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Abstract. In this article, we analyze tag-based user profiles, which re-
sult from social tagging activities in Social Web systems and particu-
larly in Flickr, Twitter and Delicious. We investigate the characteristics
of tag-based user profiles within these systems, examine to what extent
tag-based profiles of individual users overlap between the systems and
identify significant benefits of cross-system user modeling by means of
aggregating the different profiles of a same user.

We present a set of cross-system user modeling strategies and eval-
uate their performance in generating valuable profiles in the context of
tag and resource recommendations in Flickr, Twitter and Delicious. Our
evaluation shows that the cross-system user modeling strategies outper-
form other strategies significantly and have tremendous impact on the
recommendation quality in cold-start settings where systems have sparse
information about their users.

1 Introduction

Social tagging comes in different flavors. Social bookmarking systems like Deli-
cious allow people to tag their bookmarks, in photo sharing platforms such as
Flickr users annotate images, and in micro-blogging systems like Twitter people
can assign so-called hash tags to their posts. In the last decade we saw a va-
riety of research efforts in the field of social tagging systems ranging from the
analysis of social tagging structures [97], via information retrieval in folkson-
omy systems [4/TT], to personalization [T6JI7]. However, most studies have been
conducted in the context of particular systems, for example, analyzing the tag-
ging behavior within Delicious [7] or computing tag recommendations in Flickr
based on the tagging characteristics within the Flickr system [I7]. Our research
complements these studies and investigates tagging behavior and user modeling
across system boundaries to support engineering of Social Web systems that aim
for personalization.

We therefore identified users, who have an account at Flickr, Twitter and
Delicious, and crawled more than 2 million tagging activities which were per-
formed by these users in the three systems. Based on this dataset, we study the
tagging behavior of the same user in different systems. We furthermore present
and analyze various cross-system user modeling strategies. For example, we show
that it is possible to generate tag-based profiles based on Twitter activities for
improving tag and bookmark recommendations in Delicious.
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1.1 Personomies and Tag-Based Profiles

The emerging structure that evolves from social tagging is called folksonomy.
A folksonomy is basically a set of tag assignments, user-tag-resource bindings
attached with some timestamp that indicates when a tag assignment was per-
formed. We base our research on the folksonomy model F = (U, T, R,Y) pro-
posed by Hotho et. al [II], where U, T, R and Y refer to the sets of users,
tags, resources and tag assignments respectively. We also model Twitter posts
by means of tag assignments, i.e. we consider each post (tweet) as a resource
and hash tags such as “#icwe2011”, which appear in the post, are—without the
“#” symbol—treated as tags. Given the folksonomy model F, the user-specific
part of a folksonomy, the personomy, can be defined as follows (cf. [I1]).

Definition 1 (Personomy). The personomy P, = (T, Ry, Yys) of a given user
u € U is the restriction of F to u, where T, and R, are finite sets of tags and
resources respectively that are referenced from tag assignments Y, performed by
the user u.

While the personomy specifies the tag assignments that were actually performed
by a specific user, the tag-based profile P(u) is an abstraction of the user that
represents the user as a set of of weighted tags (cf. [8I15]).

Definition 2 (Tag-based profile). The tag-based profile of a user u is a set
of weighted tags where the weight of a tag t is computed by a certain strategy w
with respect to the given user u.

P(u) = {(t, w(u,1))[t € Tsource,u € U} (1)

w(u,t) is the weight that is associated with tag t for a given user w. Tsource S the
source set of tags from which tags are extracted for the tag-based profile P(u).

The weights associated with the tags in a tag-based profile P(u) do not necessar-
ily correspond to the tag assignments in the user’s personomy P,. For example,
P(u) may also specify the weight for a tag t; that does neither occur in the per-
sonomy P, nor in the folksonomy F, i.e. where t; & Ty, A t; & T. With P(u)Qk
we describe the subset of a tag-based profile P(u) that contains the k tag-weight
pairs that have the highest weights. P(u) denotes the tag-based profile for which
the weights are normalized so that the sum of all weights in P(u) is equal to 1,
and with | P(u)| we refer to the number of distinct tags contained in the tag-based

profile.

1.2 Problem Definition

Today, individual users may be active in various social tagging systems so that
tag-based profiles about the same user are distributed across different systems.
How do tag-based profiles of the same user differ from system to system? To
what extent do these profiles overlap? Can cross-system user modeling support
the construction of tag-based profiles and how does it impact the performance of
recommender systems in cold-start situations where user profiles are sparse? In
this paper we answer these questions and tackle the following research challenge.
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Definition 3 (User modeling challenge). Given a user u, the user modeling
strategies have to construct a tag-based profile P(u) so that the performance of
tag and resource recommendations in cold-start situations is maximized.

Following related work (e.g. [17]) we define the recommendation tasks as ranking
problems:

Definition 4 (Cold-start Recommendation challenge). Given a tag-based
user profile P(u), the personomy of the user Py target = (Tu, Ru,Ys) and a set of
tags Tiarger and a set of resources Riqrget, Which are not explicitly connected to
U (Ty N Tiarget =0 and Ry N Rygrger = 0), the challenge of the recommendation
strategies is to rank those tags t € Tigrget and resources r € Rigrger S0 that
tags/resources that are most relevant to the user u appear at the very top of the
ranking.

For both tag and resource recommendations, we do not aim to optimize the
recommender algorithm itself, but we identify those user modeling strategies
that support the recommender algorithms best.

1.3 Related Work

Today, several research efforts aim to support re-use of user profile data on the
Social Web. With standardization of exchange languages (e.g. FOA) and APIs
(e.g. OpenSociaﬁ), standardized authentication protocols such as Openﬂﬁ, So-
lutions for identifying users across systems [6] and research on generic user mod-
eling [13[10/3], cross-system user modeling becomes tangible. In previous work
we analyzed the nature of social networking profiles on the Social Web and intro-
duced a service for aggregating tag-based profiles [2]. Szomszor et al. presented
an approach to merge user’s tag clouds from two different social networking
websites to generate richer user interest profiles [18], but did not investigate the
impact of the generated profiles on personalization.

Different from personalization in social tagging systems that targets single sys-
tems [T6/T7], cross-system personalization makes the investments in personalizing
a system transferable to other systems. Mehta et al. showed that cross-system
personalization makes recommender systems more robust against spam and cold
start problems [I4]. However, Mehta et al. could not test their approaches on
Social Web data where individual user interactions are performed across differ-
ent systems and domains, but experiments have been conducted on user data,
which originated from one system and was split to simulate different systems. In
contrast to that, in this paper we evaluate cross-system user modeling and its
impact on cold-start recommendations on real world datasets from three typical
Social Web systems: Flickr, Twitter and Delicious.

! http://xmlns.com/foaf/spec/
2 http://code.google.com/apis/opensocial/
3http://openid.net/
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2 User Modeling Strategies

The cross-system user modeling strategies that we discuss in this paper consist
of the following building blocks: (1) source of user data, (2) semantic enrichment,
(3) weighting scheme.

2.1 Source of User Data

In order to construct a user profile and adapt functionality to the individual
users, systems require information about their users [I2]. The data that is ex-
ploited to create user profiles (cf. Tsource in Definition 2) might come from dif-
ferent sources. In our evaluation (see Section [d)) we will therefore compare the
following sources of information.

Target Personomy Tags Tp,,,,.,. The traditional approach to user modeling
is to exploit the user-specific activities observed in the target system that
aims for personalization. In a folksonomy system one would thus exploit
the personomy of the user P, (see Definition [I]) that is inferred from the
folksonomy Fiqrger Of the target system.

Target Folksonomy Tags TF,,,,... If the personomy of the user P, is rather
sparse or even empty, one has to find other sources of information that are
applicable to generate a user profile. Therefore, we define another baseline
strategy that considers all activities performed in the target system as if
they would have been performed by the given user. Hence, by considering
the complete folksonomy Fi4rget One obtains some sort of average profile
which promotes these tags that are popular for the complete folksonomy.

Foreign Personomy Tags Tp,,, ., .- If the user’s personomy in the target sys-
tem is sparse or empty then another strategy is to utilize the personomy from
another system. For example, if a user v has not annotated any resource in
Delicious yet, this strategy harnesses the hash tags the user assigned to her
Twitter posts, i.e. u’s personomy from Twitter.

2.2 Semantic Enrichment

Semantics of tag-based profiles are not well defined. For example, tag-based rec-
ommender systems may encounter situations where relevant resources are dis-
carded because tags assigned to these resources are syntactically different from
the user profile tags: P(u) may contain the tag “bloggingstuff” while relevant
resources are tagged with “blog”, “weblog” or “blogging”. To counter such prob-
lems we analyze different strategies that further enrich tag-based user profiles
and the set of tags Tsource particularly.

Tag Similarity xsim. This strategy enriches the initial set of tags Tsource With
tags that have high string similarity to one of the tags in Tsource. In our
analysis we apply Jaro-Winkler distance [19] for computing the similarity
between two tags. It considers the number of matching characters, number
of transformations that would be required to unify the two strings, as well
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as the length of both tags and ranges between 0 (no similarity) and 1 (exact
match). For example, the Jaro-Winkler distance between “blogging” and
“blogging-stuft” is 0.95.

Cross-system Rules x,yes. Cross-system user modeling has to deal with het-
erogeneous vocabularies (cf. Section [3)): the overlap of tags between different
folksonomies may be low and tags that are popular in one system might be
unpopular in another system [25]. Cross-system rules enrich tag-based pro-
files based on association rules deduced from characteristics observed across
two systems. These association rules can be phrased as follows.

If tag t, occurs in the personomy Py, 4 of user u in folksonomy system
A then tag ty occurs in u’s personomy P, p in system B.

In our cross-system user modeling analysis we exploit association rules that
are applicable to the tags Tsource Of a given profile, i.e. t; € Tsource- We add
tags tp to Tsource that are generated by those association rules that have the
highest confidence while satisfying a minimum support of 0.1.

We use Xsim@Fk and x5 @k to refer to these strategies that add the top k most
appropriate (based on similarity and confidence respectively) tags to Tsource-

2.3 Weighting Scheme

We compare different approaches to determine the weight w(u, t) associated with
a tag t € Tyource in the tag-based profile of a specific user u (see Definition [2]).

Term frequency TF. For the given set of tags Tsource and a given set of tag
assignments Ysource, the term frequency corresponds to the relative number
of tag assignments in Yoy ce that refer to the tag ¢ € Tsource-

wrr ) 1T € BIET) € Yonurcl) o
|Ysource|

TF and Inverse Document Frequency TF x IDF. The inverse document
frequency (IDF) can be applied to value the term specificity. From the per-
spective of the user modeling strategies, IDF refers to the inverse fraction of
the number of distinct users that applied a given tag t € Tsource-

wrrxipr(u,t) =
wrr () 109 (|, et u, ) Vaouree ) (3)
The weighting schemes thus require a set of tag assignments Ysource as input.
In accordance to the source of user data, we obtain Yjgyu,ce either from the
target personomy Pigrget, from the target folksonomy Fygpger or from the foreign

personomy Propeign. For example, T'Ff,,,,., considers all tag assignments from
the target folksonomy Fyqrget-

2.4 Assembling User Modeling Strategies

The actual user modeling strategy for constructing the tag-based profile is built
by combining (i) a data source with (ii) some semantic enrichment method, and
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Table 1. Example user modeling strategies based on T'F' weighting scheme, semantic
enrichment and different data sources (target folksonomy Fyqrges or foreign personomy
P f o'reign)

Strategy Source Enrich Weighting Cross? Description
Frar, , TFaF, Tags and term frequency weights are taken from the
(baseline) TFiarget = TFfigrget -  target folksonomy. The tag-based profile thus contains
the most popular tags.
‘While the actual tags in the profile are obtained from
Prar,, TFar; TFiarget ~  TFpi,cign +  the target folksonomy, the weights are computed based

on the user-specific personomy from a foreign system.
Tag-based profile contains user-specific tags from
Prarg, TFaF;,xs T]me\e,,-,!m Xsim TF[FtMget + foreign personomy enriched with tag similarity. Weights
are taken from the global term frequency in Fygpget -
Tag-based profile is constructed based on user-specific
Prapg, TFQP;, x 1 T]Pform',gn Xrules TFD’_fOTe,ign + personomy as available in the foreign system enriched
with cross-system rule.

(iii) a weighting scheme. The semantic enrichment is an optional feature. For
example, Praep, Trap, corresponds to the tag-based profile proposed in [8/15],
which exploits the user-specific personomy in the target system. Prap, Trap;
would not be applicable in cold-start situations where new users register to
a system as the target personomy Piarget Would be empty in such situations.
Table [l lists some strategies that can be applied in cold-start situations. For ex-
ample, PT@pf,TF@Ft’XS denotes the strategy that utilizes the personomy Pforeign
from a foreign system as data source, enriches the profile using tag similarity,
and computes weights according to the global term frequency in the target folk-
sonomy.

Based on the different combinations of data sources and weighting schemes
and the additional option of semantic enrichment we obtain a powerful frame-
work for generating cross-system user modeling strategies.

3 Analysis of Tag-Based Profiles on the Social Web

Before evaluating the user modeling strategies presented in the previous section,
it is important to study the nature of personomies and of the corresponding tag-
based profiles (Prap,, rrap, ) distributed across the different Social Web systems.
In particular, we approach the following research questions.

1. What are the characteristics of the individual tag-based profiles in Twitter,
Flickr and Delicious?

2. How do the tag-based profiles of individual users overlap between the differ-
ent systems?

3.1 Data Collection

To investigate the questions above, we crawled public profiles of 421188 distinct
users via the Social Graph APIE, which makes information about connections
between user accounts available via its Web service. By exploiting Google profiles

4Thttp://code.google.com/apis/socialgraph/
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Table 2. Tagging statistics of the (a) Twitter-Delicious dataset (1500 users) and (b)
Flickr-Delicious dataset (1467 users)

(a) Twitter-Delicious (1500 users) (b) Flickr-Delicious (1467 users)

Twitter Delicious Aggregated Flickr Delicious Aggregated

distinet 55668 72001 91515 distinet 75571 59275 119056
tags tags

TAS 80464 619856 700320 TAS 892378 683665 1576043
distinct 26.1 180.06 191.88 distinet 46 44 189.02 292.63
tags/user tags/user

TAS/user 53.64  413.24 1466.88 TAS/user 608.30 466.03 1074.33
tagged 57236 124520 181756 tagged 166403 109242 272701
resources resources

resources  3g.99 91.13 130.12 resources 11345  85.07 198.50
per user per user

of users, who interlinked their different online accounts, the API provides the
list of accounts associated with a particular user.

For our experiments we were interested in users having accounts at Twitter,
Delicious and Flickr. Given the 421188 users, 2007 users linked their Twitter
and Delicious accounts and 1500 of these users applied tags in both systems.
Table :2 (a)| lists the corresponding tagging statistics of these users. Accordingly,
Table shows the number of tags, resources, and tag assignments (TAS) of
the 1467 users, who linked their Flickr and Delicious profiles. We make both
datasets available online [I].

3.2 Tag-Based Profiles within Systems

By nature, Twitter is not a typical social tagging system. However, it enables
users to annotate posts by means of hash tags, which start with the “#” symbol.
Table indicates that people make use of this tagging feature. On average,
each user performed 53.64 (hash) tag assignments on 38.99 Twitter posts using
26.1 distinct (hash) tags. In Delicious, the same users are tagging more frequently
with an average of 413.24 tag assignments and an average number of 180.06 dis-
tinct tags per user profile. Further, users assign, on average, 4.53 tags to each of
their Delicious bookmark while they only attach 1.38 hash tags to their Twitter
posts.

The second dataset obtained form those users, who linked their Flickr and De-
licious profiles, shows similar statistics for the Delicious profiles (see Table .
Further, it is interesting to see that users perform, on average, 142.27 tag as-
signments more in Flickr than they do in Delicious. However, at the same time
their Flickr profile contains less distinct tags (109.44) than their Delicious pro-
files (189.92). The variety of tags in the Delicious profiles is thus higher than the
ones in Flickr profiles, which might make them more valuable for personalization
(see Section M.

Figure [ describes the above observation in detail: less than 20% of the tag-
based Flickr profiles contain more than 200 tags and less than 5% of the Twitter
profiles contain more than 100 distinct (hash) tags. By contrast, more than 40%
of the Delicious profiles have more than 200 tags.
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Fig. 1. Distinct tags per tag-based Twitter, Flickr and Delicious profile
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Fig. 2. Homogeneity of tag-based profiles: number of tags that occur in a certain
number of (a) Delicious, (b) Twitter, and (c) Flickr profiles
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Fig. 3. Characteristics of tag-based profiles: (a) overlap of tag-based Twitter and De-
licious profiles as well as Flickr and Delicious profiles and (b) entropy (in bits) of tag-
based profiles: cross-system user modeling by means of profile aggregation increases
entropy of tag-based profiles

Figure 2 describes the tag usage and therefore the homogeneity of the profiles
in the three different systems. In all three systems, most tags (e.g., more than
50000 tags in Delicious) only occur in exactly one profile and only a few single
tags occur in more than 100 profiles. For example, there exists only one tag,
namely “design”, that occurs in more than 80% of the Delicious profiles.
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3.3 Tag-Based Profiles across Systems

In the context of cross-system user modeling the overlap of tag-based profiles is
of particular interest. If the tagging behavior of an individual user differs from
system to system then the overlap of the user’s tag-based profiles will be small
and the corresponding tag-based profiles will probably reveal complementary
facets for characterizing the user. Figure shows to which degree the tag-
based profiles of the individual users overlap between the different systems. We
see that the overlap between tag-based Twitter and Delicious profiles of indi-
vidual users as well as the overlap between the Flickr and Delicious profiles is
very small. In fact, for less than 10% of the users, the Twitter or Flickr profiles
have an overlap of more than 10% with the tag-based Delicious profiles. This
observation indicates that the re-use of tag-based profiles for solving the user
modeling challenge posed at the beginning of this paper is not trivial at all and
has to be done in an intelligent way. For example, simply re-using a tag-based
Twitter profile in Delicious would reflect only a very small part of the user’s
characteristics in Delicious.

The small overlap of the tag-based profiles implicates that the profiles of an
individual user at different Social Web platforms reveal different characteristics
of the user. Cross-system user modeling by means of profile aggregation thus
allows for more valuable profiles with regards to the information about the user.
In Figure we compare the entropy of tag-based profiles. Entropy quantifies
the information embodied in a tag-based profile P(u), which specifies a weight
for each tag t € Tsource (see Definition [2)), and is computed as follows.

entropy(P(u)) = > p(t)- (~loga(p(t))) (4)
tE€Tsource

In Equation @ p(¢) denotes the probability that the tag ¢ was utilized by
the corresponding user and can be modeled via the weight w(u,t) from the
normalized tag-based profile P(u), for which the sum of all weights is equal to 1.
Figure shows that tag-based profiles in Delicious have higher entropy
than the ones in Twitter and Flickr — even though Flickr features the highest
number of tag assignments per user (cf. Table 2(b)[). Thus, the variety of tags
in Delicious profiles is higher than in Flickr profiles. We further aggregated the
profiles of the individual users by accumulating their tag-based profiles from
Twitter and Delicious as well as Flickr and Delicious. For both types of profiles
entropy increases significantly with respect to the service-specific profiles. Hence,
cross-system user modeling based on profile aggregation has significant impact

on the entropy of tag-based profiles.

3.4 Synopsis

From our analysis of tag-based profiles (PT@pt7TF@pt) we conclude that users
reveal different profile facets in the different systems on the Social Web. Tag-
based profiles of same users in different systems overlap only little. For more
than 90% of the users, the tag-based profiles obtained from Delicious, Twitter
and Flickr overlap to less than 10%. Cross-system user modeling allows for more
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valuable profiles. By aggregating tag-based profiles, information gain and entropy
improve significantly.

4 Analysis of Cross-System User Modeling Strategies

The above results reveal already benefits of cross-system user modeling for tag-
based profiles. We now evaluate the performance of the cross-system user mod-
eling strategies for supporting tag and bookmark recommendations in cold-start
situations (see Definition ) and investigate the following research questions.

1. Which user modeling strategies generate the most valuable tag-based profiles
for recommending tags and resources to users in which context?

2. How do the different building blocks of the user modeling strategies (e.g.
source of user data) influence the quality of the tag-based profiles?

4.1 Experimental Setup

The actual recommendation algorithm incorporates a user profile P(u), as de-
livered by the given user modeling strategy, to compute a ranking of items (tags
and resources) so that items relevant to the user u appear at the top of the
ranking. Therefore, we specify a generic algorithm that can be customized with
specific ranking and user modeling strategies.

Generic Recommendation Algorithm The generic recommendation algorithm rec-
ommend(u, s, um) computes a ranked list of entities appropriate to a user u by
ezploiting a given ranking strategy s and a given user modeling strategy um.

1. Input: ranking strategy s, user modeling strategy um, user u
2. P(u) = um.modelUser(u) (compute user profile)

3. 7 = s.rank(P(u)) (rank entities w.r.t. P(u))

4. Output: T (ranked list of entities)

As we do not aim to optimize the ranking strategy, but want to investigate the
impact of the different cross-system user modeling strategies on the recommen-
dation performance, we deliberately apply lightweight algorithms for ranking the
tags and resources respectively.

Tag Recommendation. Regarding the tag recommendation task, our goal is
to point the user to tags she has not applied yet, but might be of interest for her
and are worthwhile to explore. Hence, we filter the tag-based profile and remove
those tags that already occur in the personomy of the user w in the target system
(Py target)- The remaining tags are then ranked according to the weight that is
associated with the tags in the tag-based profile P(u). If two tags have the same
weight then the order of these tags is chosen randomly.

Resource Recommendation. We apply cosine similarity to generate resource
recommendations. Given a tag-based user profile P(u), the corresponding
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personomy of the user Py iarget = (T, Ru,Yu), the folksonomy of the target
system Figrger = (T, R,Y), and a set of resources Rygrget C R, which are
not explicitly connected to u (R, N Rigrget = ), we first generate tag-based
profiles for each resource r € Riqrget- The tag-based resource profile resembles
the tag-based user profile specified in Definition 2t P(r) = {{t,w(r,¢)}|t € T,r €
Riarget }- In accordance to the T'F weighting scheme applied by the user modeling
strategies, we compute the weights associated with the resources as follows.
{u € Ul(u,t,r) € Y}

wrp(r,t) = H{u € Uty € T|(u,te,r) € Y} ®

Given the target folksonomy Fyqrget, the weight w(r,t) is thus given by the
number of users who assigned tag t to resource r divided by the overall number
of tag assignments attached to r. To compute cosine similarity, the tag-based
profiles of the user (P(u)) and resource (P(r)) are represented in a vector space
model via w and r respectively where each dimension of these vectors corresponds
to a certain tag ¢t that occurs in both profiles. Finally, each resource r € Riqrget
is ranked according its cosine similarity with the user profile representation u so
that those resources that have high similarity occur at the top of the ranking.

Evaluation Methodology. We evaluate the quality of the recommender al-
gorithms and therewith the user modeling strategies respectively by means of a
leave-many-out evaluation. For simulating a cold-start where a new or yet un-
known user w is interested in recommendations in system A, we first remove
all tag assignments Y, performed by u in system A from the folksonomy. Each
recommender strategy then has to compute a ranked list of recommendations.
The quality of the recommendations is measured via MRR (Mean Reciprocal
Rank), which indicates at which rank the first relevant item occurs on average,
S@k (success at rank k), which stands for the mean probability that a rele-
vant item occurs within the top k of the ranking, and P@k (precision at rank
k), which represents the average proportion of relevant items within the top k
(cf. [I7]). We consider only these items as relevant to which the user u actually
referred to in the tag assignments Y, that were removed before computing the
recommendations. For a given user modeling strategy, we ran the experiment
for each individual user of our datasets (cf. Section [3)). We tested the statistical
significance of our results with a two-tailed ¢-Test where the significance level
was set to a = 0.01.

4.2 Results: Cold-Start Tag Recommendations

Table Bl gives a detailed overview on the performance of the different user model-
ing strategies for recommending tags in Twitter and Delicious. The best strate-
gies (emphasized) benefit from cross-system user modeling and outperform the
other strategies significantly. For example, the precision of the top ten tag rec-
ommendations in Delicious based on tags obtained from the user’s personomy in
Twitter (Tp,,,.,,, ), which are weighted according to the global tag frequencies
obtained from the Delicious folksonomy (T'F,,,,.. ), is 94.4% (Prap; TFar, strat-
egy) and therewith improves by more than 90% over the Prar,, rrar, baseline
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Table 3. User modeling performances measured via tag recommendation quality in a
cold-start setting in Twitter and Delicious: tags that occur in the tag-based profile are
either selected from the folksonomy of the target system (T%,,,,.,) or from the user-
specific personomy in the foreign system (7p foreign) whereas the weighting scheme is
term frequency (T'F) or TF multiplied by inverse document frequency (T'F x IDF),
which is either computed based on the target folksonomy (T F,,,,.,) or foreign person-
omy (TFb,, .0 )- “Cross?” denotes whether the corresponding strategy benefits from
cross-system user modeling (+) or not (—). Semantic enrichment (Enrich) is either based
on tag similarity (Xsim), cross-system association rules (Xruies) or not applied (-).

Strategy Source  Enrich Weighting Cross? MRR S@1 S@10 P@5 P@10 P@20
Twitter (foreign) — Delicious (target):
PT@]Pf,TF@LFt Tw’fm-ez‘gn - TFth,gEt + 0.979 96.6 99.6 95.1 94.4 91.4
PT@]Pf,TF@TP’f Tw)foreign - TF]FfOTeig'n, + 0.631 43.7 97.7 52.4 62.1 72.5
Frar,, TFaF, TFtarget = TFrygges - 0.764 69.1 94.5 50.8 49.5 48.4
Prar, TFar; TFiarget - Bt oreign + 0.623 51.5 85.3 34.1 28.5 26.4
PT@]Pf,TFxIDF@TFt Tw)foreign - TF X IDFJFtaTget + 0.974 95.6 99.6 95.3 94.4 91.5
PT@]Pf,TFxIDF@TP’f Tu»foreign - TF X IDF]FfOTelg‘n + 0.650 4.5 97.8 52.8 62.1 72.4

. . . - 5 s 3
Frar,, TFxIDF@F; TFiqpget TF X IDFp,,. . 0.244 4.5 88.0 125 28.9 33.9

Prar, , TFxIDF@P; TFyqrget - TEXIDFp. i + 0.608 49.2 85.1 33.4 28.3 26.4
Pr@p;, TFGFy,xs  Proreign Xsim THFiarger + 0.978 96.4 99.6 94.1 93.8 91.0
Prar;, TFaPrg, xs Pfroreign Xsim TF]Pfo’r'eign + 0.631 43.7 97.7 52.4 62.1 72.6
Prapg, TFaFy,xr  TPioreign Xrules TEiqpget + 0.778 69.1 93.3 71.0 68.5 63.1
Prar;, TF@P;, xr Pforeign Xrules TERp 00, + 0.624 43.7 96.9 53.2 61.4 71.5

Delicious (foreign) — Twitter (target):
Prap;, TFarg TPtoreign ~ TFFiarget + 0.194 9.7 39.9 10.1 10.7 11.2

P ; T - TF 0.970 96.9 96.9 82.1 64.0 42.2
TaPg, TFQPy Froreign Froreign +

FraF, , TFaF, Ty g rget  TFryer - 0.102 5.9 204 3.4 3.2 2.9

PraF T - TF 0.749 74.8 748 455 29.5 17.0
T@Fy, TF@Py Ftarget Proreign + o °

PT@P TFxIDFGF, TPporpign —  TF X IDFry, .00, + 0.683 60.5 84.4 33.7 27.2 21.6

P. - TF x IDF 0.386 27.5 60.9 19.9 16.8 14.5
T@Pg, TFxIDF@P; TPro, 0i0n Proreign T 5 5

FT@F, , TFxIDF@F, TFyqpger - TFXIDFg .. . - 0.171 8.5 337 4.8 54 58
0.209 11.8 38.0 85 6.7 5.0

0.194 9.7 39.7 10.1 10.7 11.2

P ope T - TF x IDF
T@Fg, TFxIDF@P; TFiqrget x Proreign T

+

+  0.970 96.9 96.9 82.1 64.0 42.1
+

+

Prapg, TFaFy,xs  Proreign Xsim TFriarger
Prap;, TFaP;, xs
Prap;, TFaF, xr
Prap;, TFaP;, xr

T )
Proreign Xsim

0.096 5.9 18.8 3.9 5.2 4.2
0.969 96.9 96.9 83.8 68.3 47.2

Proreign Xrules TFrigrget

T
Ptoreign Xrules

strategy, which does not make use of cross-system user modeling and achieves a
precision of 49.5.

This improvement is even significantly higher for recommending tags in Twit-
ter where the best cross-system user modeling strategy (PT@[Pf’TF@]pf’Xr) achieves
68.3 for P@Q10 in comparison to 5.4, achieved by the best non-cross-system strat-
egy. Overall, tag recommendations in Twitter seem to be more difficult: while
the best strategies allow for high success values (e.g., SQ1 > 95), it requires ad-
vanced user modeling methods like the application of cross-system association
rules (Xrules) to obtain high precisions for P@Q10 and P@20. Possible explana-
tions for this can be derived from Section B} Twitter user profiles are more sparse
than the corresponding Delicious profiles and exhibit a lower entropy. This might
also explain why T'Fp,, . ., i.e. weighting based on tag-based profile in Delicious,
is more successful in Twitter than T'Fy,,, ., , the Twitter-based weighting scheme.
Hence, when applying the user modeling strategies in a cross-system setting, it
is important to consider the general characteristics of the tagging data available
in the different systems (as we did in Section [3]). For example, the consideration
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WMRR
0,5 ms@1
P@10

WMRR
015 ms@1
P@10

MRR, Success@1, Precision@10

Delicous  Flickr->  Twitter->  Flicke  Delicous > Twitter  Delicious -> - —
(baseline)  Delicious Delicious  (baseline) Flickr (Cross (baseline) Twitter Delicous (baseline) ~ Flickr -> Delicious ~ Twitter -> Delicious
(Cross UM) ~ (Cross UM) um) (Cross UM) (Cross UM) (Cross UM)

(a) Tag recommendations. (b) Resource recommendations.

Fig. 4. Comparison of different cross-system user modeling settings in the context of
(a) tag recommendations and (b) resource recommendations. The baseline strategies
follow the Prar,,rrar, approach, Prap, rrap, is applied for settings when the target is
Delicious and Prap;,rrap;,y, is used for recommendations in Flickr and Twitter.

of Delicious profile data leads to higher improvements than the consideration of
Twitter profile data. However, independent from the setting we see that cross-
system user modeling has significant impact on the recommendation quality.

Our evaluations on the Flickr-Delicious dataset confirmed the results listed in
Table Bl with two remarkable differences that are summarized in Figure (1)
Flickr-based cross-system user modeling (Flickr — Delicious (Cross UM)) for
tag recommendations in Delicious improves the quality only slightly (no signifi-
cant difference) and (2) in the context of tag recommendations in Flickr, cross-
system user modeling leads again to tremendous improvements, however, the
quality gain is not as high as for the Delicious — Twitter setting. The absolute
tag recommendation performances are however high for all cross-system settings
and work best for the interplay of Delicious and Twitter (e.g. MRR > 0.95)
as depicted in Figure Overall, we conclude that the significant improve-
ments of the tag recommendation performance further support the utility of
cross-system user modeling.

4.3 Results: Cold-Start Resource Recommendations

Table ] overviews the performance of the different user modeling strategies for
cold-start bookmark recommendations in Delicious. This task is more difficult
than the tag recommendation task as the items, which are recommended to the
user, are not directly connected to the user, but indirectly via the tags [16]. Fur-
ther, the fraction of relevant items is much smaller: given an average number of
91.3 relevant bookmarks per user, the probability to randomly select a resource,
which will be bookmarked by the user, from the set of 124520 available resources
is 0.0007 (P@1). With this in mind, it is interesting to see that the cross-system
user modeling strategies, which fully exploit the Twitter personomies (source se-
lection and weighting is based on Poreign), succeed for recommending Delicious
bookmarks in a cold-start setting and perform significantly better than all other
strategies (see Table H).
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Table 4. User modeling performances measured via Delicious bookmark recommenda-
tion quality in a cold-start setting with Twitter: tags that occur in the tag-based profile
are either selected from the folksonomy of Delicious (T¥,,, ., ) or from the user-specific
personomy in Twitter (Tp foreign) whereas the weighting scheme is the term frequency
(TF) or TF multiplied by inverse document frequency (TF x IDF'), which is either
computed based on the target Delicious folksonomy (7T Fk,,,,.,) or foreign personomy
available in Twitter (T Fp foreign ). “Cross?” denotes whether the corresponding strategy
benefits from cross-system user modeling (+) or not (—). Semantic enrichment (Enrich)
is either based on tag similarity (xsim), cross-system association rules (Xrutes) Or not
applied (-).

Strategy Source Enrich Weighting Cross? MRR S@1 S@10 P@5 P@10 P@20
Prap;, TFaF, ijfomign - TFFyqrget + 0.026 0.3 5.6 0.7 0.6 0.5
Prap;, TFaF; Bforeign - TFme.“,gn + 0.191 14.4 26.0 11.7 9.3 7.7
Frar, , TFar; Teyarget - TFFyqrget - 0.026 0.3 7.8 1.0 0.9 0.6
Prar,, TFar; Teyqrget - TF””foreign + 0.055 2.3 11.1 2.1 1.9 2.1
Prap;, TFxIDF@Fy TPtoreign ~ TEXIDFR 004 + 27 05 39 06 04 0.6
PT@p;, TFxIDF@P; T]Pforeign - TF X IDFu»foreign + 0.244 18.9 32.2 14.5 11.6 9.4
Frary, TFxIDF@F; TFiarget - TE X IDFF 0 0ey - 0.006 0.1 1.5 0.1 0.1 0.1
Prary, TFxIDF@P; TFiarget - TF x IDprfm.Eign + 0.053 2.3 10.9 2.0 2.3 2.2
Prap;, TFxIDF@F,xs T]pfomign Xsim TF X IDFp .00, + 0.026 0.5 3.9 0.5 0.4 0.6
Prap;, TFxIDF@Pg, x5 Proreign Xsim TF X IDprfm.“.gn + 0.244 18.7 32.4 14.5 11.7 9.4
Prap;, TFxIDF@Fy, xr T]pfomign Xrules TF X IDFpy 00y + 0.01 0.1 1.3 0.1 0.2 0.2
PT@LPf,TFxlDF@JPf,Xr lem,eig" Xpules LF X IDFW’fm-ez‘gn + 0.252 20.1 33.2 14.9 12.1 10.0

While the T'F' weighting scheme is best applicable in the tag recommendation
context, computing weights based on TF x IDF and TF x IDFp,, .. . in par-
ticular perform best for the Delicious bookmark recommendations. We further
discover that the semantic enrichment by means of cross-system association rules,
that indicate which tags are likely to occur in the tag-based Delicious profile if a
user applied certain tags in Twitter, has significant impact on the quality of the
generated profiles. The difference in performance of Prap,, TFxiDFaPp;, xy; Which
is again the best strategy, with respect to the other strategies is statistically
significant.

These findings can also be confirmed on the setting of Flickr and Delicious.
Figure compares the performance of the cross-system user modeling strat-
egy PT@pf,TFXIDF@pﬂXr with the best baseline strategy that does not consider
external profile information. Exploiting Twitter for resource recommendations
in Delicious is more appropriate than the consideration of Flickr profiles. For
example, given the Twitter-based profile, the probability to recommend a rele-
vant resource (S@1) is 0.2 in comparison with 0.14 for the Flickr-based profiles.
Further, with Twitter-based cross-system user modeling we achieve a precision
(P@10) of 0.12, which is more than 10 times higher than the baseline strategy.

4.4 Synopsis

For both tag and resource recommendations, we conclude that cross-system user
modeling strategies generate significantly more valuable tag-based profiles than
those strategies which do not consider external profile information. We see that
the interplay between Twitter and Delicious is more successful than the one of
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Flickr and Delicious. The selection of the building blocks for composing an appro-
priate cross-system user modeling strategy impacts the quality significantly. For
example, in the resource recommendation context those user modeling strategies
perform best that fully exploit personomies from other systems (source selection
and weighting is based on Pforeign)-

5 Conclusions

In this paper we analyzed strategies for modeling users across Social Web sys-
tem boundaries to infer insights for engineers of Web applications that aim for
personalization in cold-start situations. We investigated the characteristics of
tag-based profiles that result from tagging activities in Flickr, Twitter and De-
licious, and discovered that the tag-based profiles which a same user has at
different platforms only overlap little. Cross-system user modeling by means
of aggregating the user-specific profiles from the different platforms results in
significantly more valuable profiles with respect to entropy. Within the scope of
tag and resource recommendations in cold-start settings we further revealed that
cross-system user modeling strategies have significant impact on the performance
of the recommendation quality. For example, user modeling based on external
personomies results in a more than 10 times higher precision for recommending
Delicious bookmarks.
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