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Abstract

Web 2.0 applications like Flickr, YouTube, or
Del.icio.us are increasingly popular online com-
munities for creating, editing and sharing con-
tent. However, the rapid increase in size of on-
line communities and the availability of large
amounts of shared data make discovering rele-
vant content and finding related users a difficult
task. Web 2.0 applications provide a rich set of
structures and annotations that can be mined for
a variety of purposes. In this paper we propose
a formal model to characterize users, items, and
annotations in Web 2.0 environments. Based on
this model we propose recommendation mecha-
nisms using methods from social network analy-
sis, collaborative filtering, and machine learning.
Our objective is to construct collaborative recom-
mender systems that predict the utility of items,
users or groups based on the multi-dimensional
social environment of a given user.

Introduction

1.1 Motivation
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the personal “codebook”, automatic generation of associa-
tive trails for content summarization, etc.).

However, an important difference attracts attention if we
consider the aspect of collaboration. In fact, knowledge
workers of today are never working isolated. The internet
and the World Wide Web (WWW) provide an infrastructure
on top of which a variety of communication channels and
collaborative environments have been established. Collab-
oration is one of the major tasks of the knowledge worker
as it denotes the exchange of information and transfer of
knowledge. It is vital for any collaborative human work,
e.g. for coordinating activities, reporting on work progress,
discussing solutions and problems, or disseminating new
information. Efficient collaboration infrastructure is prob-
ably one of the key differences of modern work environ-
ments in contrast to isolated Memex-style solutions from
the past.

For this reason, it is not surprising that knowledge and
data sharing in Web 2.0 applications has rapidly gained
popularity. Despite disagreement on the exact definition
of Web 2.0, it is common to find community and collab-
oration as key concepts in this latest online phenomenon.
Increasingly, online content is being created, edited and
shared by whole communities of users, demonstrated by
the popularity of applications such as FliEkiYouTubée

We have entered the “knowledge age” where economi@and Del.icio.u3. Web 2.0 applications provide a rich set of
power or wealth is based on ownership of knowlefftfl ~ structures and annotations that can be mined for a variety
and the ability to utilize knowledge for the improvement of purposes. For example, Flickr postings are accompa-
of services or products. “Knowledge workers” already out-nied with a variety of descriptive metadata, such as creator
number any other kind of worker in highly developed eco-(and/or owner), a textual description, thematic tags, tem-
nomic systems. Their work is characterized by complexporal and geographic information and comments by other
human-centric process¢&0] describing information in-  Flickr users on specific regions of uploaded pictures. Using
tensive and complex tasks comprising of the creation, rethese structures, a variety of relationships between users,
trieval, digestion, filtering, and sharing of (large amountstags, pictures, and groups can be explored.
of) knowledge. Collaboration in Web 2.0 environments induces new
Basically, the paradigm of a flexible environment thatproblems and challenges. In many cases, the size of
supports the user in producing, organizing, and browsingnline communities has increased rapidly over the last
the knowledge is not new. It originates in the early 1940sdecades and large amounts of shared data are now avail-
long time before the first personal computers and new comable. This makes the discovery of relevant content and find-
munication tools like the internet became available. Theing users with shared interests a difficult enterprise. Ide-
conceptual design of Vannevar Bush's Menidx] (an  ally, the Web 2.0 platform should provide the user with
acronym for Memory Extender) is probably the most citedadaptive browsing mechanisms and recommendations for
(e.g. [14]) and criticized (e.g.[8]) representative of the potentially relevant content, users, or annotations. Unfor-
early conceptual work. In his article, Bush describes theunately, recent platforms are rather limited in supporting
integrated work environment that was electronically linkedself-organization. The vast majority just offers explicitly
to a repository of microfilms and able to display stored con-defined groups/topics of interest along with suitable sub-
tent and automatically follow references from one docu-scription, dissemination, and communication mechanisms.
ment to another. A number of visionary ideas fromthis_
early conceptual work can be recognized in state-of-the art *http://www.flickr.com
information systems (cross-references between documents, 2http://www.youtube.com
browsing, keyword-based annotation of documents using *http://del.icio.us/



Static groups, however, cannot properly reflect and sup-
port the evolution of user interests and one-day thematical
hotspots, such as “Valentine’s day” or “recent Oscar nom-
inations”. Therefore, it is necessary to have views that put
together users and content by identifying their topics of in-
terest and current demands “on the fly”.

In this article, we address the following questions: What
is the generalized model for recommender scenarios in
Web 2.0 applications? How can we represent and utilize
available meta information? How can we apply automatic
techniques for making recommendations? In doing so, we
introduce a formal notion of Web 2.0 relationships, formal-
ize the recommender problem, discuss possible solutions
and evaluation methodologies, and identify promising open
guestions and research directions for upcoming research.

1.2 Analysis of Requirements
Many algorithms and methods from the Web IR domain

can be adapted (and have been adapted in the last decadeé%‘

for applications that address Web 2.0 problems. However,
some important differences of the collaborative environ-
ments should be taken into account:

e Analogously to many other collaborative environ-
ments, Web 2.0 applications exhibit the behavior of
a social network. However, the underlying evolu-
tion behavior may substantially differ from existing
models for the Web scenario (e.g. preferential at-
tachment4] and random rewiring32]). Therefore,
these models do not necessarily provide the best fit

for Web 2.0 social network characteristics, such as 5.

network diameter, characteristic path length, or clus-
tering coefficient. Moreover, there are multiple lev-

els of system growth with potentially different evo-

lution patterns, e.g. micro-behavior (particular users)
and macro-behavior (user groups).

Flickr
Query

Cardinality of the
unordered result set

www | 3472
www 2007 | 2297
www banff | 47
www conference| 34
www 2007 banff| 29
www conference 2007 19
www conference banft 8

www 2007 conference banif 8

Figure 1:Samples of Querying Flickr

It should take into account a specialized model of de-
pendencies between users, items, and annotations that
provides a good fit for observed properties of the folk-
sonomy.

The multi-dimensional model should capture vari-

ous aspects of the folksonomy, including application-
specific ones (e.g. favorites lists, comments, user
groups, etc.) and correlations between them.

3. The system should provide at least a limited number

of high-quality results with short response times, e.g.
using appropriatéop — k retrieval algorithms in the
background.

4. The system should provide mechanisms for trend de-

tection in folksonomies and support trend-based rec-
ommendation of new content to the custom user.

The system should provide mechanisms of person-
alization, e.g. by using a multi-dimensional user-
specific context that captures the “small world” of the
user’'s annotations and items, other related users, po-
tentially relevant items and discussion threads with the
user’s participation.

e The browsing/recommendation scenario substantially] . 3 Example Scenario

d'ff‘?fs from more common IR method_s useql for Web Let us consider an example scenario in which a user is look-
retrieval. On one hand, there are multiple d|mens|on_§ng for pictures about the WWW conference 2007 in Banff,
(users, user groups, tags, comments, personal favom@anada. By querying Flickr for “WWW" or “WWW
lists) that can be used for object characterization. Orgnte he would obtain an unordered results list that con-
the other hand, particular dimensions (e.g. annotag,\q penveen 2,000 and 3,000 matches (FidijreSince
tions of the given item Picture or _V|deo) tend to b_e the system cannot provide a meaningful ranking for these
extremely sparse. A suitable hybrid model for multi- o, i< ‘finding relevant items becomes a hard needle-in-a-
media, text, and user mining may be required for CONstack search problem. Of course, the user could refine
structing integrated recommender applications. the conjunctive query by experimenting with more specific
e Due to a large number of available resources, recomguery formulations, e.g. by incrementally adding more and
mender applications should provide a highly efficientmore search keywords (and thus increasing restrictivity).
infrastructure for data representation and personalizaHowever, in practice, this leads to a rapid decrease in re-
tion. Typically, the user is not interested in obtaining call: the query “WWW Conference Banff 2007” returns
a vast number of recommendations; however, the acenly a few potentially relevant matches. In both described
ceptance of the recommender system is crucially deeases, finding a suitable number of potentially interesting
pendent on the quality of best recommendations in thepictures remains a difficult task.
ranked list, and on the required response time for get- It is clear that a suitable recommender system should
ting these recommendations. aim to provide a better ratio between topic restriction and
« Almost all Web 2.0 applications are highly dynamic cardinality of the results set. For example, by analyzing
a user’s personal profile (e.g. favorites list, participation

environments with frequent rates of change for both:
content and user interests. Themes of high interes(! 9rOUPS and comments) the system could suggest a com-

(e.g. pictures associated with some event such as n nunity of other users with similar interests or professional

: : ackground (e.g. other computer scientists that participated
lLiJfr:SIg;snasters, trips, or conferences) may have a Shom the WWW 2007 conference). In the next step, the query

“WWW 2007” could be executed with restricted scope on
In order to address these custom properties of collaborannotated items provided by these related users. Alterna-

tive Web 2.0 applications, the target recommender systertively, the query could be expanded by search terms of-

should satisfy the following top-level requirements: ten used by the community and highly correlated with the



them. Other systems show popular sites (Populi®poas

focus on graphical representations (Cloudalicto@rafo-

Explore / Tags [www [ clusters| licious?) of statistics al?out del.icio.us. _

e+ ol + 2007 contorene et + sk + In many cases, suitable recommendations can be ob-

s, gooss, s, st R o s e tained by analyzing link-based authority measures of the
- folksonomy. Site ranking algorithms, for instance the

s ey o PageRank algorithrii7], use topological information em-

flickr BibSonomy :: tag :: [ww

“ See more in this cluster... wwwhap17

google + pkipp
navigation  +

canada pant, alberts, ociss, mounisin s o D i Mt - bedded in a directed network to infer the relative impor-
 see more inthis eluster... tance of nodes. Analogously, a node ranking procedure

for folksonomies, the FolkRank algorithm, has been intro-

.l del.icio.us / search duced in[1§]. In contrast with PageRank, FolkRank also
provides useful information in the case of undirected net-

SrE I D works. Taking on a different perspective, community de-

tection algorithms are able to detect relation similarities at
a higher level. A yet different procedure is the Markov
Clustering algorithm (MCL) in which a renormalization-
Figure 2:Clusters of Related Keywords in Folksonomies like scheme is used in order to detect communities of nodes
in weighted network§31].

i i . i Detection of global trends in the community is an addi-
user's search keywords (e.g. by identifying a high correlajona) valuable source of information for constructing rec-
tion between the tags "WWW" and "WorldWideWeb”). To s mmendations. 11§3], the evolution of the relationship
a certain extent, this functionality is supported by Systémgyraphs over time is analyzed. The application of the pro-
like Flickr, Bibsonomy and or del.icio.us; however, clusters 556 method lies in the improved detection of current real-
of related keywords are estimated in a global setting and d@e trends in search engines. In the future, new search
not capture the personal context of a particular user (Figurésethods for folksonomies should support adaptatiofgbf
2). ] o to the Web 2.0 scenario.

Furthermore, by analyzing evolving interests of the com-  K|einberg[19] summarizes several different approaches
munity, the system should be able to gather items from retg analyze online information streams over time. He distin-
lated events (e.g. pictures from the follow-up Cor‘_ferencauishes between three methods to detect trends: using nor-
WSDM 2008, announced on the WWW 2007 website), andnalized absolute change, relative change and a probabilis-
present corresponding matches as new recommendationsge model. The popularity gradient is related to the second
the user. In the optimal case, the recommender algorithmgpproach, but differs insofar as it allows for the discovery
should run as background processes without the need fejf topic-specifitrends and honours steep rises more if they

Related tags: web webdesign css reference design internet software programming html tools

human intervention or relevance feedback. occur higher in the ranking. The text mining scenario de-
scribed in[19] requires focusing on words that are neither
1.4 Related Work too frequent nor too infrequent.

Schmitz et al. have formalized folksonomies and discuss Common recommender systems are usually used in one

the use of association rule mining for analyzing and struc-Of two contexts: (1) to help users locate items of interest

turing them in[28]. The recent work on folksonomy-based ghey hav? _n(t)t pretviously er.1”<:ﬁunte_re.(:, ant(:] (Z)r;to judg? th?
web collaboration systems includeid2], [16], and[23] egree ot Interest a user will have in item ey have not ye

which provide good overviews of social bookmarking tools rEated. With the growingdpopulatrity ofhon-line ?ho%pi_ngt;,
with special emphasis on folksonomies, a@bwhich dis- -commerce recommender Systems have matured into a

cusses strengths and limitations of folksonomies in a moréund damendtal te(_:herl[g?c])gylvfo ﬁupport tf;ehd|sst§am|natlc()jn of
general setting. 1E?], a model of semantic-social networks goods anc servicea /1. VUCh résearch has been under-

I : . e « 4o taken to classify different recommendation stratedi:s
;i(?]reedxtractmg lightweight ontologies from del.icio.us is de 171, but here we divide them broadly into two categories:

The analysis of topological properties is well-known in CollaborativgandContent-baset.deco.mmendations.
the areas of complex networkg6; 25, 2 11: 6] and so- Collaborative recommendation is probably the most

cial network analysis (SNA). Typical examples of SuChwidely used and extensively studied technique that is
measures are theyclusterin .coé?ficient andpthe charactefc—)unded on one simple premise: if uséris interested in
9 irtemSw, x, andy, and userB is interested in items, x,

e '?St%;ecfﬁgrg{/tﬁel}g‘;‘?‘g]‘;eisut’;]‘l'fecttf)? ypergrapf:, “and -, then it is likely that userd will also be inter-

E = {{u,t.r} | (wt,r) € Y} is the set of hyperedges. In ested in itemz. In a collaborative recommender system,
7 » : . " the ratings a user assigns to items is used to measure their
other words, the hypergraph captures relationships betweeiy, ., 2l with other users who have also rated the same
gﬁelfsl’kasgnngtﬁ]gogz’t:?g ge;nusé (f;z;lgu_'ialﬁgt (}or]gm}ﬁ))n VI®Yems. The degree of interest for an unseen item can be de-
This structure is known in Formal Cdncept ’Ar{al);iiﬁ duced for a particular user by examining the ratings of their
' neighbors. It has been recognized that a user’s interest may

13) as atriadic context22 29]. : .. change over time, so time-based discounting methods have
There are several systems working on top of del.icio.ugqap developetH] to reflect changing interests.

to explore the underlying folksonomy. CollaborativeRank Content-based recommendation represents the culmina-

provides ranked search results on top of del.icio.us bookgon of efforts by the information retrieval and knowledge
marks. The ranking takes into account how early some-

one bookmarked an URL and how many people followed  Shttp:/populicio.us/
Shttp://cloudalicio.us/
“http://collabrank.org/ "http://www.neuroticweb.com/recursos/del.icio.us-graphs/



representation communities. A set of attributes for the The introduced notion of clouds can be directly used to
items in a system is determined, such as terms and their freharacterize elements frobi and R. For example, the
guencies for documents in a repository, so the system camser-centriccloud T, (i.e. user-specific collection of tags
build a profile for each user based on the attributes preseriior the useru € U) and aresource-centricloud T,. (i.e.

in the items that a user has rated highly. The interest a usell associated tags of a single resource R) can be ex-
will have in an unrated item can then be deduced by calcupressed as

lating its similarity to their profile based on the attributes

assigned to the item. .
Such systems are not without their deficiencies, the most Tu= Y, f), YuCuxTxR, ©)
prominent of which arise when new items and new users Tr=(Y,f), YuCUXTxr, (4)

are added to the system - commonly referred to as the analogously, more complegommunity-centriclouds

ramp-upproblem([21]. Since both content-based and col- can be used to summarize all tags used by a group of users
laborative recommender systems rely on ratings to build g« c 7

user’s profile of interest, new users with no ratings have
neutral profiles. When new items are added to a collabora- T = (Yu=, f), Yu- CU* xT x R, (5)
tive recommender system, they will not be recommended
until some users have rated them. Collaborative systems
also depend on the overlap in ratings across users and per- . .
form badly when ratings are sparse (i.e. few users have Tre = (YR*’_f)’ ‘YR* CUXTx R ’ ©)
rated the same items) because it is hard to find similar Finally, a combination of) and ) results in a commu-
neighbors. nity cloud about users and resources

Hybrid recommender systems, i.e. those which make
use of collaborative and content based approaches, havey, . ._ (Yo-rer f), Y- CU*xT x R*, (7)
been developed to overcome some of these problems. For
example, collaborative recommender systems do not pe2.3 Information Tensor

form well with respect to items that have not been rated;rhe cloud notion can be used to capture pairwise depen-
but content-based methods can be used to understand thgigncies between Web 2.0 attributes like users and tags. In
relationship to other items. Hence, a mixture of the two ap-4 mre general setting, the dependencies between users,
proaches can be used to provide more robust systems. MOf@ms, tags, and further interesting entities (e.g. rela-
recent recommender systems have also investigated the USSnships by comments, users participating in groups or
of ontologies to represent user profil@d]. Benefits of this personal favorites lists) can be represented as a multi-
approach are a more intuitive profile visualization and th€gimensional tensor. Formally, we write arith order ten-
discovery of interests through inferepcing mephanisms. sor asy € RV X-*Nur whereN;, i = 1..M is the dimen-
To the best of our knowledge, this paper is the first togignajity of ith aspect. We notice that matrix unfolding of

describe the application of recommender systems on We (i.e. vectors inRN¢ obtained by keeping index fixed

or for a collection of resourceR* C R

2.0 structures. and varying the other indices) correspond to the informa-
tion clouds introduced in the previous section.

2 Recommender Systems for Web 2.0 For dynamic evolution scenarios, a sequence of infor-

2.1 Objects and their Relationships mation tensors;..x, can be considered. Each tensgr

egorresponds; to the snapshot of the Web 2.0 framework at
; X ; i . different timepoint (e.g. by monitoring system activities
considered as a tripartite network with ternary relations (asg, o, time). Ifn is an integer that increases with time, the

sigr&_edfjtlags) betwe%n users U(’j resources (e.g. imabges, sequence is called a tensor strdaid]. Both sequences and

mediafiles) € R and associated tags (in our case arbitrarygi o a ms allow for analysis of dynamic patterns in the corre-
text labelsy € T'. The set of all refations of the framework g, ing Web 2.0 community. For instance, methods like
is thereforey” C U x T' x R [28. An equivalent repre-  pya [3(] have been especially designed for finding highly

sentation of the framework is the hypergraph= (V. E) .o related dimensions and monitoring them, detection of
with verticesV = U UT U R and hyperedgeB C Y. anomalies aind clulstering. ttoring ' !

22 Information Clouds By choosing swtabl_e projections _Qf we can easily re-
. ) strict the scope to particular dimensions and map the gener-
The natural way to characterize elements fldmndR in  4jized model notion onto existing problem definitions from

a sharing framework is a collection of element-specific tagshe area of recommender systems that will be discussed in
t; € T,i = 1..k. We generally define an information cloud {he next section.

as the tuple
3 Proposed Recommender System Design

In this section, we will show how concepts from recom-
mender systems can be applied to Web 2.0 applications. We
will concentrate on Flickr as a prominent example; how-
. ever, the proposed techniques could also be applied to any
f@) Y™ = [0.1] (2)  other Web 2.0 scenario. Given a large data set, the ob-
atag-rank functionthat computes a score for eatke  jective of a recommender system is to propose a subset of
T C Y™ items from this data set to a user that are potentially rele-
The score can be interpreted e.g. as a relevance measuwant or ‘interesting’. For example, in Flickr these items can
of the given tag with respect to the characterized subjeche photos, groups, or other users. This leads to recommen-
(e.g.0 = least relevant] = most relevant). dations such as:

T:=X"f) 1)
whereY™* C Y is a context-dependent subset of all tag
relations and



e Given a user, recommend photos which may be of in- e The user writes one or more comments about the

terest. photo. This implies that for the user, it was worth the
effort of making a statement about the photo (whether
positive or negative). More enhanced methods could
take the length and date of the comment into account,
e Given a user, recommend groups they may like to join. and use sentiment classification to categorize the com-
ment as positive or negative.

e Given a user, recommend users they may like to con-
tact.

In the remainder of this section we will first provide a
formal notion of recommender systems and show how this For assigning relevance to other users, the following
can be applied to a scenario such as Flickr. We then disclues can be considered:
cuss three approaches to tackle the recommender problem:, A yser is on the contact list of another user. In this
content-based methods, collaborative methods, and hybrid  case, it is likely that both users share similar interests.
methods. We will use notions based on a recent survey on

recommender systenfd. e A user has saved photos from another user as their

favorites.
3.1 Formalizing the Problem e Auser has written comments on another user’s photos.
Consider a utility function Similar relevance clues can be distinguished for other
items such as groups or tags.
ut: U xS — R (8) An overall relevance function can combine these anno-

. , tations (e.g. by using a weighted linear combination of
» whereU is a set of usersS a set of items, andk a set of  gyidences). It should be noted that in the way previously
relevance values (e.g. real valueginl]). described, we obtain just relevance values for a subset of
The objective of a recommender system is to choose fofiems already known to the respective users. In the sub-
auseru € U an items, € S that maximizes the user's sequent paragraphs, we will show how we can extrapolate
utility: this and other information to recommend new items to the
si, = argmazsesut(u, s) (9) user.

Usually, the utility function is defined over a subspace of3 2 Content-based methods
U x S. This requires thatit must be extrapolated to the

whole spacé/ x . For content-based methods, the user will be recommended

In the simplest case for Flicki/ corresponds to the items similar to those preferred in the past. The simplest,
set of Flickr users. There are extensions and generaf’”—‘nOI most direct approach, is to estimate the utiliu, s)

izations possible:U could alternatively consist of tuples of item s for useru based on the utilitiest (u, ;) assigned

(user, photo), meaning a user viewing (or commenting on) by useru to itemss; that are ‘similar’ tos. Formally, given
P ' g 9 9 a content representatidtiontent(s) and a content-based

aphotois proyided with a list of other related photos. Since rofile Content Based Pro file(u) of a useru, the utilit

the result of this rec,omme_:ndatlpn_ depends upon th“e phom%nction is usually defined as:( ) y

as well as the user’s profile, this is an example of “person-

alization”. ut(u, s) = score(Content BasedProfile(u), Content(s))
The set of itemsS could correspond to the set of pho- (10)

tos (likely the most obvious option), the set of other Flickr where the score function should produce high rele-

users, the set of s groups, or tags in Flickr. vance values ifContent BasedProfile(u) is related to
The most interesting problem is the computation of rel-Content(s).

evance values. For classical recommender systems, rel- In Flickr, one approach is to represent both content and

evance directly assigned by the users is available, typicallyser profile as feature vectors (e.g. using a classical IR

in the form of a star-rating. For example, in the movie ap-vector-space model). In this approach, the features can

plication MovieLens.org, users assign O stars as the lowbe weighted to vary their “importance”. A common term-

est rating and 5 stars as the highest. In Flickr, and manyeighting strategy in IR is known &g’  idf wheret f de-

other Web 2.0 applications, a direct rating is not avaifble notes the frequency of a term aidf the inverse document

However, annotations supplied by users can be considerddequency (i.e. the number of documents a term appears

asimplicit ratings in). The intution behind this weighting is that a term is
For a photo the following information can be used: considered more important (i.e. more discriminative) if it

occurs more frequently in fewer documents.

e The photo belongs to the user. In this simple case we : : P—
might assume that the user is interested in the photo S.Usmg this approach, in Flickr photos can be represented

that he has uploaded. To obtain a more fine-graine

measure, the length of the textual description of the ® Computing & f « idf vector from the set of tags asso-
photo and the number of tags could be taken into ac-  ciated with the photo.

count (the intuition behind this is that users will put ¢ Computing & f * idf vector from the textual descrip-
more effort into the annotation of photos that are in- tion of the photo.

teresting to them). . . : .
9 ) e Computing a group vector with each dimension corre-

e The user has marked the photo as a favorite. This  sponding to the group the photo belongs to.

is probably the most direct positive relevance assign-  psipje representations of a user-profile can be obtained
ment possible in Flickr. by:

8For YouTube a star-rating is available for the videos but not e Computing & f  idf vector of the user description in
for other items such as users, groups and tags his profile



e Computing the average of the user’s photos vectors e Comment graptzcomment (U, V) with (uy,us) € V
e Computing a vector representing the groups of the iff user u; has written a comment on a photo of user

user U2-
 Computing the average of the photos from other users ® Favorites graphG soyorites (U, V) With (u1,uz) € V
assigned as favorites or commented by this user iff useru, has assigned a photo of useras favorite.

The first two options for describing user content can be e Group graphG g,ou, (U, V') With (u1, ug) € Viff user
used for the content-based profile as well as for the content  u; and usemw. are are members of the same group.
of the user (if itemsef consists of users).

Given a vector representation « of
ContentBasedProfile(u) and § of Content(s),
the cosine measure can be used asming function (or
similarity measure) to obtain:

Possible extensions are weighted graphs, taking e.g.
the number of comments or favorites ®.omment OF
G tavorites INtO a@ccount or normalizing the weights in
Geontact DY the overall number of contacts. Furthermore,
we can consider the combination of graphs, computing, e.g.

i g the union of edge-sets of distinct graphs.
ut(u, s) = cos(u, §) = @i (11) We can find related users by traversing the social net-
work graphs. For a user we can, e.g., consider all users

. ) ) that are connected by a path of lengthk, wherek is para-
Machine Learning Approach Alternatively, relevance meter to be determined. How to tune the parameters, which

assignment can be formulated as a machine learning proyaphs to choose for the search and how to combine the re-
lem: given a set of items),,, (represented as feature vec- gy|ts are open research questions.

tors as described above) relevant to the user,%ng that

are not relevant to the user, train a binary classifier (withg 4 Hybrid Methods

the two classes “relevant for the user” and “not relevant for .

the user”) on these instances. Based on the trained modd[O" recommender systems, the sparsity of the data can
it is then possible to estimate the relevance of new itemsP€ @ Serious problerfil]. - For instance, in the collab-
For Flickr, S,,,, can be obtained using the user annotationgrative approach described in the previous Sec8dh

(favorites, comments, contacts, etc.) as described in Sedor many items, there might be no implicit user-feedback
tion3.1. available from the set of similar users. To overcome this

problem, hybrid methods can be applied by incorporat-
ing content-based relevance assignments to obtain utility
valuesut(u', s). Alternatively, collaborative and content-
based methods can be first run separately, and then their

item d. the SVM simply tests whether the item lays on theprgdmuons combined. For a more exhaustive review of hy-
o ey R ” > W i brid methods seH].

positive” side or the “negative” side of the separating hy-

perplane. In addition, the distances of the test items from . .

the hyperplane can be interpreted as classification conféd Evaluation Strategies

dences. In the previous section, we have proposed various methods

3.3 Collaborative Methods for repre.sgn'ting objepts in folksonomies, using annotatilons

and implicit information, and recommender system design.

To show the viability of our approaches, besides a deeper

theoretical analysis and a statistical analysis of the data, a

St’thorough experimental evaluation of quality of recommen-
dations is necessary.

Evaluating recommendations in Web 2.0 applications
is a difficult task for several reasons. First, the absence
of established reference datasets with large amounts of
manually verified and labeled recommendations may re-
quire comprehensive user studies with relevance feedback.

p This makes reliable and reproducible large-scale evalua-
_ ut(u, s) = aggru v ut(u’, s) (12) " fion very hard and time-consuming. Second, there is a sig-
, WhereU” is the set ofV users most similar to. Examples pjficant challenge in deciding what combination of mea-
for aggregations given ifit] are average sum or weighted syres should better characterize the recommender quality
sum (weighted by the user similarities). _ in a comparative evaluation. Ideally, the evaluation should
In sectiori3.2we described several ways to obtain vectorpe gbjective in reflecting the quality of recommendations
respresentationg of usersu. Using a similarity measure with respect to realistic user needs (and be orthogonal to
such as the cosine measure for pairs of users, we can cofthe functionality of the underlying method). For instance,
pute thelN' most similar users. The relevance assignmentn our previously introduced application scenario, we may
ut(u’, s) can be obtained using implicit ratings of other measure the ability of the algorithm to reconstruct “hid-
users described in SectiGnl. . ~den” annotations of pictures (i.e. existing annotations that
Alternatlvely, we can take information from the social have been removed before app|y|ng query expansion)_ In
networks Imp|ICIt|y contained in Flickr into account to find this case, we would confirm the basic functiona”ty of the
similar or related users. Formally, these networks can b%roposed method, which however cannot be considered as
described, fOI’ instance, by the fO”OWing graphs: Objective proof Of recommender qua“ty
e Contact graphGeontact (U, V') with (ug,us) € V iff In this section we describe two possible evaluation ap-
userus is in the contact list of user;. proaches: evaluation based on user studies and evaluation

For example, linear support vector machines (SVMs)
construct a hyperplan& - ¥ + b = 0 separating the set
of positive training examples from a set of negative exam
ples with maximum margih. For a new previously unseen,

In collaborative recommender systeratso coinectollab-
orative filtering systemsthe user is recommended items
that people with similar preferences have liked in the pa
Formally, the utilityut(u, s) of item s and user is esti-
mated based on the utilities (u;, s) assigned to item by
those users;; € U who are similar to uses. The value
of an unknown ratingut(u, s) is usually computed as an
aggregate of the ratings of other users (e.g. dhenost
similar) for item s:



using implicit additional user information that can be di- nario explained above) we are interested in findaulgli-

rectly inferred from Web 2.0 sources. tional relevant items beyond known favorites and/or com-
_ _ ments. In a better experimental setting, the recommender
4.1 Manual Evaluation and User studies method could be provided with a set of explicitly known

High recommendation accuracy alone does not necessaR0Sitive” and ‘negative” samples, whereby the "negative”
ily provide users with an effective and satisfying eXperi_.collectmn could be collected through additional u'ser“stud—
ence. A good recommender framework should also providdeS: The ability of the method to correctly recognize *true
good usefulneskl7]. A system that always recommends positives and to prioritize the_m in the tapresult set may
only highly popular items is probably not helpful in find- Provide a better accuracy estimate.

ing interesting “hidden” dependencies between communi- 10 this end, we assume that a combination of both man-
ties, especially for a Web 2.0 environment. For example,ual user assignments and use of |mpI|C|t information gath-
a recommender system might tend to suggest conferen@€d from the folksonomy will provide the most compre-
pictures from other participants of to a WWW 2007 par- N€nsive quality estimate.

ticipant. Basically, this recommendation is highly accurate .

but rather obvious; recommended matches can be accessed Conclusion and Future Work

by the user directly (e.g. by visiting the “WWW 2007" |n this paper, we have discussed a design methodology for
user group) without recommender assistance. Much morgacommender systems in Web 2.0 applications. We have
valuable would be a recommendation of images from presstated specific top-level requirements for recommender
releases, photos from associated events like PhD Worksystems and ways of addressing them. The core rep-
shops, or pictures of the Banff city center that are rathefresentational model of our methodology captures multi-
weakly related to the core WWW 2007 conference. Theregimensional dependencies between users, items, and anno-
fore, we ideally need new dimensions for analyzing recom+ations in form of a multi-dimensional tensor. By choosing
mender systems that consider both the “correctness” angyitable projections we restrict the scope to particular di-
the “non-obviousness” of the recommendations. Suitablenensions of interest and can map the tasks to existing prob-
dimensions are novelty and serendipity, which have beefem definitions from the area of recommender systems.
previously addressed in IR literature. An important building block in the system design is
The subjective evaluation of “correctness” and “novelty” the evaluation methodology. In this paper, we discussed
can be achieved through systematic user studies with apopros and contras of possible evaluation strategies (apri-
teriori verification. In this evaluation scenario, recommen-gri/aposteriori evaluation, manual result inspection vs. au-
dations of new items can be presented to multiple real usefgmated IR-style measurements) and identified the advan-
with different profiles of interest. The toppart of the rec- tages of an integrated approach.
ommendation list (e.gk = 10) is fully evaluated by each  The results presented here can be summarized as a
user by assigning scores for aspects such as “correct” angteliminary system design for Web 2.0 recommender in-
“interesting” (e.g. integer values betweerb). frastructures that will be refined and systematically eval-
Conceptually, manual inspection of the result set woulduated in our future work. Our long-term objective is
provide the best evidence for evaluation. However, this rethe design of scalable and reliable assistance methods
quires comprehensive human experiments, and thus is othat individually guide particular users through large-scale
ten not scalable for large Web 2.0 platforms like Flickr or multi-dimensional Web 2.0 frameworks towards promising
Del.icio.us. search results.

4.2 Using Implicit Information for Evaluation Acknowledgements

An alternative approach to approximate IR-style qualityrhis work has been partially supported by the European
measures is the apriori method with an (estimated) go'gJéoject "Semiotic Dynamics in Online Social Communi-

standard. Metrics such as accuracy can be constructghs» (Tagora, FP6-2005-34721) and the EU-funded project
by predicting thek items for which the relevance (or ir- \emoir.

relevance) is known. A suitable approximation could be
achieved by using individual favorite lists and comments,
which can be considered as an indication of relevance. The
recommender method should be constructed in such a way
that these dimensions remain ‘invisible’ for the recommen-
dation model; in other words, these dimensions must be
artificially removed from the user-specific information ten-
sor x. An alternative is to keep these dimensions for a
training set and evaluate the recommender system on a dis-
joint test set. The ability of the method to reconstruct fa-
vorite/comment lists (measured by the overlap between the
top-k recommended items and the user-specific collection
of such references, plus normalization in order to make es-
timates for different users comparable) can be treated as an
accuracy measure.

A drawback of this methodology, however, is the ab-
sence ohegativetest samples. In fact, by using explicitly
given comments and favorites we indirectly claath re-
maining items as irrelevant, which is not entirely correct.
Moreover, in practice (and in the manual evaluation sce-
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