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Abstract. Provision of personalized services to users requires accurate model-
ing of their interests and needs. This paper proposes a general framework and 
some precise methodologies to enhance the accuracy of current user modeling 
in personalization systems by importing and aggregating data collected by other 
personalization systems. Such a process is defined as user models mediation. 
The paper discusses the details of such a generic user modeling mediation 
framework. It provides a generic user modeling data representation model, 
demonstrates its compatibility with existing personalization techniques, and 
discusses the general steps of the mediation. Specifically, four major types of 
mediation are presented: cross-user, cross-item, cross-context, and cross-
representation. Finally, the paper applies the proposed framework and illus-
trates it with two practical mediation scenarios. Evaluations of these scenarios 
show that the mediation of user modeling data is practical and highly benefi-
cial, as it allows upgrading the quality of the personalization provided to the 
users. 

1   Introduction 

During the last decade, the quantity of potentially interesting items, products or in-
formation services available on the Web has been growing rapidly and now exceeds 
human processing capabilities  [34]. Moreover, there are many information search 
situations where the users would like to choose among a set of alternative items or 
services, but do not have sufficient knowledge, capability or time to make such deci-
sions. As such, there is a pressing need for intelligent systems that advice users while 
taking into account their personal needs and interests, and deliver tailored service in a 
way that will be most appropriate and valuable to the users. This type of system is 
referred to in the literature as a personalization system  [41].  

Whatever the specific technology exploited by a personalization system, it can pro-
vide high quality personalized services to users only after having modeled their pref-
erences. This information is referred to in the literature as the User Model (UM)  [29]. 
The task of collecting the user modeling data can be performed in two ways: (1) ex-
plicit – through provision of the required information by the user, or (2) implicit – 
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through applying various reasoning mechanisms that infer the required information 
based on the user's observable behavior  [24]. The explicit collection of user modeling 
data is considered to be a time- and effort-consuming task, typically avoided by the 
user. Alternatively, the implicit collection involves automated reasoning mechanisms, 
which can misinterpret user behavior. In practice, the explicit and implicit approaches 
may also be combined  [32]. 

In general, the quality of personalized services provided to the user depends 
largely on the characteristics of the UMs, e.g., how accurate it is, what amount of 
information it stores, and whether this information is up to date. Hence, as a general 
rule, the more information is stored in the UM, i.e., the more knowledge the system 
has obtained about the user, the better the quality of the personalization will be. In 
this context, quality refers to the capability of the system to suggest exactly those 
products or services that the user will select and purchase, or to predict correctly 
those items that the user will like. In practice, obtaining sufficient user modeling data 
to deliver high quality personalization is difficult. This issue is especially important at 
the initialization stages, where all the existing personalization techniques face the 
bootstrapping problem, i.e., a situation where the information about the user and/or 
items does not suffice to provide high quality personalized services  [33].  

For example, consider recommender systems  [46], as a typical example of person-
alization systems. These systems provide users with recommendations about items or 
products they may like. They generate personalized recommendations (i.e., recom-
mendations tailored to the user), by exploiting various knowledge sources, including 
information collected during past interactions with a community of users searching or 
providing recommendations, and the evaluations of those recommendations. Research 
of recommender systems started over a decade ago and yielded a wide variety of 
recommendation techniques, such as content-based filtering  [40], collaborative filter-
ing  [22], knowledge-based  [14] and utility-based  [35] recommendations and their 
multiple hybridizations  [15]. These techniques are widely discussed in the literature 
and in several surveys of the state-of-the-art recommender systems  [51],  [39],  [3]. 

When analyzing current recommender systems, one can show that in the vast ma-
jority of these systems, every service provider runs an independent recommender 
system, building and maintaining a proprietary collection of UMs  [39]. In particular, 
this means that the collected user modeling data are tailored to: 1) the specific content 
(product categories) offered by the recommender system, e.g., movies  [23], music  [4], 
news items  [16], tourism planning  [47], and so on, and 2) the recommendation tech-
nique being exploited by the system, e.g., collaborative filtering  [26], content-based 
filtering  [40], demographic filtering  [31], or one of their hybridizations  [15]. Thus, a 
large amount of heterogeneous (and possibly partially overlapping) user modeling 
data are scattered among various systems. 

In general, practical personalization systems (especially commercial ones) neither 
allow other external personalization systems to access them, nor share their proprie-
tary user modeling data. However, it can be hypothesized that personalization sys-
tems could benefit from enriching its user modeling data by importing and aggregat-
ing user modeling data collected by other, possibly related, systems, and therefore 
provide better personalized services to the users. This can be achieved through a 
process that referred to as the mediation of UMs  [6].  



The idea of UMs mediation raises a number of issues. The first one refers to the 
nature of the information market, and its business models. Due to commercial compe-
tition, real-life personalization systems currently do not cooperate, and do not share 
their user modeling data. In  [2], the authors point out that typical personalization 
systems are either provider-centric (i.e., each provider has its own personalization 
engine to tailor its content to consumers) or market-centric (i.e., providing personal-
ization services for a specific marketplace in a particular industry or sector). The 
authors claim that the lack of technical data sharing solutions in the existing personal-
ization systems is mainly explained by business limitations to the exchange of user-
related information among competing parties in the same market.  

The second issue is guaranteeing customer privacy. UMs built by a certain person-
alization system may contain customers' private and sensitive information, that the 
user would not like to be disclosed to other systems, and possibly to untrusted parties 
 [17]. For this reason, many personalization services that store sensitive information 
about their users declare in their privacy policies that no personal information stored 
by the system will be transferred to other parties  [55]. As a result, they are not al-
lowed to transfer information stored in their UMs to other systems. 

The third issue is related to the structural heterogeneity and incompleteness of the 
user modeling data. As mentioned earlier, every personalization system refers to a 
specific application domain, and the services are provided using a specific personal-
ization technique, which implies also specific UM representations. The lack of a 
standard representation for the UMs, jointly with specific representation, storage and 
access requirements imposed by various personalization techniques, results in the 
systems collecting user modeling data in different, ad-hoc forms. This heterogeneity 
causes several problems: various techniques may store the preferences of the same 
user in different forms; the information in different systems may be conflicting or 
outdated, and may be influenced by various cross-lingual and cross-culture depend-
encies; and so on. All these heterogeneities aggravate the mediation task, since it 
must support the integration and resolution of inconsistencies and conflicts among the 
user modeling data obtained from various systems  [19].  

This work focuses on resolving only the heterogeneity issue. The reader is referred 
to  [8] for a discussion of privacy-preserving data exchange methods in personaliza-
tion systems and to  [44] for a discussion of integrated business models for personal-
ization systems. 

This paper discusses the details of a generic framework for the UMs mediation. 
Initially, it provides a generic data representation model, allowing various aspects of 
the personalization process to be expressed: users, items, contexts, and the personal-
ization evaluation. Then, it describes several instantiations of the model, demonstrat-
ing its compatibility with some state-of-the-art personalization techniques. The paper 
proceeds with a discussion of one of the main problems of personalization systems: 
the sparseness of the UMs, which foils provision of accurate personalized services to 
the users. To overcome the sparseness problem and enrich the UMs stored by the 
personalization system, it is proposed to apply the mediation of UMs  [6], i.e., to im-
port user modeling data collected by other systems and to aggregate them using vari-
ous reasoning and inference mechanisms.  



Then, the UMs mediation process is comprehensively discussed. In here, the gen-
eral steps of the mediation are described and four major types of mediation that can 
potentially be applied are defined: cross-user, cross-item, cross-context, and cross-
representation (including two subtypes of the latter) mediations. Then, the paper show 
two practical examples and the results of empirical evaluations of two mediation 
mechanisms: the generalized cross-items mediation  [11] and one subtype of cross-
representation mediation  [7]. Both results clearly show that the mediation of user 
modeling data is practical and highly beneficial, as it allows the quality of the person-
alized services provided to the users to be upgraded.  

Finally, the paper presents current conclusions that can be drawn and discusses fu-
ture veins of research on cross-context UMs mediation. Since state-of-the-art person-
alization systems mostly ignore the context-awareness issue (and are therefore very 
limited when required to provide context-aware personalized service), this mediation 
type cannot be applied. However, provision of context-aware personalized services is 
nowadays becoming one of the important research directions in personalization sys-
tems  [48]. The feasibility of context-aware personalization immediately leads to a 
need for context-aware user modeling and cross-context mediation of UMs. Hence, 
the paper advocates the importance and future potential of cross-context mediation 
and describes several practical scenarios for performing this mediation. 

2   Data Representation Model 

Nowadays personalization systems base the warehousing of their UMs on a general 
two-dimensional representation typically referred to as the ratings matrix. The two 
generalized dimensions of this representation are the users and the items. These di-
mensions are referred to as generalized because they may be described by a number 
of specific features. Hence, if the user is described by n features and the item by m 
features, the space of all possible user and item pairs is described by an n x m dimen-
sional space. When the users and the items are described by their unique identities 
only, one typically refers to a matrix to represent the ratings (evaluations) given by 
the users to the items. Ratings are given on a predefined scale and could be given in 
an explicit or implicit way. Explicit ratings are typically provided by the users, while 
implicit ratings are inferred by the system through observing user behavior indicators. 
For example, if the user bought the recommended product, the system implicitly in-
terprets it as a positive rating.  

When the users and the items are described by a set of features, the ratings matrix 
is still referred to as the description of the ratings given by users to items. However, 
in fact, such a matrix is a high dimensional matrix, i.e., it is a function R'gen from the n 
x m dimensional space of Userfeat x Itemfeat to a set of ratings:  

R'gen: Userfeat x Itemfeat  rating. 
In the above definition Userfeat represents the users, Itemfeat represents the items, and 
rating represents the ratings given by the users to the items.  

In fact, this function is not defined for all the possible user and item pairs, i.e., the 
system may not know the rating value given by a user to all the items. This is typi-
cally denoted by adding to the rating values a special symbol, such as '?', to denote a 



missing rating value. In fact, the goal of a personalization system is, given a user u 
that requires a personalized service, e.g., a recommendation: (1) to guess the rating 
value for some item i, which the user has not previously rated, and (2) to suggest 
those items having maximal predicted rating  [1]. Moreover, it should be stressed that, 
although the fundamental R'gen function is originally defined as a two-dimensional 
matrix, both of its basic dimensions Userfeat and Itemfeat can be described using a 
multidimensional representation by a set of features. Given this definition of UMs 
warehousing, a single UM, i.e., the model of a concrete user, is considered as a set of 
the R'gen contents restricted to values of the features of this user. 

This general representation R'gen is applicable to a wide variety of state-of-the-art 
personalization techniques. Now, the warehousing of UMs for the most common and 
well-known personalization techniques will be briefly presented. Note that the rest of 
this section mostly focuses on recommendation techniques, as typical representatives 
of personalization techniques. 
• In collaborative filtering  [26], the two-dimensional ratings matrix RCF is repre-

sented by: 
RCF: Userid x Itemid  rating, 

where Userid and Itemid are the unique one-dimensional identifiers of, respec-
tively, users and items, and rating is the rating given by the user to the item. In 
this case, the UM is represented by a set of ratings given by the users, and is re-
ferred to in the literature as the ratings vector. For example, consider the follow-
ing ratings matrix RCF={ ((Alice, "The Lord of The Rings"),1), ((Alice, "The Ma-
trix"), 0.8), ((Bob, "Psycho"), 0.2), ((Bob, "Friday the 13th"), 0) }, representing 
the ratings of two users, Alice and Bob, given on a continuous scale of ratings 
between 0 and 1. Note that in this example all the pairs, where the rating is un-
known ((u,i),?) have been omitted. Typically, collaborative filtering systems do 
not store any additional information about the features and content characteristics 
of users and items, besides their identities.  

• In content-based filtering  [40] the two-dimensional ratings matrix RCB is a simpli-
fied variant of the matrix, represented by: 

RCB: Userid x Itemfeat  rating, 
where Userid represents the unique identifier of the users, Itemfeat represents a 
feature space describing the item's features, and rating represents again the user's 
ratings to the items containing the feature. In this case, the UM is represented by 
a set of ratings given by Userid to certain Itemfeat values, originated by the de-
scriptions of items. For example, content-based ratings matrix RCB from the pre-
vious example is RCB={ ((Alice, "The Lord of The Rings", science-fiction),1), 
((Alice, "The Matrix", science-fiction), 0.8), ((Bob, "Psycho", horror), 0.2), 
((Bob, "Friday the 13th", horror), 0) }. In this example, each movie is described 
by an additional content-related feature, the genre, taking in these examples the 
two values "horror" and "science-fiction". It can be observed that in content-
based personalization systems the raw UMs comprise the ratings of the users to 
the items described by a set of features, but this information is then typically used 
to build a refined model that depends on the classifier technique. For instance, if 
the system is based on a Naïve Bayes classifier, the UMs are given by a set of 
probabilities linking the feature values to the ratings, and if it is based on a cen-



troid, the UMs are described by the set of weights for the features describing the 
item  [43]. 

• In demographic filtering  [31], the two-dimensional matrix Rdem is represented by: 
Rdem: Userfeat x Itemfeat  rating, 

where Userfeat is a set of features describing certain demographic characteristics 
of a group of users to which the user belongs, Itemfeat represents either the unique 
identity of the item or a set of features reflecting item's content, and rating repre-
sents the respective rating. In this case, the UM is represented by a combination 
(userfeat, itemfeat) and the ratings provided by the user described by userfeat to the 
items, containing itemfeat. For example, Rdem of the users Alice and Bob from pre-
vious examples is Rdem={(female, science-fiction), 0.9), ((male, horror), 0.1)}. In 
this example it should be pointed out that the very notion of user and item can 
depend on the personalization technology. Here, for instance, the user is repre-
sented by a user prototype and is defined only by the gender feature. Similarly, 
the item is described only by the genre feature. All the previous personalization 
techniques could, in principle, adopt such generalized user and item representa-
tion, even if this has been exploited mainly by demographic approaches that gen-
eralize the user description, and content-based methods that generalize the item 
description. In fact, ephemeral systems that provide personalized services based 
only on session data exploit the generalized user description and consider all us-
ers having the same description as equal  [49]. 

In addition, also the way the ratings of the users are represented is highly hetero-
geneous across different personalization systems  [24]. Some systems store explicit 
numeric ratings given on a predefined, but not standard, scale (e.g., the scale may be 
discrete or continuous, the range of possible values may vary from one system to 
another, and so on), some store explicit symbolic ratings (e.g., positive or negative 
ratings, thumbs-up or thumbs-down, and so on), some store implicit system-specific 
feedback derived from user behavior (e.g., examining or not the recommended item, 
purchasing or not the recommended product, and so on), some store the resultant 
navigation history of the users (e.g., opening or not the recommended Web-link, 
period of time spent viewing the recommended Web-page, and so on), and others 
store the free-text feedback provided by the users. To resolve this heterogeneity and 
to refer to the wide variety of user ratings to the provided personalization in a uni-
form manner, all the possible types of feedback are generalized and denoted by 
evaluation  [37]. 

In conclusion, from the short overview presented above it is clear that in order to 
make an interoperable personalization system, exploiting the data originating from 
systems using various technologies, the heterogeneity of the user modeling data rep-
resentations needs to be dealt with.  

To start, the output of the R'gen function, i.e., the rating assigned by or predicted for 
the user to an item, which is exploited by most state-of-the-art personalization sys-
tems, is generalized into the definition of the experience of a user for an item. An 
experience is defined as an evaluation function that maps a pair, the user that experi-
enced the experience and the item experienced by the user, to an evaluation. An ex-
perience evaluation details how the user and the item are linked together. Formally, 
the experience is represented by: 



Exp: Userfeat x Itemfeat  evaluation, 
where Userfeat and Itemfeat represent the feature spaces describing user and item fea-
tures, and evaluation represents the feedback given by the user described by Userfeat 
for the item described by Itemfeat. 

For example, consider an experience e described verbally by "Alice likes science-
fiction movies". Using a simple object-oriented-like notation, this experience can be 
represented by Exp(user.name=Alice, item.movie.genre=science-fiction)=like. This 
representation of the experience shows that the evaluation of a user, whose feature 
name is assigned the value Alice for the item movie, whose feature genre is assigned 
the value science-fiction is like. 

This allows generalizing further the above representation R'gen of the ratings matrix 
to the Exp representation for UMs warehousing comprising user- and item-dependent 
representation of experiences and evaluations. Also over the Exp representation, a 
single UM, i.e., the model of a concrete user, is considered as a set of the Exp con-
tents restricted to values of the features of this user. In other words, the user model 
for user u is the range of the Exp function restricted to the user u. Moreover, the Exp 
representation of experiences allows devising the following formulation: "the person-
alization (recommendation) task is a task of predicting future evaluation of the new 
experience for a specific combination of (userfeat, itemfeat) values, based on a set of 
past experiences". In other words, the personalization is aimed at predicting evalua-
tions of the new experiences using the knowledge obtained from past experiences. 

However, the above generalization of the classical personalization problem does 
not overcome a severe limitation of the majority of personalization techniques: ignor-
ing the context of the experience  [13]. The term context has been defined several 
times in the literature. For example, it can refer to the user location, the time or the 
temperature of the day, and so on  [12], or it can be considered as the subset of physi-
cal and conceptual states of interest to a particular entity  [42]. In fact, one of the most 
comprehensive definitions of context is given in  [18]: "Context is any information 
that can be used to characterize the situation of an entity. An entity is a person, place, 
or object that is considered relevant to the interaction between a user and an applica-
tion, including the user and applications themselves".  

With respect to personalization systems,  [20] defines context as a description of 
aspects of a situation and splits the generic user context into five components: (1) 
environment context – captures the entities that surround the user;(2) personal context 
– captures the state of the user and consists of two sub-components, the physiological 
context and the mental context; (3) task context – captures what the persons (actors) 
are doing in this user context; (4) social context – captures the social aspects of the 
current user context, such as friends, enemies, neighbors, co-workers and so on; and 
(5) spatiotemporal context – captures aspects of the user context relating to the time 
and spatial extent for the user context. 

In fact, user preferences represented by the UM are generally valid only within 
specific contextual conditions, such as spatial, temporal, emotional, and other condi-
tions. That is, a user's preferences stored in the UM may change as a function of vari-
ous contextual conditions. Nonetheless, the generalized ratings matrix representation 
Exp considers an experience as a user- and item-dependent entity only, not influenced 
by the contextual conditions, which may actually affect the evaluation of the experi-



ence. For example, two experience evaluations may be defined as "Alice likes to see 
comedy movies with her friends" and "Alice does not like to see comedy movies with 
her parents". In this example, if the companion of a user is treated as a contextual 
condition, the evaluation of the same experience is positive in one contextual condi-
tion and negative in another. Hence, to facilitate provision of high quality context-
aware personalized services, the above two-dimensional (user- and item-dependent) 
representation Exp should be extended by a third general dimension, reflecting vari-
ous contextual conditions and features considered by the personalization system.  

The context-awareness issue has lead to a multidimensional warehousing of the 
UMs that captures the dependencies between the ratings and a generalized user-, 
item- and context-dependent model  [1]. This model forces the representation of ex-
periences by the two-variable function Exp, ignoring the context-awareness issue, to 
be modified, to a three-variable function ExpCA, incorporating a third dimension of 
context. Given the above generalization of ratings to the experiences evaluation, 
context-aware experience is defined by: 

ExpCA: Userfeat x Itemfeat x Contextfeat  evaluation. 
This representation, in addition to the standard Userfeat and Itemfeat features, also 

includes Contextfeat that represents the contextual conditions (or the values of the 
contextual features) of the experience. Similarly to Userfeat and Itemfeat, Contextfeat is 
also described using a multidimensional representation by a set of features. Hence, a 
specific contextual condition of the experiences is referred to as a subspace of this 
multidimensional contextual space. For instance, in the above mentioned example, 
only one contextual feature of companion out of a large Contextfeat set of contextual 
features is mentioned. When the companion feature is assigned the value of friends, 
then the evaluation is positive, and when it has the value family, the evaluation is 
negative.  

It should be stressed that modifying the representation of Exp function to ExpCA, 
i.e., incorporating the contextual features, does not have any effect on UMs ware-
housing. ExpCA is still referred to as a collection of past experiences, whereas the 
experiences are now context-aware. This representation of context-aware experience, 
ExpCA, is illustrated in Figure 1. 

 

 
Fig. 1. Representation of Context-Aware Experiences and User Model 
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in a context-aware manner, i.e., they should refer to a certain combination of userfeat, 
itemfeat and contextfeat values, and not of userfeat and itemfeat values only. 

3   Mediation of User Models for Context-Aware Personalization 

The main problem in providing high quality context-aware personalization using the 
context-aware ExpCA representation for UMs warehousing is the sparseness of data in 
the UM, i.e., the lack of sufficient user modeling data about the user in certain con-
textual conditions  [9]. The problem of data sparseness is a well-known problem of 
traditional personalization systems, which rely on only the two-dimensional represen-
tation R'gen and ignore the contextual dimensions  [33]. This problem is even harder 
when the contextual information is considered, as the initially sparse two-dimensional 
experiences are 'sliced' among multiple contexts, reflecting the specific contextual 
conditions of the experiences. Hence, the amount of user modeling data referring to a 
specific contextual condition significantly decreases when the context-awareness 
issue is taken into account.  

This work proposes to overcome the sparseness problem by using a mediation of 
UMs, which is the primary focus of this work. Hence, the definition of UMs media-
tion can be formulated as follows: "mediation of UMs is a process of importing the 
user modeling data collected by other (remote) personalization systems, aggregating 
them and generating an integrated user model for a specific goal within a specific 
context". In this definition, the term aggregation implies resolving the heterogeneities 
and inconsistencies in the obtained data. The primary goal of the mediation is to in-
stantiate the sparse context-aware UMs through inferring the required user modeling 
data from past experiences and evaluations in a three-dimensional context-aware 
representation space. Hence, it enriches the existing UMs (or bootstraps empty UMs) 
using the user modeling data collected by the remote systems and facilitates the pro-
vision of better context-aware personalized services. 

Two parties are involved in the mediation process. On the one hand, there is a tar-
get personalization system, i.e., the system that was requested to provide personalized 
services to the user. Formally, this system is the initiator of the mediation process, 
requesting the available user modeling data. On the other hand, there are numerous 
remote personalization systems that may provide valuable user modeling data (i.e., 
past experiences) to the target personalization system. 

The two parties are interconnected via the UMs mediator, which, in fact, is the 
core element of the mediation process. As mentioned earlier, the main difficulty of 
the UMs mediation is the heterogeneity of the user modeling data. For example, per-
sonalization systems from different application domains imply different user model-
ing data stored in the UMs. Even within the same application domain, different sys-
tems may store different information in their partial UM, according to the specific 
personalization technique being exploited (e.g., ratings vector in collaborative filter-
ing UMs  [26] vs. a feature vector of interest topics in content-based UMs  [40]). 
Moreover, even the UMs of two systems from the same application domain exploit-
ing the same personalization technique may use different terms to describe equivalent 
semantic concepts. Thus, successful mediation of UMs requires developing and ap-



plying reasoning and inference mechanisms using semantically-enhanced knowledge 
bases, which allow commonalities between the user modeling data representation of 
different systems to be identified. Hence, the mediator consists of two principal com-
ponents:  
• Aggregation Mechanism. This component is responsible for resolving conflicts 

and heterogeneities in the obtained user modeling data using various reasoning 
and inference mechanisms. The obtained past experiences may be represented in 
different ways, e.g., using different ontologies, domain- and application-specific 
terminology, or even in different languages. Hence, these heterogeneities need to 
be resolved and the data need to be converted to a standardized form. In addition, 
the evaluations of the same experience in different systems may be contradictory. 
This requires the aggregation mechanism to implement and apply certain policies 
for conflicts resolution in the obtained data1. 

• Knowledge Base. This component is in fact an auxiliary component, required by 
the aggregation mechanism. It contains a number of semantically-enhanced inter- 
and intra-domain knowledge bases representing dependencies and relationships 
between various user, item and context features. The information stored in the 
knowledge bases actually facilitates the resolution of the heterogeneities in the 
obtained user modeling data. For example, it allows different ontologies ex-
ploited by various personalization systems to be reconciled, and the terms used 
by a certain system to be converted to a standard representation, and may even 
provide means for translation, resolving cross-lingual dependencies. 

Although the mediation process is formally initiated by the target personalization 
system, practically it is initiated by the user issuing a personalized service request to 
the target system. The envisioned scenario of the user modeling data mediation proc-
ess consists of the following stages (as illustrated in Figure 2): 
1. The user's personalization request is treated by the target system as a request for 

a prediction of the user's evaluation of the new experience, i.e., for the specific 
combination of userfeat, itemfeat, and contextfeat. To provide a better service, the 
target personalization system queries the mediator for the UMs, containing past 
experiences valuable for predicting the evaluation of the new experience. The 
query contains the required (userfeat, itemfeat, contextfeat) combination. 

2. The mediator analyzes the received (userfeat, itemfeat, contextfeat) combination and 
determines the set of remote personalization systems, which may store potentially 
relevant past experiences. In fact, this analysis is performed using the semantic 
data provided by the knowledge base (the criteria for selecting the remote sys-
tems and specific past experiences will be detailed later in this section, where 
specific mediation approaches will be discussed). 

3. The mediator forwards the query to the set of remote personalization systems that 
was determined in the previous stage. 

                                                           
1 It is reasonable to assume that different personalization systems will provide user modeling  
   data with different levels of accuracy, and up-to-date information. Although the importance  
   of resolving such conflicts and inconsistencies is highlighted in the paper, developing conflict  
   resolution policies is beyond the scope of the current work. 



4. Remote personalization systems, which actually store the relevant experiences, 
respond to the query and send to the mediator their locally collected UMs and/or 
the relevant experiences only. 

5. The aggregation mechanism of the mediator aggregates the obtained experiences 
using the semantic data provided by the knowledge base. Clearly, different com-
binations of UMs representation in remote and target systems will imply exploit-
ing different aggregation mechanisms (several aggregation mechanisms will be 
described in the following section, where several mediation approaches that have 
already been implemented and evaluated will be presented). 

6. The generated user modeling data are sent to the target personalization system 
(several types of this user modeling data will be discussed later in this section). 
Since the user modeling data of the target system is enriched in comparison to 
the locally collected data stored before the mediation, the system is capable of 
providing better personalized services to the user. 

 

 
Fig. 2. Architecture and Stages of UMs Mediation 

 

In principle, any available user modeling data (i.e., any past experience) may be 
relevant to some extent as an input to the mediation process, since they may help 
predicting the evaluations of the new experience. For example, consider a target per-
sonalization system that is supposed to predict the new experience evaluation for a 
specific combination of (userfeat, itemfeat, contextfeat) values. The possible groups of 
(userfeat, itemfeat, contextfeat) combinations in past experiences stored by other person-
alization systems are as follows (the respective mediation methods will be elaborately 
discussed later in this section): 
• Experiences where the values of all three features refer to the same concept. 

These experiences refer to the same combination (userfeat, itemfeat, contextfeat). 
Hence, they represent past experiences of the same userfeat for the same itemfeat in 
the same contextfeat, where the values of certain experience features, actually re-
ferring to the same concept, may be represented in different ways. 

• Experiences where the values of two features are the same and the value of one 
feature differs. Three possible combinations are possible: 

− (user'feat, itemfeat, contextfeat) – past experiences of another userfeat for the 
same itemfeat in the same contextfeat. 

− (userfeat, item'feat, contextfeat) – past experiences of the same userfeat for 
another itemfeat in the same contextfeat. 

− (userfeat, itemfeat, context'feat) – past experiences of the same userfeat for 
the same itemfeat in another contextfeat. 

• Experiences where the values of one feature are the same and the values of two 
features differ. Three possible combinations are possible: 
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− (userfeat, item'feat, context'feat) – past experiences of the same userfeat for 
another itemfeat in another contextfeat. 

− (user'feat, itemfeat, context'feat) – past experiences of another userfeat for the 
same itemfeat in another contextfeat. 

− (user'feat, item'feat, contextfeat) – past experiences of another userfeat for 
another itemfeat in the same contextfeat. 

• Experiences where the values of all three features are different. These experi-
ences refer to (user'feat, item'feat, context'feat) and represent past experiences of an-
other userfeat for another itemfeat in another contextfeat.  

Clearly, the first group of experiences is the most valuable for UMs mediation, as 
it provides past evaluations of the target user for the required item in the relevant 
context. However, such experiences require aggregation mechanisms for resolving 
possible heterogeneities in the representations of feature values or experience evalua-
tions to be applied. The second group of experiences (with only one feature different 
from the required combination) is also valuable for mediating the required user mod-
eling data. Such experiences represent past evaluations, where the values of two out 
of three features match the values of the features in the new experience. Mediation of 
user modeling data in this case requires applying inference mechanisms, which are 
capable of identifying the relationships between the different values of the one feature 
that differs and projecting the available evaluations to the new experience.  

In the third group of experiences, the values of two features out of three features 
are different, and only one feature matches the values of a feature in the new experi-
ence. Hence, mediation of such experiences requires applying more complicated 
inference mechanisms (e.g., several consecutive inferences similar to the inferences 
from the previous group of experiences, where the value of only one of the features 
was different). Although this user modeling information may be valuable and may 
enrich the user modeling data in the target system, applying complicated inference 
mechanisms may 'deteriorate' the original data represented by the past experiences. 
Therefore, such experiences are currently not used in the UMs mediation. Obviously, 
the situation is even worse for the fourth group of experiences, where the values of all 
three features are different, and the mediation requires three inference mechanisms to 
be applied. Hence, these experiences are also not considered for mediation at the 
moment.  

In summary, two groups of experiences should be considered as input for the me-
diation process: (1) experiences having the required values of all three features, and 
(2) experiences having the required values of two features and a different value of 
one feature. This yields four types of UMs mediation over the context-aware three-
dimensional representation of experiences. The first type of mediation is conducted 
between experiences having the required values of all three features, i.e., between 
heterogeneous representations of the same experience. Such mediation is referred to 
later as cross-representation mediation. The other three mediation types are so-
called cross-dimension mediations. These mediations are conducted over the ex-
periences having the required values of two features and a different value of one 
feature. This means that the values of two out of three dimensions in the space are 
fixed and the mediation is performed across a different value of the third dimension. 
Hence, three types of mediation are possible: (1) cross-user mediation, where the 
values of item and context features are fixed and the user in the experiences is 



item and context features are fixed and the user in the experiences is allowed to be 
modified; (2) cross-item mediation, where the values of user and context features are 
fixed and the item in the experiences is allowed to be modified; and (3) cross-context 
mediation, where the values of user and item features are fixed and the context in the 
experiences is allowed to be modified. In the rest of this section, these four possible 
types of UMs mediation are elaborately dicsussed. 

3.1   Cross-Representation Mediation 

This mediation is aimed at resolving the heterogeneity in the representations of the 
experiences of the same user for the same item in the same context. In other words, it 
incorporates past experiences of the same user for the same item in the same context, 
but expressed in different ways. For example, consider the following representation 
of the same item, a movie "Gone with the Wind", in two datasets: EachMovie  [36] 
and MovieLens  [26]. In EachMovie, it is classified as a classic movie, while in 
MovieLens it is classified as a drama, romance and war movie. In addition, a movie 
evaluation in EachMovie is a number between 0 and 1, while in MovieLens it is ex-
pressed by a number of stars on a 5-star scale. To implement mediation between these 
two systems, the mediator should be able to cope with such heterogeneities. 

Hence, cross-representation mediation can be considered as an aggregation and in-
ference of user modeling data between heterogeneous representations of the values of 
the experience features. This means that, although different representations of the 
features refer to the same (semantic) concept, they are expressed in different (syntac-
tic) ways. Hence, the mediation is conducted between past experiences, where the 
values of all the experience components userfeat, itemfeat and contextfeat refer to the 
same concept, although represented in different ways. This mediation is divided into 
two groups: 
a. Different representation of userfeat, itemfeat and contextfeat values. This mediation 

deals with a situation where the representation of one (or several) of the experi-
ence components is heterogeneous. This means that although the userfeat, itemfeat 
and contextfeat are semantically identical and reflect the same user modeling data, 
one (or several) of them is (are) syntactically expressed in different ways. For 
example, collaborative filtering systems represent an item using its unique identi-
fier only, while content-based systems represent the same item using the set of its 
features. This mediation requires applying inference mechanisms identifying 
commonalities and dependencies between various representations of semantically 
identical userfeat, itemfeat, or contextfeat using an external domain-specific knowl-
edge base. Hence, this particular case of cross-representation mediation is re-
ferred to as cross-technique mediation  [7]. 

b. Different representations of the evaluation values. In this mediation, the repre-
sentations and the values of userfeat, itemfeat and contextfeat features are identical, 
but the evaluations of the experiences are expressed in different ways, i.e., the 
heterogeneity is in the representation of the evaluations. For example, the target 
personalization system represents the evaluation as a discrete numeric rating on a 
scale between 1 and 10. However, the remote system represents it as positive or 



negative evaluation only. In this case, there is a need to map and reconcile the 
evaluation representation values between the two scales. 

3.2   Cross-User Mediation 

Although the term mediation is not explicitly mentioned in collaborative filtering 
recommender systems, cross-user mediation and inference actually constitute the 
basis of this popular personalization technology  [26]. In fact, collaborative filtering is 
based on the assumption that people with similar tastes (i.e., people who agreed in the 
past) will prefer similar items (i.e., will agree in the future)  [52]. Or, in a simplistic 
view, collaborative filtering recommends items liked by similar users2. In order to 
generate a recommendation, collaborative filtering systems initially create a neighbor-
hood of users with the highest similarity to the active user, and then generate a pre-
diction by aggregating the ratings of these users. Hence, this process can be consid-
ered as a cross-user inference, or a particular case of cross-user mediation, where the 
mediated user modeling data are the ratings of similar users. In addition, other vari-
ants of cross-user inference are applied in several existing personalization techniques, 
e.g., demographic filtering  [31] and some hybrid recommenders systems, such as 
 [53].  

It should be stressed that the existing implementations of cross-user mediation in 
the state-of-the-art personalization systems mostly disregard the context-awareness 
issue. This means, they project the collected experiences to the two-dimensional rep-
resentation R'gen, not reflecting the contextual conditions of the experience. Hence, 
these personalization systems apply inference mechanisms assuming that the col-
lected experiences were recorded for the same contextual conditions. Thus, the pre-
diction of the new experience evaluation can be considered as an inference process 
incorporating past experiences of other users for the same item in the same (in fact, 
undefined) context, i.e., the prediction generation process is pure cross-user infer-
ence.  

3.3   Cross-Item and Cross-Domain Mediation 

Cross-item mediation is also applied in various existing personalization techniques, 
such as content-based filtering  [40], item-to-item collaborative filtering  [50], utility-
based recommendations  [35] and some hybrid recommender systems, such as  [43]. In 
general, these personalization techniques assume that also the similarity of items may 
be used for providing personalized services, i.e., items which are similar to the items 
the users liked in the past should be recommended to the users (in fact, most cross-
user similarity metrics discussed in  [26] may be also applied for computing cross-
item similarity).  

Also in these practical systems the context-awareness issue is mostly disregarded, 
and the collected experiences are represented using the two-dimensional representa-
tion R'gen, such that the collected experiences are considered as if recorded in the 

                                                           
2  The reader is referred to  [26] for a discussion on collaborative filtering similarity metrics. 



same contextual conditions. Thus, the prediction of the new experience evaluation 
can be considered as the result of an inference process, incorporating past experiences 
of the same user for other items in the same (in fact, undefined) context. This means 
that the prediction generation process is performed through cross-item inference.  

However, cross-item mediation requires cross-item similarity and/or relationships, 
which cannot be easily defined for any arbitrary pair of items, to be defined explic-
itly. For example, in item-to-item collaborative filtering  [50], cross-item similarity is 
computed by means of user ratings to items. Hence, computation of the similarity 
between two items in this case requires the items to be rated by a non-empty set of 
overlapping users. This requirement may be too restricting for sparse ratings matrices. 
Moreover, in many conditions, the available past experiences do not necessarily re-
flect the user's evaluation for an individual item, but rather on a generalized group (or 
category) of items. For example, a user may express his opinion not on a single 
movie, but on a genre of movies, or on movies directed by a certain director.  

Hence, in a broader view, the items need to be aggregated and grouped, which al-
lows applying a more complex type of mediation, incorporating the evaluations of 
past experiences for a generalized group of items  [38]. Generalizing individual items 
into groups and domains and then exploiting cross-domain dependencies and infer-
ences introduces the issue of cross-domain mediation, where the evaluation of the 
new experience for a generalized group of items from a certain domain is inferred 
from past experiences for items in other domains  [11]. In this sense, cross-domain 
mediation can be considered as a mediation incorporating past experiences of the 
same user in the same contextual conditions, but for another generalized group of 
items. 

3.4   Cross-Context Mediation 

The issue of cross-context mediation is a new research direction in user modeling. 
Such mediation is based on context-aware representation of the experiences, and its 
goal is to predict the evaluations of the new experiences in a given context using past 
experiences in other contextual conditions  [9]. This means that cross-context media-
tion incorporates past experiences of the same user for the same item in other contex-
tual conditions. For example, it can predict future evaluation for an item by a user in 
the evening given past evaluation of the same user for the same item in the morning, 
or, it can predict future evaluation for an item by a user when accompanied by a 
group of friends given past evaluations of the same user for the same item when ac-
companied by a parent.  

Since the state-of-the-art personalization systems mostly disregard the context-
awareness issue and are not capable of providing context-aware personalization, this 
type of mediation requires the definition of various novel cross-context reasoning 
mechanisms. Two simple mechanisms, exploiting semantically enhanced RDF/OWL 
 [45] representations of userfeat, itemfeat and contextfeat, were proposed in  [9]: 
• Rule-Based Reasoning. This reasoning mechanism exploits the semantically-

enhanced representations of the experience components for the purpose of defin-
ing a set of rules that explicitly provide the relationships between the values of 



the features. For example, consider a rule defining that user's preferences regard-
ing a certain item (e.g., stocks news) in the evening are the opposite to prefer-
ences in the morning. Or, another rule defines a projection of user's preferences 
at 4PM to a more general afternoon time period. Applying these rules facilitates 
the inference of the required user modeling data across various contextual condi-
tions.  

• Similarity-Based Reasoning. This reasoning mechanism exploits the semanti-
cally-enhanced representations of the experience components for the purposes of 
defining an explicit similarity metric for the contextual conditions. For example, 
such a metric may computationally express similarity between Tuesday and 
Wednesday as mid-week days and dissimilarity between Tuesday and Sunday as 
mid-week and week-end days. Such a cross-context similarity metric allows vari-
ous adaptation rules to be derived, similar to the rules used in Case-Based Rea-
soning  [49], that facilitate reuse of the evaluations of past experiences. For ex-
ample, this can be done by a collaborative-like aggregation of the evaluations of 
past experiences of the same user for the same item in similar contextual condi-
tions. 

Comparing the above discussed rule-based and similarity-based reasoning ap-
proaches shows that, on the one hand, rule-based reasoning may produce more accu-
rate user modeling data, as the reasoning rules are typically defined by domain ex-
perts. On the other hand, defining and updating the inference rules in today's highly 
dynamic information world may hamper the scalability of the mediation process. 
Conversely, the typical scenario for similarity-based reasoning is fully autonomous 
and therefore gives a more flexible mediation process. However, similarity-based 
reasoning requires a large number of past experiences to bootstrap the reasoning 
process. Other machine learning approaches can be considered for this purpose.  

4   Sample Experimental Results 

This section presents and discusses experimental evaluations of two practical media-
tion implementations: cross-technique mediation  [7], as a particular case of cross-
representation mediation and cross-domain mediation  [11], as a generalized form of 
cross-item mediation. The issue of cross-user mediation was studied intensively in 
many prior works on collaborative filtering  [26]. It became one of the most widely 
used personalization techniques applied in a wide variety of domains and E-
Commerce applications  [51]. Collaborative filtering has been implemented and evalu-
ated many times and proves to be an effective and relatively accurate personalization 
approach  [27]. Hence, cross-user collaborative filtering is left out of the scope of this 
work. Conversely, the research of cross-context mediation is currently in its initial 
stages only  [9], and will be discussed it in the future research section. 

The main difficulty involved in conducting an experimental evaluation of UMs 
mediation is the lack of publicly available data, representing the user modeling data 
of the same users across several different application domains, containing heteroge-
neous representations of the experiences, or reflecting different contextual conditions. 
Currently available datasets are mostly collaborative filtering data, representing users' 



ratings to items from three application domains: movies (MovieLens  [26] and Each-
Movie  [36]), books (BookCrossing  [56]),  and jokes (Jester  [21]). However, these 
datasets are not cross-linked, i.e., no users from one dataset can be identified in an-
other dataset. Moreover, no datasets with data different from collaborative filtering 
UMs are publicly available. A limited dataset of context-aware collaborative filtering 
UMs was reported in  [1], but no other context-aware datasets are publicly available.  

Hence, in the experimental evaluation of the proposed mediation methods only the 
EachMovie dataset of movie ratings was used  [36]. Cross-technique mediation (as a 
particular case of cross-representation mediation) mimicked a situation where a con-
tent-based recommender system is the target system and a collaborative filtering re-
commender system is the remote system. Hence, the collaborative filtering UMs 
stored in EachMovie dataset served as the input user modeling data for the mediation 
process, and it was converted to content-based data  [7]. Cross-domain mediation (as a 
generalization of cross-item mediation) mimicked domain-related partitioning of 
UMs. For this, collaborative filtering UMs stored in EachMovie dataset were parti-
tioned into different domains. As all the items in EachMovie dataset actually belong 
to the domain of movies, domain-related partitioning was assigned by artificially 
partitioning the movies into the domains according to the genres of the movies  [11].  

Note that both mediation methods require exploiting semantically-enhanced do-
main knowledge bases. For example, cross-technique mediation is aimed at generat-
ing content-based user modeling data. Hence, semantic information about the movies 
is required for extracting and mining the features of the movies rated in the collabora-
tive filtering UMs. Conversely, in cross-domain mediation, semantic information 
about the movies is required for partitioning the movies according to their genres and 
also for devising inter-domain distances, which will be explained later in this section. 
Since both mediation methods exploited the data from EachMovie dataset of movie 
ratings  [36], their implementations used movie information provided by IMDb (The 
Internet Movie Database)  [28]. The details of these mediation methods are exten-
sively discussed in the following subsections.  

4.1   Cross-Technique Mediation  

Cross-technique mediation deals with the heterogeneity of the experience representa-
tions in different personalization techniques. In  [7], the paper focuses on cross-
technique mediation of user modeling data, where the heterogeneity was encapsulated 
in the representations of the experience evaluations. The source of the user modeling 
data (i.e., the remote system) was a collaborative filtering  [26] recommender system, 
whose user modeling information was mimicked by EachMovie dataset. In collabora-
tive filtering systems the UMs are represented by a ratings matrix, containing the 
users' vectors of ratings to the items stored by the system. These data were mediated 
to a content-based recommender system  [40], where the UMs are represented by a list 
of item's features and user's preferences on these features. Hence, the mediation was 
conducted between two recommender systems within the same domain of movies, 
using the movies metadata mined from the IMBd database  [28]. The goal of the ex-



perimental evaluation was to determine the conditions in which cross-technique me-
diation improves the quality of the generated recommendations. 

For example, consider the following set of collaborative filtering experiences of a 
user UMCF={ "The Lord of The Rings":1, "The Matrix":0.8, "Psycho":0.2, "Friday 
the 13th":0, "Star Wars":0.9, "The Nightmare":0.1, "Alien":0.9 }, where the evalua-
tions are given on a continuous scale between 0 and 1. It can be easily recognized that 
the user strongly likes science-fiction movies, and strongly dislikes horror movies. 
Thus, the converted content-based UM of the user may be UMCB={ science-
fiction:0.9, horror:0.1 }, where the weights of the genres are computed as an average 
of the ratings given to the movies in this genre. Similarly, also the weights of other 
movie features, such as directors, actors and other can be computed.  

However, applying such mediation requires external knowledge that, for instance, 
"The Matrix" is a science-fiction movie and "Psycho" is a horror movie. This infor-
mation was mined from the IMDb. In general, the IMDb provides information in 49 
categories of features, such as genre, actors, directors, writers, composers, keywords, 
distributors, languages, and many others  [28]. For the sake of simplicity, only seven 
categories of features were initially used: genres, keywords, actors, actresses, direc-
tors, production countries and languages, as these categories seem to have the most 
influence on the user's evaluation for a movie. Later on, a wrapper feature selection 
algorithm  [30] was applied to identify the set of categories that should be used by the 
context-based prediction mechanism in order to achieve the highest accuracy of the 
generated predictions. As a result, only five categories of features were finally used: 
genres, keywords, actors, actresses, and directors. 

The mediation process converted the collaborative filtering user modeling data 
represented by the ratings vectors into content-based data represented by weighted 
vectors of features. Implicitly, the mediation was based on the assumption that users' 
collaborative filtering ratings implicitly reflect their preferences with respect to the 
content features of the movies, e.g., preferred movie genre, beloved topic, or favorite 
actors and/or directors. Hence, the mediation task could be described as a process of 
identifying and learning commonalities in the features of positively and negatively 
rated movies and generalizing these commonalities into a weighted list of features 
deriving the required weights of the features basing on these commonalities. 

The mediation of collaborative data to content-based data received the user's rat-
ings vector as an input. Since different users might express their ratings in different 
ways (e.g., rating 4, provided by a user whose average rating is 2 should be treated 
differently from rating 4 provided by a user whose average is 3.5), users' ratings were 
normalized by subtracting the average rating of the user from the provided ratings. 
For each movie rating in a collaborative UM of the user, a list of a movie features 
(from the above five categories only) was extracted from the IMDb. The weights of 
these features in the content-based UM of the user were updated according to the 
normalized rating of the movie. In other words, the normalized rating of the movie 
was assigned to the features of the movie: genres, actors and directors involved in the 
movie, movie languages, and so on. For example, consider the rating 0.9, given by a 
user whose average rating is 0.6 to a movie "Star Wars". According to the IMDb, the 
genres of "Star Wars" were action, adventure, fantasy and science-fiction. Thus, the 
existing weights of these four features were increased by 0.9-0.6=0.3. Similarly, the 



weights of the movie director, of all the actors involved in the movie and the rest of 
the movies features were increased by 0.3.  

The generated content-based UMs served as a basis for generating content-based 
recommendations. To evaluate the effect of the mediation, the accuracy of the col-
laborative recommendations built using the original collaborative filtering user mod-
eling data was compared with the accuracy of the content-based recommendations 
built using the generated content-based data. The goal of this particular experimental 
evaluation was to assess the impact of mediation as a function of the sparseness of the 
original collaborative filtering user modeling data.  

Hence, all the available users in the dataset were partitioned into 12 groups, ac-
cording to the number of rated movies in their collaborative filtering UMs: users who 
rated below 25 movies, users who rated between 26 and 50 movies, and so on, up to 
the users who rated between 301 and 500 movies.  Collaborative filtering data of each 
user was partitioned into 90% used for the training set and 10% for the testing set. In 
other words, the training set of 90% of ratings served as a basis for UM mediation, 
while the recommendations were built on the testing set of 10% of ratings. In sum-
mary, two types of recommendations, collaborative and content-based, were gener-
ated, and their accuracy was measured using the well-known MAE metric  [27]: 
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where N denotes the total number of generated recommendations, pi is the predicted 
rating, and ri is the real rating to the item number i. Figure 3 shows the MAE values. 
The horizontal axis reflects the number of rated movies in the collaborative filtering 
UMs, while the vertical axis stands for the MAE.  
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Fig. 3. Cross-Technique Mediation of User Models 

The chart shows that the MAE of the content-based predictions built over content-
based UMs, generated from collaborative UMs containing the ratings of less than 50 
movies, is relatively low (approximately 0.16). This is explained by the observation 
that for a low number of rated movies in the collaborative filtering UM, it is easy to 
find the important features for content-based prediction, i.e., the features that are 



strongly liked or disliked by the user. For larger UMs, between 50 and 150 rated 
movies, the MAE increases with the number of rated movies. This happens due to a 
larger number of content features that occur in the rated movies. Hence, it is harder to 
identify which features are important for accurate predictions and which are not, such 
that some of the features behave as noisy features, and hamper the accuracy of the 
generated predictions. Finally, for the collaborative UMs with over 150 rated movies, 
the MAE converges.  

A comparison of the content-based and the collaborative filtering techniques 
shows that when the original collaborative filtering UMs contain less than 75 rated 
movies, the accuracy of pure content-based recommendations based on the generated 
(artificial) content-based user modeling data outperforms the accuracy of collabora-
tive filtering recommendations based on the original collaborative filtering data.  

In addition to this experiment, the distribution of users over the groups of numbers 
of rated movies was computed (i.e., what percentage of users belongs to each one of 
the above 12 groups of users, partitioned according to the number of movies rated by 
each user). The distribution shows that 78.4% of the users rated less than 75 movies. 
Thus, improving the accuracy of the recommendations for the users with such a mag-
nitude of rated movies is especially important. Since the accuracy of the collaborative 
filtering recommendations for this amount of user modeling data is quite low, media-
tion of UMs and further pure content-based recommendations provide a solid alterna-
tive. For a more comprehensive discussion of cross-technique mediation, fine-tuning 
of the mediation and other experimental results, the reader is referred to  [7]. 

One important observation regarding the proposed approach should be stressed. 
The content-based recommendations are generated solely based on content-based user 
modeling data, derived from collaborative filtering data. As such, the recommenda-
tion mechanism is capable of generating content-based predictions regardless of the 
number of available movie ratings. Hence, this approach resolves the well-known 
first-rater problem  [40] of collaborative filtering, where an item cannot be recom-
mended unless it has already been rated by a sufficient number of users. However, 
being a pure content-based recommendation mechanism, it suffers from an inherent 
serendipity problem  [26], i.e., it can recommend only movies that are similar to the 
movies that have already been rated by the user and cannot produce 'surprising' rec-
ommendations. Hence, while resolving one problem, the proposed approach intro-
duces another one. 

4.2   Cross-Domain Mediation  

In cross-domain mediation, the user modeling data are imported from remote recom-
mender systems providing recommendations for items from other application do-
mains. This specific implementation of cross-domain mediation referred to a situation 
where both the remote and the target systems were collaborative filtering recom-
mender systems  [11]. Hence, all the systems involved in the user modeling data me-
diation represented their UMs using the same representation, i.e., as a ratings vector: 
a list of ratings provided by users to the domain items. In addition, it is assumed that a 
user can be identified in all the systems by the same unique identifier. 



In this setting, an item can theoretically belong to several domains, and therefore 
three types of user modeling data could be imported and aggregated. These types of 
data, in fact, reflect the stages of prediction generation in collaborative filtering: simi-
larity computation, neighborhood formation, and prediction generation  [26]. For the 
similarity computation stage, the UMs (i.e., ratings vectors) were imported from the 
remote recommender systems. For the neighborhood formation stage, the list of near-
est-neighbors, jointly with their similarities computed by the remote systems, was 
imported. Finally, for the prediction generation stage, complete predictions generated 
by the remote systems were imported. Now, the mediation process for each of the 
above three types of user modeling data being mediated will be briefly discussed:  
a. UMs stored by the remote systems 

A collaborative filtering UM was represented by a ratings vector, i.e., a list of 
ratings provided by the user to some items managed by the system. In order to 
enrich the UMs stored by the target system, remote systems sent to the target sys-
tem their local ratings vectors of the users. Upon receiving the ratings vectors 
from the remote systems (and given a policy for resolving conflicts in the ratings 
of the same user to the same item coming from different systems), the target re-
commender system constructed a unifying ratings matrix. This matrix was gener-
ated by integrating locally stored ratings vectors with the vectors imported from 
the remote systems. Then, a traditional collaborative filtering mechanism was 
applied over the unifying ratings matrix. Since the unifying ratings matrix can be 
considered as equivalent to a centralized ratings matrix (if the UMs were not par-
titioned across various recommender systems), this approach was referred to in 
the experimental results as standard collaborative filtering. 

b. Lists of the nearest neighbors and degrees of their similarity 
Since the remote systems were also collaborative filtering recommender systems, 
they could autonomously compute the similarity between the active user and the 
other users based on their locally collected ratings vectors. A set of users with the 
highest similarity values was considered as the list of nearest neighbors in the 
remote system. Then, each remote system provided its list of nearest neighbors 
(and the similarity values of the neighbors) to the target system. Upon receiving 
the local sets of nearest neighbors, the target system computed the overall simi-
larity between the active user and the other users as a weighted (according to in-
ter-domain distances3) average of local similarity values in the remote systems. 
Hence, this improved the accuracy of the similarity computation, as it was not 
based only on the user modeling data collected by the target system, but also on 
the similarity values obtained from the target systems from other domains (i.e., 
genres). Then, standard collaborative filtering recommendations were generated 
using the ratings (collected by the target system) of the users with highest overall 
similarity. This approach is referred to as cross-genre collaborative filtering. 

c. Complete predictions generated by the remote systems 

                                                           
3  Inter-domain distances were computed in two ways: (1) according to the similarity of the 

domain contents (e.g., mined from IMDb), and (2) according to the ratings provided by the 
users to the domain items. The reader is referred to  [11] for a detailed description of the in-
ter-domain distances and users' overall similarity computation.  



In domain-related partitioning an item might belong to several application do-
mains. As a result, the ratings to the item could be stored by several recom-
mender systems, and the predictions could be generated by any of these systems. 
Hence, in this case, the remote recommender systems actually storing the ratings 
to the required item, could generate their local predictions (i.e., predictions based 
on the locally collected user modeling data), and send them to the target system. 
Upon receiving the predictions from the remote systems, the target system can 
aggregate them into a single recommendation value. Since in this case, the ag-
gregation was done by averaging the values of the predictions received from the 
target systems, this approach is referred to as remote-average collaborative filter-
ing. Alternatively, the predictions could be generated in a weighted average us-
ing the inter-domain distances.  

Experimental evaluation of the proposed mediation approaches involved Each-
Movie dataset of movie ratings  [36]. Since the ratings in EachMovie belong to the 
same application domains, the existing data was artificially partitioned into different 
domains according to the movie genres (mined from the IMDb database of movies 
metadata  [28]), instead of collecting ratings from different application domains. This 
mimicked domain-related partitioning of collaborative filtering ratings, where each 
domain is represented by a certain movie genre and by the appropriate collaborative 
filtering recommender system. 

The goal of this particular experimental evaluation was to assess the impact of dif-
ferent mediation types as a function of the sparseness of the user modeling data. 
Hence, the available users in the genre-related datasets were partitioned into 12 
groups, according to the percentage of movies rated in the relevant genre: users who 
rated below 3% of movies, users who rated between 3% and 6% movies, and so on, 
up to users who rated over 33% of the genre movies. For every group, 1,000 predic-
tions were generated for various combinations of the target user, movie to be pre-
dicted, and the target genre of the movie (since every movie typically belonged to 
several genres). Also in this experiment, the accuracy of the predictions for every 
group of users was measured using the MAE metric  [27]. Figure 4 shows the experi-
mental results: the horizontal axis stands for the percentage of rated movies in the 
target genre, and the vertical axis for the MAE.  
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Fig. 4. Cross-Domain Mediation of Collaborative Filtering User Models 

 

The baseline for the comparisons is standard collaborative filtering, as its accuracy 
is similar to the accuracy that would have been obtained in traditional centralized 
collaborative filtering. It can be clearly seen that for any percentage of movies rated 
in the target domain, both cross-genre and remote-average approaches outperform 
standard approach (both are statistically significant, p=0.00058 and p=1.63E-06, 
respectively).  

The results of the cross-genre approach can be explained by the observation that 
its weighted similarity computation is more accurate than standard similarity compu-
tation. The better accuracy is achieved due to the fact that the cross-genre approach 
aggregates users' domain-related similarities according to the inter-domain distances, 
while the standard approach disregards the inter-domain distance. Hence, also the 
predictions generated by the cross-genre approach are more accurate. The better 
accuracy of remote-average predictions can be explained by arguing that the similar-
ity computation over the ratings from several highly relevant domains (to which the 
movie belongs) yields more accurate similarity values than standard similarity com-
putation, performed over all the available ratings.  This can be explained by the ob-
servation that the ratings from highly relevant domains are important for computing 
the similarity value in the target domain, whereas the other ratings insert noise into 
the computation. Hence, remote-average predictions are more accurate that standard 
predictions. 

A comparison of cross-genre and remote-average approaches shows that the re-
mote-average approach is more accurate for any percentage of rated movies (statisti-
cally significant, p=4.13E-10). However, in certain conditions the remote-average 
approach may be inapplicable. For example, for sparse user modeling data collected 
by the remote system, i.e., when a remote system does not have a sufficient number of 
ratings, the users' similarity cannot be reliably identified and accurate predictions 
cannot be generated. In this case, cross-genre approach should be applied, as its accu-
racy still outperforms the accuracy of standard collaborative filtering. For a more 



comprehensive discussion of cross-domain mediation, inter-domain distances compu-
tation and other experimental results, the reader is referred to  [11]. 

In summary, these experimental results (both of cross-technique and cross-domain 
mediation) allow drawing a conclusion that cross-domain mediation of the user mod-
eling data is beneficial. It allows enriching the user modeling data of the target system 
and therefore improving the accuracy of the generated predictions. 

5   Conclusions and Future Research 

In this work, a generic framework for the mediation of user modeling data, which can 
be applied in personalization systems, was presented. The mediation is aimed at re-
solving the data sparseness issue, which is one of the main problems of state-of-the-
art personalization systems, and, as a result, at improving the quality of the personal-
ized services provided to the users. The analysis started with discussing the represen-
tation of UMs in various personalization techniques. Then, the experience was de-
fined as a fundamental unit of the user modeling data representation, encapsulating 
the representations of user, item and context, and a generic representation of the UMs 
was devised. Then, several mediation methods, using different types of past experi-
ences, were discussed. In particular, four mediation types allowing user's evaluation 
of the new experiences to be predicted based on their evaluation of past experiences 
were derived: cross-user mediation, cross-item mediation, cross-context mediation, 
and two types of cross-representation mediation. 

The paper presented sample experimental results, demonstrating two mediation 
techniques: cross-technique (as a particular case of cross-representation) mediation 
and cross-domain (as a generalized form of cross-item) mediation. Both evaluations 
showed that the mediation of user modeling data can practically improve the quality 
of the provided personalization (i.e., generated recommendations). For example, in 
cross-technique mediation, converting sparse collaborative filtering UMs to the ap-
propriate content-based UMs increases the accuracy of the generated predictions. 
Also in cross-domain mediation of collaborative filtering recommender systems user 
modeling data, importing either domain-related users' similarity or complete recom-
mendations increases the accuracy of the generated predictions. Hence, UMs media-
tion can improve the quality of personalized services provided to the users.  

Another practical implementation of UMs mediation is discussed in  [10]. This 
work deals with two systems from different (although relatively close) domains: tour-
ism and cultural heritage. This mediation scenario is aimed at converting user model-
ing data from Trip@dvice trip planning system  [47] to PIL, personalized museum 
visitor's guide  [32].  In Trip@dvice, the user modeling data are represented by cases, 
containing a set of products selected and examined by the user while planning a trip 
(e.g., attractions, restaurants, accommodation, and so on).  In PIL, the user modeling 
data are content-based, i.e., a user's preferences are represented by a weighted vector 
of terms reflecting the content of the presentations on the museum exhibits. The me-
diation is performed through extracting the terms from the descriptions of 
Trip@dvice user's case items and projecting them to the set of terms representing the 
museum exhibits' presentations. Currently, this mediation is being evaluated. 



Although cross-user mediation was extensively studied in collaborative filtering 
research, and cross-item and cross-representation mediations were studied in the 
reported works, the research of cross-context mediation is in its very initial stages. A 
general motivation for and the terminology of cross-context mediation were defined 
in  [9], where the primary inference methods were also briefly sketched. These include 
rule-based and similarity-based inference over semantically-enhanced representations 
of users, items and context using GUMO, generic user modeling ontology  [25]. How-
ever, none of the cross-context inference methods has been experimentally evaluated 
yet, mainly due to the lack of publicly available extensive personalization systems 
datasets storing contextual information.  

It is planned to evaluate cross-context mediation of user modeling data within sev-
eral scenarios with existing demonstrators developed in the SharedLife  [54] and 
Passepartout   [5] projects. In both, the users are supported in collecting and exchang-
ing experiences across various contextual conditions, allowing evaluation of various 
cross-context reasoning mechanisms. SharedLife is a multi-user shopping scenario 
completed by other everyday life activities, such as listening to music, cooking, and 
so on. A user's positive feedback observed in a certain contextual condition can be 
used to provide personalized services in other contextual conditions. However, this 
should be justified by a sufficient similarity between the contexts, since the positive 
feedback might actually relate to several contextual elements. Passepartout illustrates 
typical search, browse and viewing activities of individual and group users with a 
personalized digital TV program guide. In Passepartout, user modeling data typically 
appear in different daily, weekly, monthly or yearly contexts. Hence, it is important to 
identify the right granularity on which the cross-context reasoning should be applied 
(e.g., recommending in contexts based on hours, days, or weeks). Another situation of 
cross-context reasoning is recommending TV programs for the same user when alone 
and when accompanied by other users, which may affect his/her preferences.  

Clearly, context-aware personalization is one of the most promising future research 
directions  [48], since provision of such services is crucial for the dissemination and 
wide acceptance of personalization systems. Hence, it will immediately lead to a need 
for cross-context mediation, allowing users' preferences to be inferred across various 
contextual conditions. Future research of cross-context mediation is needed to extend 
the initial ideas proposed in  [9]. In particular, it is planned to focus on formalizing the 
cross-context mediation model, integrating it with known data representation and 
reasoning techniques and demonstrating its advantages in everyday scenarios and 
practical personalization systems. 
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