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Abstract One of the major innovations in personalization in the last 20 years was
the injection of social knowledge into the model of the user. The user is not considered an isolated individual any more, but a member of one or more communities.
User communities have been facilitated by the striking advancements of electronic
communications and in particular the penetration of the Web into people’s everyday
routine. Communities arise in a number of different ways. Social networking tools
typically allow users to proactively connect to each other. Alternatively, data mining
tools discover communities of connected Web sites or communities of Web users. In
this article, we focus on the latter type of community, which is commonly mined from
logs of users’ activity on the Web. We recall how this process has been used to model
the users’ interests and personalize Web applications. Collaborative filtering and recommendation are the most widely used forms of community-driven personalization.
However, we examine a range of other interesting alternatives that are worth investigating further. This effort leads us naturally to the recent developments on the Web
and particularly the advent of the social Web. We explain how this development draws
together the different viewpoints on Web communities and introduces new opportunities for community-based personalization. In particular, we propose the concept of
active user community and show how this relates to recent efforts on mining social
networks and social media.
Keywords User communities · Web mining · Web personalization ·
Web communities · Social networks
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1 Introduction
Paradoxically, one of the most successful and large-scale uses of personalization technology, collaborative filtering and recommendation, does not focus on what an individual likes or dislikes, but rather on who this individual is related to. Beyond the
many technical advantages of this approach, there is an important social advancement
that has happened hand-in-hand with it. That is the emergence of the social Web or
Web 2.0, which made Web users active participants, generating their own content and
forming on-line social networks. In this process, the focus moved from the individual
to the communities in which he or she belongs.
User modeling aims to understand the needs and interests of the user and produce
information systems that can adapt their behavior to these personal requirements. In
the beginning of the 1990s, as the use of the Web started spreading beyond computer
experts, user modeling researchers observed two new opportunities for personalization:
– The fact that the usage of Web-based information systems was easily recorded,
either at the server or the client side. This has initiated a new breed of data-driven
Web personalization methods and systems (e.g. Joachims et al. 1997; Pazzani et al.
1996) that were soon to become mainstream.
– The fact that important knowledge can be discovered about an individual, based
on the communities in which he or she belongs (Hill et al. 1995; Orwant 1995;
Shardanand and Maes 1995).
Soon after that, it became clear that the combination of the two was the natural way
forward and could have a multiplying effect on our ability to understand the user and
personalize Web-based systems. As a result, data-driven methods, adopting statistical
and machine learning approaches, were developed to discover communities of users
(Cooley et al. 1997; Orwant 1995). Such methods, in turn, supported new powerful
ways of personalization, such as collaborative filtering and recommendation (Hill et al.
1995; Konstan et al. 1997; Konstan and Riedl 2012; Shardanand and Maes 1995).
The role of Web user communities in user modeling and personalization is the focus
of this article. A full account and survey of related work is beyond its scope and the
interested reader is referred to earlier efforts (e.g. Mobasher 2007; Pierrakos et al.
2003; Su and Khoshgoftaar 2009). Instead, this article attempts to clarify and explain
the different uses of the term Web community (Sect. 2), before moving on to present
how data mining has been used to identify user communities (Sect. 3) and support
personalization (Sect. 4). Following this, the different types of Web community are
revisited, in the light of the social Web, in order to sketch a new research opportunity
for user modeling, namely the discovery of communities of active Web users (Sect. 5).
Finally, this article concludes with a discussion of the more general implications of
discovering communities in the social Web (Sect. 6).
2 Web communities
Based on its state of development in the early 1990s, the Web was viewed either as a
networked information source or as an online marketplace of networked services, in
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Fig. 1 A traditional view of the Web and the three types of community. a A sketch of the old Web, b Web
usage communities within a site, c Web communities on the Web graph, and d Web-based community, as
a single site

its infancy. Either way, there was a clear separation between producers and consumers
of content on the Web. Figure 1a provides a simplified sketch of this situation. At each
node si of the network S, there is a group of producers U Pi and a group of consumers U Ci of the content of the corresponding Web site. Although the two groups are
not necessarily disjoint, they are treated separately, as the production process is not
considered part of the usage of a Web node. Furthermore, the group of consumers is
assumed to be considerably larger than that of producers, i.e. |U Ci | >> |U Pi |.
User modeling research has focused on the consumers U Ci of this set-up. Among
the various reasons for this, were (a) the fact that they were many and of a more
variable background, (b) the provision of technology for logging their activity at the
servers of a Web site and (c) their role as customers of online shops, which aimed
to increase their customer base. On this basis, interest has grown in discovering Web
user communities, by analyzing the usage data logged at the Web servers. In more
traditional economics terminology, Web user communities provided a segmentation
of the consumers U Ci of si (see Fig. 1b). This segmentation was done in various
ways, ranging from simple statistical analysis of demographic groups, often called
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user stereotypes (Rich 1979), to the dynamic discovery of associations between users,
based on the analysis of usage data by machine learning methods.
Definition 1 (User Community) Each segment U Ci j ⊂ U Ci of consumers, commonly produced by the analysis of usage data of Web site si .
Although producers of Web content were not of obvious interest to personalization
research, the content that they produced, i.e. the Web sites, and the way in which it
was interconnected to provide the network of the Web, was of great interest to metaservices, such as search engines. As a result, a parallel strand of work was developed,
which is still very active, and aims at discovering patterns in Web structure, often
called Web structure mining (Kosala and Blockeel 2000). The end product of this process was typically a segmentation of the Web graph S into Web communities S j ⊂ S
(Flake et al. 2000; Kumar et al. 1999) (see Fig. 1c). These communities can be linked
to Web users only through the production process of Web sites. In the extreme case
that a single user upi is associated with the production of each si , a Web community
is associated with a community of producers (Adamic and Adar 2003). The larger and
more complex the Web site, the looser this link becomes. As a result, despite the use
of similar statistical and machine learning approaches, Web communities have always
been clearly separated from user communities, as studied in user modeling.
Definition 2 (Web Community) Each segment S j ⊂ S of the Web graph, produced by
the analysis of Web graph structure.
The term Web community, more accurately Web-based community, was also used in
a different area of research in information systems. Namely systems that support the
formation or strengthening of real-life communities. These were typically either local
communities (e.g. within a University campus) or interest-driven ones (e.g. professional associations). Early work in this field focused on community networks (Schuler
1994) and virtual communities (Rheingold 1993), which then evolved into Web community portals (Staab et al. 2000) and finally into Web-based communities (Bouras
et al. 2005). In the context of Fig. 1a, typically Web-based communities correspond to
special nodes s j of the Web graph S, which serve as a meeting point for a community
of users. Thus, all the users U C j of the node explicitly join and make up the community. What makes this type of community particularly interesting is the fact that users
start producing content for the community (see Fig. 1d). In other words, they move
from being passive consumers of content U Ci to becoming active users U Ai of that
particular Web site. This idea, aided by corresponding technological advances, later
developed in what we now call the social Web. We will return to this in Sect. 5, where
we will re-examine the three separate notions of community presented here.
Definition 3 (Web-based Community) A specific node s j ∈ S of the Web graph,
serving as a meeting point for a community of users.
3 Discovering user communities from data
Having explained the differences from Web communities, i.e. segments of the Web
graph, and Web-based communities, i.e. Web sites that support real-life communities,
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we now focus on Web user communities and how these can be discovered in Web usage
data. In the rest of this section, we will look at the usage data that are typically collected on the Web and recall how data mining approaches have been used to discover
user communities from these data.
3.1 Usage data
The main assumption in the discovery of user communities is that the users do not
have to explicitly register for the communities. As a result, community discovery has
to be based on information provided by the users that may imply commonalities and
associations among them. Typically, this information is taken to imply common interest of users in the products or services provided by a particular Web site. However,
other types of association, such as level of expertise and collaboration in Web-based
educational systems, have also been studied (Gaudioso and Boticario 2003). For the
sake of simplicity, in the rest of this section we will focus on the interest of user ucil
in a particular item, i.e. product or service, tik of Web site si .
There are several observations that help us to infer the interest of a user in a particular
item. Among them, the most common ones are:
– The selection of the item for viewing.
– The purchase of the item.
– The explicit rating of the item.
Typically this information is recorded in the databases of the Web site. The simplest
form of such a database is the log of the Web server, which records all visits (hits) to
the Web pages of the site. Table 1 provides an extract of a Web server log, showing,
among other things, the IP address of the visitor, the time stamp of the visit and the
Web page that the user visited.
Extended versions of server logs can record other information, such as the id of
the user, if the user has logged in, or the referring Web page that the user was viewing before the hit. Such information can be particularly useful for making a more

Table 1 An extract from a simple Web server log file
127.1.2.2

[10/Sep/2010:21:15:05]

“GET /index.html HTTP/1.1”

200

127.1.2.2

[10/Sep/2010:21:15:06]

“GET /main.html HTTP/1.1”

200

1043
954

127.1.2.2

[10/Sep/2010:21:15:07]

“GET /books.html HTTP/1.1”

200

837

127.1.2.2

[10/Sep/2010:21:15:08]

“GET /books/p13.html HTTP/1.1”

200

568

204.0.0.1

[10/Sep/2010:21:15:10]

“GET /index.html HTTP/1.1”

200

1043

204.0.0.1

[10/Sep/2010:21:15:11]

“GET /cars.html HTTP/1.1”

200

1235

127.1.2.2

[10/Sep/2010:21:15:12]

“GET /books/p14.html HTTP/1.1”

200

2037

204.0.0.1

[10/Sep/2010:21:15:12]

“GET /cars/p38.html HTTP/1.1”

200

8923

204.0.0.1

[10/Sep/2010:21:15:15]

“GET /cars/p97.html HTTP/1.1”

200

9478

127.1.2.2

[10/Sep/2010:21:15:17]

“GET /books/p15.html HTTP/1.1”

200

4056

204.0.0.1

[10/Sep/2010:21:15:20]

“GET /extra/p29.html HTTP/1.1”

200

3459
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accurate inference of the user’s interest in a particular item (Wu et al. 1998). Even
the identification of the user who visited a Web page is not straightforward if the user
id is missing. Several alternative approaches, such as cookies and Javascript, have
been used for identification, especially when visitors are not registered to the Web
site. However, some of these methods are treated with suspicion by the users, as they
constitute potential threats to their privacy (Cooley et al. 1999).
Usage data are pre-processed, in order to obtain a more accurate estimate of the
user’s interest. Examples of such processing are the removal of noise from the data,
e.g. visits of robots to the site, and the association of Web pages with the corresponding
items or item categories. One pre-processing step, that is of particular importance, is the
identification of user sessions. A user session is a chronologically-ordered sequence
of page hits that can be attributed to the same user and has a particular beginning
and end. For instance, in Table 1, the sequence of pages visited by the IP address
“127.1.2.2”, constitutes one session, starting with page “/index.html” and ending with
“/books/p15.html”. In other words, the session captures the complete visit sequence
of a particular user at a particular point in time.
User sessions provide associations among the items, i.e. items that are visited within
the same session, e.g. “p13” and “p15” in the above example, can be considered to
be associated. This is especially important when user identification is not possible
and therefore a longer history of item selection by a user cannot be established. The
identification of sessions in usage data is also not free of technical difficulties and
a number of methods, such as a time-out period of 30 min between hits, have been
proposed to overcome them (Srivastava et al. 2000). The longer a user session is, the
more information it provides about the preferences of the user. However, the majority
of user sessions are typically very short and can thus not provide sufficient information in isolation. For this reason, the aggregation of information from larger sets
of user sessions, either through user identification or through the discovery of user
communities, is essential.
The history of interaction of a user ucil with si comprises a simple user model,
often called user profile. Typically, such a user profile maintains numerical preference
values of the user about the items provided on the Web site. Depending on the kind of
user input that is recorded, these values may correspond, among others, to:
–
–
–
–

Frequency of selection of the item.
Viewing time of the item.
Frequency of purchase of the item.
Explicit rating of the item.

The set of user profiles for the consumers U Ci of the items Ti of si is therefore defined
by an interest function f i : U Ci × Ti → R. The values of this function are stored in a
user-item matrix, such as the one shown in Table 2a. Moving a step closer to personalization, the numeric values are often mapped onto binary ones, through a thresholding
process that determines when an item is of interest or not to a user. Table 2b binarizes
the profiles of Table 2a, using an interest threshold of 0.5, i.e. interest values below
the threshold are interpreted as lack of interest of the user in the particular item. Furthermore, as is common in user modeling, the length of the user interaction history
that is used for constructing the user profile may vary. In the simplest case of a very
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Table 2 User-item matrices recording user interest
p13

p14

(a) Numeric user profiles
u1
1.0

p15

0.6

0.8

p29

p38

0.0

0.0

u2

0.9

0.3

0.0

0.8

0.0

u3

0.0

0.0

0.0

0.8

0.9

u4

0.6

0.0

0.0

1.0

0.0

u5

0.1

0.8

1.0

0.0

0.0

(b) Binary profiles (threshold 0.5)
u1

1

1

1

0

0

u2

1

0

0

1

0

u3

0

0

0

1

1

u4

1

0

0

1

0

u5

0

1

1

0

0

short-term model, only the values of a single user session are taken into account. In
this special case, if the user id is unknown, session profiles are constructed.
3.2 Identifying user relations
In order to identify communities, one needs to measure the degree of similarity between
users, in terms of their expressed interest about items. This can be achieved by defining a similarity function Ri : UCi × UCi → R, where UCi is the set of user profile
vectors for U Ci in the multidimensional item space (see Fig. 2a). Common choices
are the cosine similarity and Pearson correlation, shown in (1) and (2) respectively.
These measures give a high similarity value when the profiles of the two users are
similar, e.g. the users have visited the same Web pages. A variety of other similar
measures have been proposed in the literature (e.g. Herlocker et al. 1999), some being
more suitable to binary and other to numerical profiles.
Ti
Ri (ucil , ucim ) = 
Ti

× ucimk

Ti
2
×
k=1 ucimk

(1)

− ucil ) × (ucimk − ucim )

Ti
2
− ucil )2 ×
k=1 (ucimk − ucim )

(2)

k=1 ucilk

2
k=1 ucilk
Ti
k=1 (ucilk

Ri (ucil , ucim ) = 
Ti

k=1 (ucilk

Based on the similarity of the users, measured by Ri , one can construct a weighted
graph U G i = (U Ci , U E i , Ri ), the vertices of which represent the users, and
the edges U E i , weighted by Ri , denote the degree of similarity among the users.
Figure 2b provides an example of such a graph. The user graph can be used, instead of
the item space, for community discovery. Furthermore, it is commonly transformed
into an unweighted graph, by introducing a similarity threshold, below which users are
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(a)

(b)

(c)

(d)

Fig. 2 Measuring similarity among user profiles and constructing the user and item graphs. a Profiles of
the users in Table 2a, b Weighted graph of users in Table 2a, c Unweighted user graph (threshold 0.3), and
d Unweighted graph of items in Table 2a

assumed to not be related. The choice of this threshold is another important decision
towards personalization. Using the similarity threshold, the graph of Fig. 2b can be
transformed into the graph of Fig. 2c. An important effect of this process is the reduction of the connectivity of the graph, which facilitates the use of various graph-theoretic
discovery methods.
Instead or in addition to the user graph, personalization is often based on a dual
representation: the item graph. The item graph is constructed in a similar manner to
the user graph, by simply transposing the user-item matrix. Item graphs are particularly important when users cannot be identified and similarity is calculated on the
basis of sessions. For instance, item similarity can be calculated as the frequency of
co-occurrence of two items in the session profiles, when user profiles are not available.
By analogy to user graphs, the item similarity function is defined on the item set
Ti , the item profiles are represented as vectors in the user space and the item graph
T G i = (Ti , T E i , Ri ) is constructed, where Ri is now defined as Ri : Ti × Ti → R,
and Ti are the profile vectors of Ti . Figure 2d shows an example of an unweighted
item graph. Item graphs capture similar information to user graphs, i.e. the associations
between items are based on their usage. This is different to content-based approaches,
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which are common in information retrieval (Baeza-Yates and Ribeiro-Neto 1999) and
measure the similarity among items on the basis of characteristic features, i.e. the
content and structure of the items themselves.
In the rest of this section, we will refer to communities discovered on both the user
and the item graphs. Clearly, the communities constructed on item graphs are not segments of the set of users U Ci , as defined in Sect. 2. However, they can be considered
to capture the preferences of latent communities of users and as such can be used for
personalization (Mobasher et al. 2000; Paliouras et al. 2000). We will henceforth refer
to them as community models, in order to distinguish them from user communities.
Definition 4 (Community Model) A vector cmi j in the item space, similar to the models of individual users, which however represents the preferences of the corresponding
community of users U Ci j .
A common special case is when the item space is binary, i.e. an item either exists or
not in a model. In this case, the model is defined as a set of items, i.e. cmi j = Ti j ⊂ Ti .
For instance, in the graph of Fig. 2d, the set of pages {“p13”,“p14”,“p15”} are closely
related, i.e. they appear often together in user sessions, and thus may model the preferences of a community. In this sense, they form a community model. Community
models are essential for personalization, even when communities of users are explicitly discovered from the usage data. This is because they reveal the preferences of the
communities, which is actionable knowledge for a personalization system.
3.3 Mining for user communities
Having measured the similarity Ri among the users U Ci of a site si , communities
are defined simply as clusters of similar users. Therefore, generic clustering methods
have been used, in order to discover communities in usage data. The most widely
researched and used type of clustering is hard partitioning, which aims to separate
a set of objects into cohesive and well-separated subsets. The objects in our case
are the users,
represented by their profiles and the subsets are the communities, i.e.

U Ci = j=1..J U Ci j . Hard partitioning methods aim to identify regions of the item
space (see Fig. 2a) that are densely populated and isolated from each other. In other
words, they maximize Ri (ucil , ucim ), ucil , ucim ∈ U Ci j , within each community and
minimize Ri (ucil , ucim ), ucil ∈ U Ci j , ucim ∈ U Ci h , j = h, among communities.
Figure 3a illustrates the clustering process. Early research in community discovery
(e.g. Orwant 1995; Yan et al. 1996) adopted such hard partitioning approaches, including among others graph-theoretic partitioning of the user or item graphs (e.g. Kohrs
and Mérialdo 1999; O’Connor and Herlocker 1999).
One of the problems with hard partitioning methods is that they assume each user
to belong in one and only one community. This is problematic because users have
diverse interests and may well belong in different communities. As a result, soon after
these early efforts, approaches that allow the discovery of overlapping communities
appeared. These approaches were typically based on common graph analysis methods, such as the identification of cliques and connected components. Figure 3b shows
how the graph of Fig. 2d can be separated into overlapping cliques. Such methods
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(a)

(b)

Fig. 3 Community discovery approaches. a Hard partitioning profiles and b Cliques in the user graph

have been used almost exclusively for the discovery of community models from the
item graphs (e.g. Mobasher et al. 2002; Paliouras et al. 2000; Perkowitz and Etzioni
2000). Highly connected subgraphs of the item graphs naturally represent community
models that can be used directly for personalization. In the clustering terminology
used above, the objective that is maximized is the “similarity” among items in a community model cmi j = Ti j ⊂ Ti , i.e. Ri (til , tim ), til , tim ∈ Ti j . The “dissimilarity”
of items in different models is not usually maximized, leading often to highly overlapping sets. These methods are closely related to the popular frequent itemset data
mining approach (Agrawal et al. 1993). According to this, user sessions are treated
as customer transactions and the goal is to identify item subsets Ti j ⊂ Ti (itemsets)
that co-occur frequently in the transaction set, i.e. Ri is defined as a simple co-occurrence frequency. Frequent itemset approaches have been used widely for Web usage
mining and community model discovery (Mobasher 2007). In contrast to clustering,
these approaches emphasize the scalability to large sets of usage data and the flexibility of the discovery process. In some cases, specialized query languages have been
developed for this purpose (Spiliopoulou and Faulstich 1998).
As exemplified in Fig. 2a, items define the dimensions of the space in which user
clusters are sought. Similarly, item clusters are sought in the user space. Interestingly,
the two views have also been combined to improve the community discovery process (e.g. George and Merugu 2005). Most frequently, the dimensions of the item
space, i.e. all items, are too many and are thus reduced, in order to improve the
computational performance of user community discovery. Beyond the discovery of
item subsets (e.g. O’Connor and Herlocker 1999), traditional dimensionality reduction
methods, such as Principal Component Analysis, have been employed for that purpose
(e.g. Sarwar et al. 2000). According to these methods, the set of item dimensions Ti
is mapped onto a reduced set of dimensions
Di that are linear combinations of Ti , i.e.

each din ∈ Di is defined as din = m=1..|Ti | wim × tim , tim ∈ Ti . The aim of the
dimensionality reduction algorithms is to achieve this compression with the minimum
possible loss of information. As a result, the same communities can be discovered
more efficiently in the reduced space defined by Di .
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Particularly interesting are the methods that associate Ti and U Ci probabilistically with Di , i.e. each tim ∈ Ti and ucil ∈ U Ci has a probability of occurrence,
Pr (tim |din ), Pr (ucil |din ), given a latent dimension din ∈ Di . Due to the probabilistic association of users and items with latent dimensions, Di can be thought as a set
of communities. The probability Pr (ucil |din ) provides the membership of users to
the community, while Pr (tim |din ) is a probabilistic model of the community. Several
generative models have been proposed for these probabilities. Two of them, namely
probabilistic latent semantic analysis (Hofmann 1999) and latent Dirichlet allocation (Blei et al. 2003) have been used for dimensionality reduction on usage data and
subsequent discovery of communities (Hofmann 2004; Jin et al. 2004; Marlin 2003).
The use of probabilistic approaches to dimensionality reduction provides a natural
modeling of overlapping communities. Each user and each item belongs in each latent
community model to a certain degree, provided by the corresponding conditional
probability. Probabilistic clustering methods adopt a similar model to probabilistic
dimensionality reduction methods. Given a user community U Ci j ⊂ U Ci , each user
ucil ∈ U Ci belongs to the community with a certain probability Pr (ucil |U Ci j ). Furthermore, each item tim ∈ Ti has a certain probability Pr (tim |U Ci j ) of belonging to
the model of the community. These probabilities are estimated from data with the same
methods that are used for probabilistic generative models mentioned above, e.g. the
Expectation-Maximization algorithm or Gibbs sampling. In addition to probabilistic
approaches (e.g. Ungar and Foster 1998), fuzzy clustering methods have also been
used for the discovery of overlapping communities (e.g. Nasraoui et al. 2000). Fuzzy
methods model user communities as fuzzy sets, in which each user belongs to a certain
degree.
Given a probabilistic assignment of users to communities, a separate model can
be constructed for each individual, as a function of all community models and the
degree to which the user belongs in each community. This community-based model
of the user, ucmil , is different from the user’s profile, ucil , which stores the history of
the user’s interaction with the system. More specifically, for a user ucil ∈ U Ci , and
for a given clustering UC i = {U Ci j }, the model of the user is defined as a function
of the models of the communities CMi = {cmi j } and the corresponding probability
assignments for the individual Pril = {Pr (ucil |U Ci j )}, i.e. ucmil = gi (CMi , Pril ).
The function gi can be defined in various ways:
- ucmil = gi (CMi , Pril ) = cmi j , such that argmax j Pr (ucil |U Ci j ), i.e. the model
of the “closest” community to the user. Following the example of Sect. 3.2, this
could be the set of pages {“p13”,“p14”,“p15”}, together with the corresponding
probabilities estimated for the community.
- ucmil = gi (CMi , Pril ) = Pril × CMi , i.e. a weighted mixture of all community
models.
k
- ucmil = gi (CMi , Pril ) =
j=1 Pr (ucil |U Ci j ) × cmi j , such that top-k j
Pr (ucil |U Ci j ), i.e. a weighted mixture of the k community models that are “closest” to the user.
A special case of the k closest models is to consider each user as a separate cluster, i.e.
each community U Ci j = {uci j } consists of a single user. In that case, the model of
a user can be calculated as a mixture of the k closest communities, which are also in
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this case individual users.
This mixture can be weighted by the similarity of the users.
In other words ucmil = kj=1 Ri (ucil , uci j ) × uci j , such that top-k j Ri (ucil , uci j ).
This is the k-nearest neighbor approach to community modeling, which has been
particularly popular for collaborative filtering (e.g. Herlocker et al. 1999; Hill et al.
1995; Shardanand and Maes 1995). According to this approach, the aggregation of
information from different users is only done locally and individually for each user.
No pre-computation of clusters is necessary, although dimensionality reduction in the
item space is often used for reasons of computational efficiency.
4 Community-based personalization
Collaborative filtering and recommendation have been the most widely-adopted types
of personalization in commercial Web applications. According to this approach, a
user is recommended items for viewing or purchase, based on the interest shown
about these items by other similar users, i.e. the corresponding community. This is
a general description of recommendation that can be specialized, according to the
definition of the item and its use in the construction of the community model. Beyond
collaborative recommendation, there are other types of Web personalization, where
communities are of interest. The following categorization of personalization functions
is proposed in Pierrakos et al. (2003):
Memorization: User salutation, Bookmarking, Personalized access rights.
Guidance: Recommendation of hyperlinks, User tutoring.
Customization: Personalized layout, Content customization, Customization of hyperlinks, Personalized pricing scheme, Personalized product differentiation.
Task performance support: Personalized errands, Personalized query completion, Personalized negotiations.
With the exception of the basic memorization functionality, user communities have
been used in each of the other three main types of personalization. The rest of this section highlights various interesting aspects of applying user communities to the Web,
in order to illustrate their potential for Web personalization.
Depending on the application, collaborative recommendation would be classified
under the categories “guidance” or “customization” above. A large variety of products
and services that are offered on the Web have been the objects of recommendation.
The most well-known and widely-used example is movies, due to the early work of the
GroupLens project1 and the very useful datasets that the GroupLens team have made
publicly available. The role of amazon.com and their early adoption of recommendation for their electronic market (Linden et al. 2003) has also been catalytic. Starting
with books, they have made recommendation an integral part of their marketing strategy, which includes now a large variety of products. For each item being viewed by the
site visitor, a range of other products are being advertised in a personalized manner.
Thus, the electronic shop is being customized to the preferences of customer communities. The successful case of amazon.com has strongly affected the adoption of
1 http://www.grouplens.org/.
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recommendation by a variety of other businesses, ranging from music shops to travel
agents and financial service providers. Thus, numerous successful applications have
been presented in the literature (e.g. in Schafer et al. 2001; Wei et al. 2007). Due to its
effectiveness, targeted personalized advertisement is now also widely used, even by
search engines (Schroedl et al. 2010).
The nature of the items that get recommended plays an important role in the personalization process. In Sect. 2, we have assumed that items are only identified by a
label and that no other information about them is available. In reality, though, this is
hardly ever the case, as the items can have quite a rich description. For instance, in
the classical example of movies, there are rich online descriptions of movies, e.g. in
the Internet Movie Data Base.2 The same is true for books and most of the other
products of amazon.com and other online shops. Given the importance of this information, there are various proposals on how recommendation systems can make use
of it:
Feature-level profiles: User profiles can be expressed at a sub-item level, e.g. the
interest of a user about an actor, rather than a movie, can be stored in the user’s
profile. In many cases, where the item features are extracted from a database, this
process is straightforward. However, there are items, for which feature extraction
is non-trivial. For example, multimedia files for songs, images and movies require
special software for the extraction of meaningful features.
Semantic item descriptions: The extraction of low-level features, particularly for multimedia data, is likely to make the user profiles incomprehensible and the data too
sparse for community discovery algorithms. Therefore, a more condensed and meaningful representation of the items at a semantic level is preferable. This may take
the form of meta-data annotations that are added manually to the multimedia items,
e.g. the title of a movie or the genre of a song. Furthermore, recent research on the
extraction of semantics from multimedia, on the basis of ontological descriptions,
is very interesting (e.g. Naphade et al. 2006; Snoek et al. 2006). Ontologies provide
a principled and machine-processable way to annotate content and are becoming
increasingly popular in recommender systems (e.g. Burke 2007; Middleton et al.
2009; Mobasher et al. 2004). Especially since the advent of the semantic Web, several domain ontologies have been developed and are publicly available.3 It is worth
noting that ontologies formed the basis of user modeling, since the early stages of
the field, when most of the proposed methods were driven by knowledge, rather
than data (e.g. Rich 1979).
Semantic item relations: Beyond the semantic description of items, ontologies define
relations among items. The simplest kind of such a relation is a taxonomy of item
categories, which is common in electronic stores and other Web sites. This information can be used to enrich the user profiles, reduce the dimensionality of the data
and even modify the manner in which the similarity between users and items is
being estimated. Taxonomies can extend beyond individual Web sites to the whole

2 http://www.imdb.com/.
3 A search engine for ontologies is available at http://swoogle.umbc.edu/.
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Web (Pierrakos and Paliouras 2010), while ontologies can provide non-taxonomic
relations that are particularly interesting for personalization (Tao et al. 2007).
Beyond online businesses, user communities have been used for recommendation in
a variety of other environments. Libraries (digital or not), museums and other cultural applications are among the most interesting ones (e.g. Ardissono et al. 2012;
Kim and Fox 2004). In those environments, innovative interaction modes of the
user with the system are often being researched, introducing various challenges to
the recommendation process. Guiding tourists through the cultural points of interest in a city (Fink and Kobsa 2002) or museum visitors through the exhibits (van
Hage et al. 2010) are just two such examples. In those cases, where the physical environment blends with the digital back-end, aspects such as the modeling of
space and time become important for the recommendation process. Detailed tracking
of the users’ behavior can provide rich data for user modeling, such as where the
users stop and for how long, what they choose to see and what to skip (Stock et al.
2007).
Furthermore, recommendation is not always driven by the interest of the user, but
may be based on the user’s expertise or special needs. Research on education systems
is a good example where the role of interest is smaller, while the educational needs of
the student and the targets of the teacher become much more important. User communities can play an important role in the guidance of the student through the teaching
material and a variety of approaches have been proposed for the teaching of courses
online (e.g. Anaya and Boticario 2009; Desmarais and Baker 2012; Mitrovic 2012;
Zhuge 2009).
Educational systems are also interesting as an example of the overlap between the
“guidance” and “task performance support” categories. This is because, much of the
teaching process involves the completion of tasks and guiding the student often helps
towards this goal. However, there is a number of other interesting task performance
applications, where user communities can play an important role. Personalized search
is one such example with great commercial interest, due to the continuous efforts of
Web search companies to improve their search results. User communities can help
in personalizing search results, often through the expansion of user queries (Almeida
and Almeida 2004; Cui et al. 2003; Smyth 2007).
Finally, there are interesting applications of user community modeling that employ
“customization”, as a means to personalization. One of the early efforts in this direction was the development of adaptive Web sites (Perkowitz and Etzioni 2000). Most of
this work has focussed on the selection of hyperlinks to propose to the user for further
navigation through the Web site. This approach has been employed in a variety of
personalized online systems, including educational ones (e.g. Farzan and Brusilovsky
2006; Zhuge 2009). It resembles collaborative recommendation, as the hyperlinks
are recommended to the user. Another interesting attempt in the direction of “customization” was the personalization of product pricing, which however has raised a
significant ethical controversy in the past.4

4 http://www.wired.com/techbiz/media/news/2000/09/38622.
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5 User communities in the social Web
In recent years, we have experienced the move from the “old Web” to the “social Web”.
The social Web has been facilitated by technological advances in the interaction of the
users with Web resources (a.k.a. Web2.0 technologies) and has facilitated, in turn, two
important social developments, termed social media and social networks. Social media
or user-generated content represents the wide-spread participation of Web users in the
generation of content, which has now become more volatile than ever before. On the
other hand, social networks are typically Web sites that support the active networking
of users, much in the spirit of Web-based communities, as presented in Sect. 2. Usually,
social networks provide their users with the means to generate and share content and
are thus considered the essence of the social Web. A well-known example of this
combination of content generation and social networking is twitter.com, which is also
among the most popular social Web sites. However, there is a wide variety of content
that is nowadays shared using social Web applications, including pictures (flickr.com),
video (youtube.com) and modern art (http://young.tate.org.uk/community).
Despite the fact that the ideas of social networks and social media are not new, the
social Web has brought these ideas to the non-expert user. In fact, these extensions
have widened considerably the user base of the Web to include people who had very
little or no experience with computers. As a result, users who would stereotypically be
content consumers have started contributing to the social Web, becoming active Web
users.5 By eliminating the distinction between consumers and producers, the social
Web forces the redefinition of the different types of community, presented in Sect. 2,
and introduces a new interesting type of community made of active users. Section 5.1
approaches active Web user communities, using the three types of community of Sect. 2
as a starting point, while Sect. 5.2 presents interesting challenges and opportunities
for their discovery.
5.1 Active Web user communities
As briefly mentioned in Sect. 2, social networks can be considered the natural descendants of Web-based communities and community networks. As such, they bear similarities to those earlier approaches, like the goal of linking people with common interests
or needs. A further similarity is that they are hosted by single sites, rather than linking
different nodes of the Web. This is partly due to the business models of the social
network sites and partly due to technological developments, such as cheap storage,
that have facilitated the development of very large Web applications. However, social
networks also have significant differences from their predecessors (Boyd and Ellison
2008), among which are:

5 An alternative term that is often used is prosumer, combining the terms producer and consumer. We

do not use this term here, because it is also used in a slightly different context to denote the professional
consumer.
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Fig. 4 Active Web user communities in a social Web site

– Their much larger user base.
– The diversity of their user base and their detachment from particular themes or
geographic locations.
– The fact that people link to each other, but do not necessarily join predefined
groups. A social network is a graph, in the sense of the Web itself, rather than a
group of people.
– Their more participatory nature that turns passive consumers into active users, who
provide content and information of many new and interesting types.
As a result, the role of active user communities is different from Web-based communities. If we assume that si ∈ S is the Web node of a social network and U Ai is the set
of active users of this network, a community of active users is a subset U Ai j ⊂ U Ai ,
rather than U Ai itself (Fig. 4). The set of active users U Ai is usually too large and
diverse to be considered as a user community, on which to build personalization functionality.
Definition 5 (Active Web User Community) A subset U Ai j ⊂ U Ai of active users of
a Web site si ∈ S, usually a social network.
Due to the fact that social networks are graphs, a natural choice is to model user communities as Web communities, i.e. as subgraphs of the social network. Although the
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analogy is technically very appealing, from the view of user modeling the two graphs
are very different. Web communities, as per Definition 2, are subgraphs S j ⊂ S of
the Web, where each individual node si ∈ S j is a Web site, created by a set of content
producers U Pi and visited by a set of consumers U Ci . In social networks, the association of each node with a real user is much more direct and each community is a set
of active users U Ai j . Being a true user community, this type of community is much
more valuable to personalization than a Web community.
Thus, the definition of active user communities as sets of users of the social network
leads naturally to the concept of Web user communities. However, there is an important new element in the social Web that makes active user communities much more
interesting for personalization than traditional user communities. This is the manner
in which users participate in the creation of the social network and the content therein.
In the social Web, users provide much richer information about their preferences and
needs, than what the logs of a traditional Web server could reveal. They choose their
neighbors in the network, they publish their own content, they rate and tag content
that other people have provided and participate in a number of online activities. Thus,
the simple representation of user activity in terms of a user profile ucil that stores the
level of interest of the user for each of a set of items Ti is not sufficient any more. This
change introduces a number of interesting challenges for user community discovery,
as explained in Sect. 5.2 below.
At the same time, due to the rich interaction of the users with the system, the
opportunities for personalization have also increased substantially. Recommendation
of interesting items is but one of the many choices that can be explored. Personalization can affect the content that the user will consume or generate, the activities in
which the user will participate and it can even affect the structure of the network, by
suggesting potentially interesting new links. The discovery of active user communities
can play an important role in this process.

5.2 Discovering active user communities
Section 5.1 has illustrated how the three very different types of community that were
introduced in Sect. 2 come together in the context of the social Web to support the new
concept of active Web user communities. It has also indicated that this development
introduced challenges and opportunities for the research field of community discovery.
In this subsection, we briefly review the most influential approaches to the discovery
of active user communities and highlight some interesting aspects of the problem that
have not been examined sufficiently so far.
Most of the work on community discovery in the social Web so far involves graphbased methods that have been used in the past for discovering either Web communities
or Web user communities. They view the network as a graph of users, and try to identify
efficiently the subgarphs, e.g. cliques or connected components, that suggest communities. Examples of such approaches can be found in several recent papers (e.g. Chen
et al. 2010; Du et al. 2008; McDaid and Hurley 2010). The emphasis of this work
is on the graph analysis method, which needs to be efficient, due to the large size of
the graph, while at the same time producing useful communities. The same methods
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are applicable to various different types of network, ranging from biological to telecommunication networks, where the notion of community plays an important role. An
extensive survey of such methods can be found in Fortunato (2010).
The main issue with the graph-based approaches is that they tend to ignore all other
information that is present in a social network, apart from the explicit links between
users. One notable exception to this is the work on community detection in social
tagging systems, also known as folksonomies, e.g. delicious.com. Community discovery in folksonomies is based on tri-partite associations between users, items and
tags. This tri-partite view of the users already introduces challenges to the common
community discovery methods that are based on simple two-dimensional user profiles
(Table 2). The main technical challenge is the sparsity introduced in the data, as the
dimensionality of the search space increases. The simple user-item matrices increase
by one dimension, due to the tags added by users to the items. A number of methods have been proposed for community mining in folksonomies (Jäschke et al. 2007;
Kashoob et al. 2010; Parra and Brusilovsky 2009; Siersdorfer and Sizov 2009) and a
new interesting approach, called tensor mining has been developed (Sun et al. 2008;
Symeonidis et al. 2008) for dealing with the tri-partite aspect of the problem. Tensors
are multidimensional matrices that attempt to capture all aspects of the data, i.e. users,
items and tags in the case of folksonomies. Data mining methods for tensors primarily
attempt to reduce the dimensionality of the data, in order to make the datasets more
dense and reveal significant patterns.
On the other side of the social Web, there are some methods that attempt to discover
communities based on social media. Most of these methods have focused on Weblogs,
treating them in many cases similarly to Web pages, i.e. building a graph of blogs
that link to each other (Zhou and Davis 2007). However, there are also attempts to
combine this basic network structure with other information that is provided by the
active Web users, such as the exchange of comments and responses among them (Lin
et al. 2007) or the interest shown by users for the content created by others (Seth et al.
2010). In a similar vein, the content generated in social networks has started being
used to identify “missing links” in the network (e.g. Caragea et al. 2009).
These attempts illustrate the direction in which the growth of the social Web is pushing community discovery research. Traditional approaches are too limited, because
they cannot model adequately the complex, multidimensional participation of active
users in social networks and social media. The discovery of active user communities
may be based on any and all of these dimensions of the users’ activity. Thus, we
need discovery methods that can work on structured data, which are also highly interconnected and potentially very large. The tensor methods, mentioned above, are one
step in that direction. A different approach is the use of statistical relational learning
methods (Xu et al. 2010) and probabilistic topic models (Pathak et al. 2008), which
facilitate the discovery of communities on the basis of complex and potentially latent
relations among users. Probabilistic topic models, such as probabilistic semantic analysis and latent Dirichlet allocation that were mentioned in Sect. 3.3, can be used to
discover community models that bridge different aspects of the data, e.g. users and
items, while relational learning methods support the refinement of existing knowledge about the domain, e.g. in the form of an ontology, with the analysis of relational
data. Despite their appealing properties, though, these complex probabilistic models
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are not suitable yet for the size of the data generated in social networks. Therefore,
considerable research is still needed to turn them into practical tools for discovering
communities of active Web users. One of the ways for restricting the complexity of
the problem is the use of background knowledge, e.g. domain ontologies, which is
naturally accommodated by relational models.
6 Concluding discussion
This article provided a quick overview of the use of communities in personalization in
the past 20 years, positioning it in the broader context of Web community research. It
has emphasized the importance of user community discovery methods in Web personalization and presented the main lines along which research in this field has progressed.
Most importantly, it has revisited the definition of communities in the context of the
social Web and proposed the concept of active Web user communities, as communities
of users who participate actively in the creation of Web content and in related social
activities. Given the socioeconomic importance of the move to the social Web, it is
foreseen that this new type of community can shape much of the research in Web
personalization in the coming years.
The discovery of active user communities has been researched in the past few years,
albeit mostly with old tools that cannot address the complexity of the new environment. This article has presented some of the challenges that need to be tackled, in
order to attain suitable community discovery methods. Most importantly, the multidimensional nature of user activity needs to be modeled adequately in the discovery of
communities.
Beyond the need for new knowledge discovery methods, communities in the social
Web, introduce new opportunities for personalization. Even the most common types
of personalization, i.e. recommendation and filtering, can take several new forms in
social networks and social media, such as the recommendation of new friends, the
discovery of opportunities for content creation, the filtering of the prolific sources of
user-generated content, etc. Furthermore, less popular types of personalization, such
as tutoring and task performance support are likely to become more important, due
to the diversity of complex social activities that take place in social networks, e.g. the
various new types of online games. Thus, the social Web and its communities bring
about new ideas for personalization services that can make the Web even more useful
and interesting.
Among the expected developments that are likely to affect the formation and discovery of active user communities is also the move from single-site to multi-site social
networks. An early step in this direction is the interconnection of popular networks and
social media sites, e.g. using the OpenID6 initiative. OpenID is a distributed and general authentication protocol that allows users to use the same id across different social
Web services. As this interconnection becomes commonplace, the move from one
site to another will become as easy as browsing the old Web, despite the requirement
for registration. Therefore, active user communities across sites are likely to become
6 http://openid.net/.
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stronger and their discovery will provide new opportunities for personalization. One
could claim that this is a step towards the Web of People (Berners-Lee 2000), where
Web sites start disappearing and the Web starts taking the form of a human society.
This is also strengthened by the disappearance of the computer itself and its replacement with a range of human-friendly mobile devices that blend ubiquitously with
our everyday life. In this new environment, active user communities take the form
of “traditional” communities, enabled and driven by communication and information
technology.
Despite the excitement that these developments cause to both technologists and
social scientists, skepticism is also growing quickly, raising a number of important
issues. Privacy, trust and security are perhaps the most pressing of these issues. During
the advent of social networks, we have witnessed an increased willingness to share private information that has surprised personalization researchers (Toch et al. 2012). This
was partly due to the perceived reward for individuals who were willing to provide this
information and partly due to the lack of awareness among many of the new users of
the Web. There were also some technological advancements that have eased concerns,
which however cannot catch up with the social change that the new Web is causing.
This is evident by the number of illegal, offensive or simply annoying activities that
are brought to light daily. Concerns are likely to increase further, as the integration
of social Web services advances, e.g. different social networks sign agreements for
data sharing. Privacy issues may thus become more serious and even damaging to
the technological and social developments mentioned above. In most cases, this is an
opportunity for new technologies and new business models, e.g. the recent Diaspora
open-source project.7 Being based on knowledge about the user, personalization is
affected by these developments. Community-based personalization can be part of the
solution to some of these problems, as it emphasizes the importance of social activity,
rather than private information.
Another important source of concern is the special status of some users in the social
networks. The role of power users and whether they act as facilitators or inhibitors to
participation in the social Web is an issue of active research (Kittur et al. 2007; Nazir
et al. 2008). Furthermore, the role of businesses, professionals and other organizations
in some social networks is an issue (Kim 2010). These issues have been addressed in
our society and as we move towards the Web of People, they are likely to find their
on-line equivalents. Nevertheless, the effect of technology to this new society cannot
be ignored as it may differentiate significantly any solution that will be sought. Again,
the formation of communities, based on common characteristics, interests and goals,
may help in overcoming some of these problems, much in the way in which it does in
our society.

7 http://www.joindiaspora.com.
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