien rice Stoyanowa (1), Louise Oliver (1), Rafey alkaf (1),

ratchbosx 20 Louise Crane (1), Yashar Faranjani (1), Resna Patsl
by {1}, Gary Clark (1) , Mark Lander (1}, Gerard

24 MeoGovern (13, Mariana hay (10, Alicia Kim (1), Helen

Ewles (13, Caroline Skinner (1), Matasha Davis (13,
Clara Wittmann (17,

Figure 8 — enhanced similarity interface



6. Conclusions
6.1 Why contribute?

The results of our study illustrate why recommerglatems to
date have failed to meet user needs: seeking adwidegiving
recommendations is a social process which the fafuRS
research on matching algorithms has failed to addrin the
real world, it is not just the recommendation itdblat is of
interest to us, but also the process of seekingaagdiring it
from particular people. It gives us an insight atbdheir
personalities, their interests and preferences thnslgh this
act of sharing information we bond a little. Fudships are
often built on the discovery of shared interests.

Recommender systems suffer from a basic incentivbl@m:
while it is easy to consume recommendations, usersoften
reluctant to provide ratings for a number of reason

1) Explicitly rating items or adding items to a datsba
can be a cumbersome process.

2) Some users quickly need a recommendation as a one
off, and do not see any reason for interacting with

such a system over a long period of time.

3) Having a RS merely for information retrieval when
needed is not going to motivate users to either

contribute to, or use the system in the long run.

There is more to advice-seeking and decision-makhren
merely being presented with options. This infoioraneeds to
be qualified on different levels,
recommendation was computed, if done by matchirm ivis

based on and of course information about the recmed

item itself. Thus, the usefulness of such systepesis to extend
that of mere information retrieval or has to be edded into
another structure that complements the uses of it.

6.2 Social systems for social creatures
Social systems are growing at an enormous ratenaild they
are not replacing “traditional” means of
communication like email, they are complementingnthwith
additional elements and extending
communication. The ultimate goal is not mere infation
transmission anymore, but also the experience arirgip digital
information as part of this communication. Pedggiare videos
by embedding them in each others’ notice wallsy tiag each
other in photos, notify friends of their differermictivities
through status changes and include custom made péalyers
in their profiles that play songs from their favibeibands. All
of this now counts as a form of communication, simmes with
a completely unknown audience (strangers who brawee
profiles by accident), and sometimes it is knowmxpleit
friends) or semi known (friends of friends) audiento whom
this information adds the knowledge about thearfds.

Social matching systems, as proposed by this paper,to
support this form of communication by making itieaso spot
similarities and find like-minded people. Thislindes utilising
the benefits of a RS approach to recommend itemge#isas
people. In doing so the boundaries between RS anthlso
systems are being blurred as one benefits fromitther.

This type of system effectively exploits real wofttendships
in a virtual context. Of course friendships onliage often
different to real world ones. However, there is standard
definition of friendship in online social networks people
have different relationships with their respectianline
"friends" (e.g. Facebook friends).

electronic

We are particularly interested in real friends rfiroeal world
interactions), who often are also connected vidhentystems.
Which social network people are drawn to, dependglily on

where (or in which system) their real friends are.

Real friends are often not available to give adaod often we
do not want to bother them. We also do not knoergvacet
of their preferences or expertise (e.g. you mighttkmow that
your friend from your footbhall team also likésdo musiy. If
we can automate the access to that because tkeéirgmces or
ratings are already stored in the system, we dpengethe user
in gaining useful recommendations and potentialgipimg
them getting closer to their friends as they find more about
them.

Further, asking friends personally for a recomméndacan
create a sense of obligation to follow it, or theed to explain
when a recommendation is not followed or additioadVice
sought (why did you ask me if you then don't listenme?).
Social matching systems allow us to explore reconutagons
‘without awkwardness, but might offer the chanceféadback
and when a recommendations is successful, cregtiemtives
to create and maintain recommendations

While it is obvious that an integration of RS andiabsystems
is beneficial for both, the question remains of thiee one
should build an RS with social functions or a sosjatem with
RS functionality. We would argue for the latter; éonumber
of reasons.

Firstly, social systems have already establishethselves and

such as how the enjoy huge uptake, which makes adding RS featuremre

natural path to follow.

Secondly, existing social systems already contgdhethora of
information rich user profile data, which should bged as a
basis for generating recommendations.

Thirdly and most importantly, social systems do thatve
clearly defined usage goals and boundaries. Ssiftteystems
evolve with their users, adapt to their needs dsagsgroviding
them with new ways of communicating. Item recomdagions
and people matching only form a subset of these.

the scope of said Our study has shown that familiar recommendergegterred

and more trusted, which is something current RS atautilise
sufficiently. Profile similarity and rating/tasteoverlap
information helps users judge if a particular magchuitable or
not. In combination this information is very vahlato users.

6.3 Future work

The exact nature of integrating RS and social systetiil
needs to be explored through new or existing systeaxisting
systems offer exciting opportunities to test outvnfeatures
with a massive user pool, as well as being a poportunity
for observation of user behaviour.

User profiles in social systems are not limitect® domain of
preferences such as films or music. Interests, @stegory can
include anything from cooking to photography. Syst
designers therefore face the challenge of designiatching
algorithms that consider different domains and hbey relate
to each other. Do the same rules apply for filsxfoa music?

Finally, people have different relationships withffetent
friends. How can a system mirror and effectivelpsider those
differences without invading privacy?
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