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Abstract
In this paper is presented a novel approach for modeling user
short-term interests, based on user queries. The proposed user
model is represented by a weighted semantic network, composed
of nodes and arcs. This semantic network can be used to express
relations between query terms submitted by a user in his searches.
Our approach is rooted on the idea that there are relations
between topics of user’s interests, which can be measured and
used to provide a search context. We propose an approach for
modeling user’s interests, based on data taken from his previous
queries. We aim to identify relations between topics of user’s
interests in a set of successive queries. The search
personalization features of ShareTec digital library are also
presented and the implementation of the proposed model is
outlined.
Keywords: User profile, short-term interests, adaptive query,
search personalization.

1. Introduction
In this work we propose a novel approach for modeling
user short-term interests, based on data, taken from user’s
queries, intended to facilitate a personalized search. The
proposed user model is represented by a weighted semantic
network, composed of nodes and arcs. This semantic
network can be used to express relations between query
terms, inputted by a user in his searches. To the best of our
knowledge, the same model does not exist, although some
of the ideas behind the model have already been realized in
existing systems for a personalized search. Our approach is
based on the idea that there are relations between topics of
user’s interests, which can be measured and used to
provide a search context. We propose an approach for user
modeling, based on data taken from user’s previous
queries and an identification of relations between topics of
interests in successive queries. The proposed model could
be able to track dynamic changes in user’s interests and to
stay updated, representing actual topics of user’s interests.
We aim to investigate the possibilities for an achieving
search personalization using solely the proposed model,

which takes into account only usage data, taken implicitly
from the queries. The intuition behind our model is that
there are relations between different topics of user’s
interests, which are specific to a particular user and these
relations are possible to be detected and used for delivery
of personalized search results.

2. Theoretical background
There are three paradigms for information access to a web
content in a hypertext environment - searching by
browsing, searching by means of queries submitted to
search engines and through recommendation systems [18].
The recommendation systems offer topics, analyzing what
users with similar interests were chosen in the past. In
searching by browsing, the users explore Web pages, one
by one by following hyperlinks. The browsing is not a
convenient way to find a certain and specific information.
In this study we focus on the queries and investigate the
approaches to provide a search personalization by adapting
the queries.
The two main kind of personalization systems are Contentbased systems and Collaborative-filtering systems. The
personalization in the Content-based systems is based on
the similarity between a user and the documents in a
collection. The Collaborative-filtering systems exploit the
idea that the users with similar interests are likely to prefer
the same resources. There are other personalization
techniques and systems, which are based on rules or
explore demographic data as well as hybrid systems which
combine several techniques together. A short overview of
the existing personalization strategies and example systems
is presented below.
• Content-based systems – encompasses systems
which track user`s browsing behavior and recommend
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topics similar to those previously chosen by the user. This
technique has some shortcomings, such as "overspecialization" and the lack of relations between topics
[25], [20]. Example systems are WebWatcher and Letizia.
• Collaborative-filtering systems – includes systems
that use cumulative experience of a group of users in order
to facilitate searching experience of a certain user. The
idea behind this strategy is that users with similar
behavior/preferences are likely to have similar interests.
Employed algorithms investigate similarities between the
users and gives recommendations according to preferences
of the most similar neighbor. Collaborative filtering
approach is used in popular systems such as Yahoo, Excite,
Microsoft Network and Amazon.com.
• Demographic-based systems – encompasses
systems that group users on the base of their demographic
similarities. In this kind of systems recommendations are
given according to demographic characteristics of users,
such as age and gender [23].
• Rule-based systems - in these systems the
recommendation are given to the users according to their
answers to a set of predefined questions [35]. Example
system is Broadvision.
• Hybrid systems - combines two or more
personalization strategies and approaches [2].
The search personalization techniques are used in systems
that provide individualized collections of pages to users.
This personalization is based on a user model which
presents the user’s interests and search activities [18].
According to (Micarelli et al) the search personalization
approaches are subdivided into several major types, which
are as follows: Current Context, Search History, Rich User
Models, Collaborative approaches, Result Clustering and
Hypertextual Data [18].
The personalized information retrieval (PIR) systems can
be classified according to different criteria, the main of
which are: the type of the system and the personalization
approach. The type of the system is based on the
application domain or on the type of the service, provided
by the system, like Web search systems, Multilanguage
search systems, personalized news feeds, e-learning, etc.
The personalization approaches are related to the way in
which personalization is realized. The personalization in
PIR systems can be realized by a query adaptation, by
personalization of search results, or both. In multilingual
systems the personalization process can include additional
steps, needed for translation of the query and results in
different languages [21], [22]. According to the chosen
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approach, the various personalization techniques can be
implemented [14].
The query adaptation can be realized by modification of
the query, by relaxation of the query or by substitution of
the original query with one or more adapted queries. The
modification of the query can be performed by wide
variety of techniques which encompass: the substitution of
the query terms with terms or concepts, taken from a
reference vocabulary; the expansion of the query by terms,
taken from a user profile; the change of weights of terms
and/or relations between them and using the methods of
pseudo-relevance feedback and relevance feedback. The
modification of the query can be performed explicitly by
the user as well.
The expansion terms can be derived from the user profile.
These expansion terms are representative for the user’s
preferences and serve to give a search context. The exact
number of the expansion terms can be predefined or can be
selected dynamically. (Chirita et al., 2007) argue that the
number of the expansion terms can be tuned according to
features of the query, such as the query length, scope of the
query, etc. [10]. The process of a dynamic selection of the
expansion terms is known as a “selective query expansion”.
The main advantage of the query adaptation approach is
the lack of additional processing required in the other two
approaches. However, the query adaptation is unlikely to
influence significantly the returned results [14].
The personalization of the search results is the process of a
selection of the most relevant results and their ranking
according to a certain user, a community of users or all
users of a system. This personalization can be realized by a
number of techniques, which are as follows: pre-ordering
of results, filtering of results and result scoring [18].
The techniques of pre-ordering of results and the filtering
of results are performed after the initial results list has been
extracted from the system. They are realized as an
additional processing step over the retrieved set of
documents. In contrast, the technique of a result scoring
takes place in the process of initial selection of documents
where the adaptivity is implemented as an integral part of
the result scoring function.
The essential part of each personalization systems is the
user model [7], [13], [19]. The user model represents the
user’s characteristics and the user’s behavior in a system.
There exist different approaches for modeling of a user
according to purpose and scope of the system. For example,
Web personalization systems use tracking algorithms to
follow the user in his surfing, whereas Adaptive
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hypermedia systems build a user profile, based on the user
interaction with the system. The user can be modeled
according to his demographic characteristics and specific
features such as: level of expertise in a particular domain,
cognitive abilities, visual characteristics and etc.
(Brusilovsky, 2001) classification of user’s characteristics
encompass the knowledge, purpose, background, interests,
environment and experience with hypertext of a user [8].
(Gasparini et al., 2011) present a new approach for
modeling of a user in a domain of e-learning, which takes
into account contextual user aspects, such as technological,
educational, personal, and cultural characteristics [12].
Related research on the implications of the cultural user’s
characteristics in the design of user interfaces are
conducted by [9], [24].
The distinction between a user profile and a usage profile
can be found in different sources. The former is related to
user’s characteristics and the usage profile is related to the
behavior and activities of a user in a system. However,
user profile can be found as a representative for both – a
user and a usage profile. The user profile is considered to
be essential and the most common part of the
personalization systems. There are numbers of different
techniques for the symbolic representation and the
construction of the profile. The degree of a complexity of a
user profile depends on purpose of the system. It varies
from a simple explicit questionnaire to a complex dynamic
structure, containing both explicit and implicit information.
The important characteristic of a sophisticated user profile
is its ability to be changed dynamically, reflecting the user
changes and his shifts of interests. The user profile can
take part in a personalization process of the Information
Retrieval systems in three different ways - when takes
place in the retrieval process, when is used for preordering of the search results and when is used for a query
adaptation [14].
The representation of users and documents can be based on
various methods and techniques taken from different fields
like Information Retrieval or Artificial intelligence. The
vector-space model is popular and largely used model for
documents and user profiles representation. In this model
any document or profile is represented as a set of keywords
or as an n-dimensional vector. This representation serves
as a basis for comparison between a document and a
profile and allows measurement of degree of similarity
between them. The document is considered to be relevant
to a user if the degree of similarity is over a predefined
threshold value. The popularity of the vector-space model
is mainly due to its simplicity and proven effectiveness.
However, the vector-space model has some shortcomings
such as potential loss of information when documents pass
linguistic processing in which the keywords are separated.
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Because of this processing the embedded meaning in
sentences and phrases can be lost. The disadvantage of the
profile, constructed by means of keywords is that it
requires a large amount of user’s feedback. This feedback
is needed for the selection of the exact words which
present a given user. A largely known method for
calculation of probability that the document is relevant to a
user is by means of Bayesian probabilistic classifier. Other
user profile representation techniques include semantic
networks, associative concepts or rules although the last
serve mainly in the field of a Web log mining [14].
The user profile, based on semantic network/s is composed
of nodes (nod) and links (arcs) between them. The
semantic network is a graphical notation, used for
knowledge representation, based on interconnected nodes
and arcs. The semantic networks can be used to represent
the knowledge over which the inference can be done.
According to (Sowa, 1992) the most popular semantic
network types are as follows: Definitional networks,
Assertional networks, Implicational networks, Executable
networks, Learning networks and Hybrid networks [28].
The Learning network type is of a particular interest for
this study because of its ability to extend itself when new
knowledge is acquired. This new knowledge is able to
modify the existing semantic network, to add new or to
remove the existing nodes and links and to change their
assigned weights. The semantic network can serves to
represent symbolically the relations between terms and/or
concepts and their mutual occurrences in texts or
documents. Varies weighting schemas can be implemented
to measure weights of nodes and links between them.
The semantic network as well as the ontology can be used
to model the relation between a word and a concept. This
is of a particular importance when the documents are
expressed in natural language. The mapping of a word to a
concept can be accomplished by means of reference
vocabulary such as WordNet, by learning mechanism or
manually.
The user profiles, based on semantic networks can have
different level of sophistication and can encompass one or
multiple networks, each one having its owl level of
complexity. Amongst the systems, which implement a user
profile, represented as semantic network/s are: WIFS,
InfoWeb, SiteIF, ifWeb and PIN. The user profiles in these
systems have different level of complexity and
sophistication. In more complicated implementations,
concepts are represented by nodes called Planets and the
words are represented by nodes called Satellites, connected
to Planets. In WIFS system the individual semantic
network for each user's interest is deployed.
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The user model can be represented by specially designed
user ontology or by weighted domain ontology. A widely
deployed ontology user model is an overlay model in
which the user is modeled by domain ontology and his
knowledge is represented as a part of an expert knowledge.
The ontology allows inference over collected facts and
drawn of new facts [11]. An interesting approach is the
construction of a user profile, based on domain ontology
with weights, assigned to concepts according to user’s
interests. These weights are updated through spreading
activation algorithm [27]. In [15] the authors present a set
of statistical methods for learning user ontology from
domain ontology by spreading activation algorithm.
The user profile can be constructed by means of a diverse
set of techniques emerged from various fields such as
machine learning, Information retrieval and Artificial
intelligence. Nevertheless not very popular, there are
approaches based on the use of genetic algorithms and
neural networks.
In this work we present a user model, intended to provide
search personalization, based only on usage data taken
from user’s previous queries. We do not argue that this
user model can serve as only source of personalization in a
particular system, rather it is intended to complement longterm profiles, modeling user’s characteristics. The details
of our approach and characteristics of the proposed model
are outlined in Section 4 of this work. Section 3 provides
brief overview of existing systems, related to our work.
The details on the planned implementation and brief
presentation of the digital library ShareTec are shown in
Section 5. Finally in Section 6 the conclusion and future
directions are presented.

3. Overview of the existing systems
Our main focus of interest is directed towards
personalization approaches which tackle the problem of a
query adaptation. The central part of our work is the
development of a novel approach for modeling user’s
short-term interests. Therefore we have been investigating
a number of systems, which explore the problem of a user
modeling.
In this brief overview the systems and
approaches, related to our work are presented. Firstly, we
explore the systems that model the user's interests by
means of semantic networks. Secondly, we focus on the
systems that adapt the original user query in order to
provide personalization.
IfWeb is a personalized information retrieval system in
which a user profile is represented by a semantic network.
The profile is constructed by extracted words which have
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the highest weight of a set of documents. Each of the
extracted word in their approach is used to create a single
node in the semantic network. Nodes are connected by
links when the words they represent appear together in
documents [1]. This approach is extended by SiteIF system
where the extracted words are linked to concepts, taken
from a dictionary WordNet. The similar approach can be
observed in PIN system where the words, extracted from
documents are nouns and concepts are learned by means of
neural networks. In SiteIF system the user model is
represented by weighted semantic network in which nodes
are connected by links that have different weights. This
system uses WordNet for finding semantic similarity
(synonymy) between words [31]. InfoWeb is a filtering
system for retrieval of documents in digital libraries. In
this system the profile is represented by a semantic
network which models the long-term interests of a user.
Initially, the semantic network is represented by a
collection of unconnected nodes as each node is a separate
concept. These nodes called Planets contain single,
weighted term that is representative for a given concept. In
the process of gathering information about a particular user,
his profile is enriched with weighted words, mapped to
different concepts. Words are contained in nodes, called
Satellites which are connected to conceptual nodes Planets. The conceptual nodes – Planets, can be linked to
each other’s. The user model in system WIFS is partially
based on semantic networks. The specific of WIFS system
is explicitly provided a set of topics of interests by a user
during his initial registration. The interests can be
implicitly extended further by the system as a new data
about a user is gathered in automatic manner. The set of
topics, that a given user is interested in, are used to
associate the user with a set of stereotypes. Stereotypes
themselves are defined by people and experts to describe
the knowledge domain of computer science. In this system
the user profile models different aspects of the knowledge
of the user, which includes personal information and a list
of active stereotypes which are associated with the user.
Each user’s interest is modeled by a separate semantic
network. Each semantic network contains a main node
called Planet and many Satellites nodes connected to the
main node [19].
The conceptual nodes in InfoWeb system are created by
the technique of explicit feedback, whereas in WIFS
system they are created by human experts. In MiSearch the
user profile is represented by means of two alternative
models, both based on a vector-space model. The aim of
both models is to describe the long-term interests of the
user. The first model consists of concepts derived from
user’s queries, and the second one from concepts derived
from snippets of the selected (clicked) documents by the
user. The models contain numbers of vectors. Each of them
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is representative for a particular user’s interest. Both
models use the ODP hierarchy to categorize the concepts.
Mapping of retrieved documents to ODP categories is
done by means of a text classifier [29]. (Zhou et al.2012)
present a system where the user model is constructed by
terms, extracted from the user’s tags and bookmarks. They
create a statistical model based on these bookmarks to
represent the different topics. Their model can be used for
an identification of topics in documents, based on user’s
tags and bookmarks. By means of this model, the most
relevant terms for a particular user, can be identified and
used to enrich and expand the user query to the system
[36]. The query adaptation can be performed on the base
of rules. (Koutrika and Ioannidis, 2004) proposed a
method, based on rules for rewriting the query by means of
which the movies database can by queried. In their
approach, the original query is replaced by a number of
queries as the process is managed by a set of rules, based
on the individual preferences of the user. They propose to
connect the different queries through a disjunctive logical
operator "OR". For example, if a user likes a particular
film genre and make a search for movies issued in a
particular year, the system will issue the query that
searches the specified film genre in addition to the original
search [16]. (Stamou and Ntoulas, 2009) proposed a
system in which personalization is performed by reordering of search results returned by Google. In their
approach they model not only the long-term interests of a
user but also short-term interests, taken from a current user
query [30]. The long-time interests are modeled on the
base of the information gathered from the past user queries
as well as from the selected by a user results in the list of
returned results. Document and query terms are linked to
the concepts, derived from reference ontology. The
current user’s interests are identified by a current query
submitted to the system before the results are presented.
After sending the query, the system tries to identify
whether that same query was issued in the system before.
In such case, the results that were drawn before are
presented to a user as a result of a current query.
Otherwise, the system determines the degree of similarity
between the concepts of the current query and the
documents previously classified under different concepts
of reference ontology. Thus, the authors model both longterm and short-term interests of a user and by combining
both, calculates the user’s interests. The relevance of the
retrieved documents is a function of user’s interests and is
calculated as the sum of long-term interests, short-term
interests and the weight of the document [30].
According to (Shen et al., 2005) the two main aspects of a
personalized search are user’s interests and a context of the
search (understood as a disambiguation of query). In their
system UCAIR they focus on modeling short-term interests
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of a user, through an approach called eager implicit
feedback. In this approach, the current context of a query
is output from the previous query within the same session,
as well as from results from a previous query, identified as
relevant by the user (clicked). In order to determine
whether two consecutive queries are related, the system
performs two searches - one for the previous query and one
for the current query. The lists of results derived from both
searches are then compared to determine the similarity
between them. If the queries are semantically related, the
current query is expanded with terms, taken from the
previous query. The results retrieved due to the adapted
query, are pre-ordered according to a user model. The user
model updates itself dynamically when the user clicks on
documents, presented in the result list [26].
A different approach for adapting query and results is
presented by (Liu et al., 2004). They propose a system in
which the user model is built as a vector consisted of
conceptual terms. The conceptual interests are recorded on
the base of Google Directory, which in own turn is based
on ODP. In their approach, the query adaptation is
performed by specifying the category of the query. Thus,
the system is trying to identify the concepts, related to the
query in order to provide the necessary context of the
search [17].

4. Our approach – a short-term user model
4.1 Introduction
In this work is proposed a novel approach for modeling
short-term user’s interests, needed to provide a search
personalization. Through the proposed model we can
express in a formal way the relations between topics of
user’s interests, taken from a data derived from a user
searches. Our aim is to provide a search personalization,
based on a query adaptation, performed by enrichment of
the current query with expansion terms taken from a user
profile. The expansion terms are selected according to the
weights of links between them and the current query terms
as well as to their own weights. These weights serve to
represent the importance of the given topics and
significance of relations between the different topics to a
particular user. The weights are assigned to nodes and
links in the user profile according to proposed weighting
schema. We argue that keywords (query terms) used by a
user in his searches, reflect his information needs and
interests. The user in his search activities in the system
submits multitude of queries, some of which are related to
each other. Each of these quires can be a specification of
the previous one. It could be a series of queries that taken
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together express a user’s search intention. Therefore, the
discovery of such related terms in a series of queries,
submitted by a user is essential. In our model we try to
identify the query terms, which often appear together in the
user searches, or often appear in the consecutive queries
and to recognize the connected topics for a particular user.
We believe that such relations exist and can reflect trends
in user’s interests, which can be useful for providing
personalized search results. In our work we have been
inspired by so-called method of "previous query" used in
Google search engine, the meaning of which is that the
previous queries issued by the user influence the search
results of the current query. For example, if the user
searches for information about the trip, but before that he
had shown an interest in a particular country, the system
will offer results in which the terms trip and that country
appear together [34].
In our model we want to reflect the importance of some
terms for the user which appear often in his queries as well
as significance of connections between some terms. In
order to measure relatedness of terms we use the term
“distance” which reflects the distance of terms in a series
of a predefined number of consecutive user queries. This
“distance” serves as a way to assign weights to links
between concept nodes in our model. These weights of the
links will be used for determination of the terms, used for
the expansion of the current query. The model is built by a
predefined number of successive user queries as their exact
number is still a subject of investigation. The proposed
model is intended to be changed dynamically with
acquisition of new knowledge in order to be able to
represent the changeable user’s information needs. The
model is intended to operate in systems in which the
searching is performed by means of free words. It has been
shown that this is the easiest and most preferred way for
users to perform a search, although it can present
ambiguity. Through the presented model we proposed one
solution to the problem of an identification of a search
context which can help in avoiding ambiguity and can
serve as an enabler for the search personalization.

4.2 The characteristics of the model
The proposed model is represented by a weighted semantic
network composed of two kinds of nodes – one for
presenting the concepts (concept nodes) and the other for
presenting the query terms (term node). The term nodes
can be associated to concept nodes according to semantic
similarity between them. The concept nodes in the model
can be related by weighted links. The concept nodes and
the term nodes have their own weight, assign according to
proposed methodology. The presented model has some
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common features with the user models of InfoWeb and
WIFS systems but has its own specific characteristics as
well. These characteristics are related to the way in which
relatedness between the query terms are modeled and the
weights to nodes and links are assigned. The weights of
the nodes and the links in the proposed model can be
changed dynamically, according to a user searches.
The query terms pass a linguistic processing - stemming
before been added to a model as the term nodes. In order
to associate the term node to the concept node, some
vocabulary or reference ontology has to be used. One of
the most viable solutions is WordNet vocabulary.
WordNet is a collection of 100,000 words, nearly 80.000
organized in semantic clusters (synsets). But according to a
certain implementation other vocabulary can be used as
well. In the use case, presented below we propose to
integrate the model in ShareTec digital library. In this
particular case the education ontology TEO will be used as
reference ontology in order to associate the term nodes to
concepts. The weight of a term node reflects the frequency
of occurrence of a term in a series of user queries. The
weight of a concept node is obtained as a sum of weights
of term nodes associated to it. Thus, the weight of one
concept node is proportional to the number of the term
nodes associated to it and their frequency in user queries.
This weight reflects the relative importance of that concept
for a particular user. At the same time, the weight of a
concept node and the weight of a term node are inversely
proportional to the time past since the last usage of a given
term in the user queries. Thus, the weights of the nodes
reflect the actuality of the user’s interests. The weights of
the links reflect the degree of relatedness of the connected
concept nodes and are representative for the particular
user’s connected interests. The weight of a link is
cumulative value which sums multiple occurrences
together of terms in the same query, in the previous query
or in the predefined number of queries. The
connection/link between the concept nodes in the model is
made when the term nodes associated to them are related
in the user queries. This relation is measured as it is set out
below.
After the user inputs a new query, the system first checks
whether the terms, contained in the query, already exist in
the user profile. If a particular term is new to a profile it is
added as a term node and is associated to the most suitable
concept node. At the same time the default weight is set to
the term node and the weight of the respective concept
node is increased. If the term node has already existed in
the profile its weight as well as the weight of the concept
node, to which it is associated, are increased with a default
value. When two or more terms occur together in the same
query, the system checks whether there is a link between
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the concept nodes, to which the terms are associated. If the
concept nodes are not linked together in a profile, the new
link is created and the default weight is set to it. If the link
has already existed, its weight is increased with the
predefined value. At the same time, the links are created (if
not existed) between the concept nodes of the current
query terms and the concept nodes of the previous query
terms. But the weights of these links will be lower than the
weights of links between concept nodes of a current query
terms. This process can recursively be done to the predefined number of previous queries. In this process, the
more distant backward the query is the lower weights of
links between its concept nodes and current query concept
nodes will be. The intuition behind the model is that the
terms occurring together in the same query are the most
semantically related and when taken together, they express
the information needs of the user of the system. That is
why we propose to assign the higher weights to the links
between their concept nodes.
The current query often happens to be a specialization of
the previous query and this is the reason why we also
assign the weights to a links between the concept nodes of
the terms in these queries but they will be lower. And so on
as we proceed with a predefined number of previous
queries. It appears that when a user inputs a query, the
terms contained in it, will be related to each other and to
the terms in a given number of previous queries. We
propose the following: to assign the value of one (1.00) to
a weights of the links between concept nodes of terms that
appear in the same query; the value of 0.90 to the links
between terms in consecutive queries, the value of 0.80 to
the link between concept nodes of terms in current query
and query before previous query and so on. At the moment
we are not quite sure about certain weighting values
because they have to be tuned by means of a set of
experiments. Through the proposed model, we are able to
express formally the idea that the relations between query
terms exist and they can be measured in the range of
queries. These relations will get weaker with the increase
of the “distance" between the current query and the
previous query. At the same time the model will be able to
express the relative importance of some query terms for the
user, measuring the frequency of their appearance in his
searches. We argue that the proposed model could be able
to gather information for creating patterns of a user search
behavior. It still remains an open research question how
many queries to be traced backward in order to build a
functional and computationally reasonable profile. The
proposed user model will have the ability to updates itself
dynamically when new nodes and links are added and
removed, and the weights are changed with accordance to
the actual information, collected by the system. With each
new query, issued by the user, the weights of existing
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nodes and links will be reduced proportionately. The exact
amount of reduction of weights has been not established
yet. But it will be in dependence of the number of the
queries, tracked backward by the system. If the value of
the weight of some node or link is reduced under
predefined threshold, the respective node or link will be
removed from the model. We believe that could keep the
model current and actual by means of the proposed method.
In the process of personalization there is a risk that the
personalization could be misdirected or unwanted.
Adapting the query can result in increase of relevance of
returned results if it is successful but if it is not, the
relevance will decrease. In the process of enrichment of a
query with terms, taken from a user profile the
expectations are towards improving the relevance by
providing missing search context. Thus taking into account,
the expected benefit of a query adaptation against the risk
of an improper personalization we propose the current
query to be replaced by a series of queries. This series
could include queries, adapted by terms derived from the
user profile as well as the original query. The expansion
terms are taken from a user profile. The selection of these
terms is based on weights of links, connecting terms of a
current query with terms from the previous queries and on
weights of terms themselves. The last weight serves to
express the importance of the terms for a particular user. In
this work when we talk about expansion terms we mean the
concept nodes which can be used for the expansion. In
order to be considered as a valid expansion term, the
concept node has to have its own weight greater than
predefined threshold value. Moreover, the weight of a link
between the concept node used for the expansion and the
concept node in the current query also has to be over
threshold value. If there are such multiple links, the few
rounds of the query adaptations have to be performed. In
the first round, the concept nodes with higher cumulative
value of the links weights and their own weights are
extracted from the model and used for the expansion. In
the second round, the concept nodes with lower weights
are used for the expansion and so on until the weight value
falls under the predefined threshold. We expect that some
heuristics will be helpful in the case of having too many
expansion concepts.
The search results derived from the adapted queries as well
as from the original query will be mixed in a result list.
This approach is related to the so-called result
diversification, known from the field of IR, which
consciously diversified a set of results, returned by the
system in response to a user query. The advantage of this
method is that the user is offered results retrieved from the
adapted query and from the original, formulated by the
user query. Thus, the risk that personalization may be
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misdirected or unwanted is avoided. The user action clicking on the document, extracted as a result of an
adapted query is evidence that personalization was
successful. We propose the user feedback to be used not
only to validate the effectiveness of a personalization but
also to update the user profile. The user action - clicking
on documents, returned from an adapted query, will add
extra weight to the link between the concept nodes – one to
which the term from current query is associated and the
other which serves for the expansion.

5. Implementation
The proposed in this work user model is not domain
dependent and as such could be implemented in systems
operating in different domains. We aim to integrate the
model in e-learning environment in order to represent
learner short-term interests and facilitate his searches.
The project Share.TEC: Sharing Digital Resources in the
Teaching Education Community aims to support teachers
and educators by providing access to digital resources,
related to educational field. Share.TEC system includes a
portal through which an individual user can access
available resources [32] [33]. The portal provides a wide
range of personalization features which are based on
individual users’ characteristics and on their national and
cultural background. Three elements are crucial in the
process of providing personalization: the adaptive
approaches and techniques, a system interface and a user
model. The main users activities, related to the adaptivity
in digital libraries are: setting preferences and searching
for digital content [3] [4] [5]. The user model in ShareTec
includes three sets of data, by means of which the
characteristics of individual user and his behavior in the
system can be described and analyzed. They are as
follows:
• Explicit preferences defined by the user himself
• Implicit user preferences collected through an
analysis of a user behavior in an automated
manner
• Summary of the behaviors of all users of the
system
In the process of searching and filtering of search results,
two clusters of data are created. The first cluster contains a
list of search results, whereas the other cluster contains raw
data including used in the searching keywords, comments,
annotations and ratings. This raw data must be processed
and analyzed before being able to describe a user behavior
and preferences. In order to use that data, it must be
aggregated and processed into a form that can model a user
behavior. As stated above, this data has to be analyzed in
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order to be able to generate the implicit user’s preferences
from it. In this work we propose a user model, which can
be used for modeling a part of a usage data, namely - the
query terms. The proposed model aims to examine the
effectiveness of personalization, obtained by means of
solely information extracted from the user queries. But this
model can as well be used together with another user
models. In this case we expect an increase of search
relevance of results. Realized adaptive features in
ShareTec portal include automatic ranking of search
results according to a user profile; recommendations to the
user and individualized forms for assessments, bookmarks
and annotations. The user profile in ShareTec is tightly
integrated with the teacher ontology (TEO), developed in
the frame of the same project. The search process in the
system uses a user model and TEO ontology and is based
on search engine Solr. The search component performs
semantic query expansion by means of following
techniques:
• Expansion based on explicit preference
• Expansion based on ontology - uses a parent-child
relation
• Multilingual expansion
• Expansion for recommendation - uses the most
concerned resource in accordance to user profile
The analysis of the adaptive, expansive query techniques
show that in Share.TEC system does not exist a query
adaptation, based on previous user’s queries. Share.TEC
recommendation system and a search engine use various
sources of data like OMM metadata, teacher ontology TEO
and implicit information taken from a user model. Solr
search engine is configured to use in its indices the
individual fields of OMM and TEO. In this work we
propose to use TEO ontology concepts for an initialization
of the conceptual nodes in presented user model. The
intuition behind this is that the query terms used for
searching in ShareTec are more likely to be related to
concepts of teacher ontology, which models the
educational domain. The practical implementation in
ShareTec is done with the help of special tasks in Hadoop,
working in asynchronous mode with a database in the
portal. Our proposal follows the existing implementation
of the system and the data processing will be implemented
as an additional subtask in Hadoop.

6. Conclusions and future work
Future work is aimed to the practical aspects of the
implementation of the proposed model and to answer the
research questions, related to it. Amongst the questions
that emerge, is the determination of the proper weigh
values to links between concept nodes, described in the
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proposed model. Another research question that needs to
be addressed is to be determined the exact numbers of the
expansion terms, which can be used for a query adaptation.
The proposed model is based on terms, taken from the
previous user queries. The numbers of successive queries,
which will be used to build the model, is not determined
yet. But it appears that the proper number is essential for
our model. On one hand, taking too many queries may
result in a lack of accuracy and actuality of the model. On
the other hand, taking not enough number of queries will
lead to inefficiency and inability of the model to represent
user’s interests. And last but not least, the validation of the
proposed model has to be conducted and the determination
whether it presents a viable solution for a search
personalization has to be provided.
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