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ABSTRACT
We propose a novel technique for web search personalization
that exploits the clustering of the results of web searches.
Our approach is based on an automatic characterization of
the user search history through the collection of semantic
domains and web sources chosen by the user. The semantic
domains are the terms extracted directly from the clusters
contents which describe the main topics covered by the involved documents. The web sources are the web roots of
the urls of the documents. The idea is that a user submits
a query to a general purpose search engine and then selects
clusters or documents from the resulting list. In the first case
we can assume that, for that particular query, the user is interested in the topics covered by the selected clusters. We
use these information to construct a user profile by assigning the clusters semantic domains to the query submitted by
the user. In the second case we keep trace of the relevance
and reliability of web sources of the selected documents, by
assigning them to the submitted query.

1.

INTRODUCTION

Recent researches investigate the ability of current search
engines to address the diverse goals that people have when
they submit the same query to a search engine. The potential value of personalizing search results is quantified and
great variance was found in the results that different individuals rated as relevant for the same query. The analysis
suggests that while search engines perform well in ranking
results to maximize global happiness, they do not do a very
good job for specific individuals [22]. In recent years a lot
of research work was devoted to overcome this limitation
by proposing ways to make the search engine aware of the
context of its users in order to adapt the search results with
respect to it. By learning the context of the users it is possible to personalize the search engine result list and to provide
more valuable results to user queries.
In this paper, we present a novel approach of web search
personalization, that exploits the clustering of the resulting
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documents in order to create a complete user profile based
on a characterization of the user past search history. This
operation is realized through the usage of two different information: the semantic domains, and the web sources. In
particular, for semantic domain we mean a term sd that express a “user-specific meaning” of a generic query term qt
(for example if qt = Java we can have sd = “language” or sd
= “island”). The aim of these domains is to disambiguate a
general query term w.r.t. the user preferences. On the other
hand, for web source we mean the root of the sources considered reliable for the user (i.e. www.java.com) w.r.t her/his
past searches and document choices. This mechanism of
user profile construction has two important characteristics:
it is automatically realized without any explicit effort from
the user or other contributions from external sources (i.e.
ontologies, thesaurus, etc.), and it works at the level of web
sites, differently from most of other personalization techniques that act directly on specific documents.
The final goal of our contribution is to learn the preferences of a user in order to support a personalized ranking of
future results (both at document and at cluster level), and
to provide the user with additional queries which may be
interesting with respect to her/his profile.

2.

RELATED WORK

Our work is part of a long research stream on personalization in Web searches. The work in [15] proposes a technique
to map a user query to a set of categories, which represent
the user’s search intention. The set of categories are used to
disambiguate the query terms while a user profile is learned
from the user history and a category hierarchy respectively.
This work is different from our in the usage of a predefined
set of domains documents are classified in. The Inquirus 2
project [21] uses context information, currently in the form
of a category of desired information (“personal bookmarks”,
“research papers”, etc.). Differently from our approach this
work does not exploit clustering of pages and the categories
used to classify pages are not based on the semantics of their
contents.
The work in [3] focuses on re-ranking the Web search output according to the cosine distance between each URL and
a set of terms describing user’s interests. An evolution of
the work is [4] which proposes to improve Web queries by
expanding them with terms collected from each user’s personal information repository (personal collection of text documents, emails, Web pages, ...). An alternative approach is
to compute a topic-oriented PageRank [9], in which PageRank vectors biased on each of the main topics of the Open

Directory were initially calculated off-line, and then combined at run-time based on the similarity between the user
query and each of the topics. In this work the set of topics is predefined, while in our approach topics are dynamically built. The idea is extended in [17] by distributing the
PageRank across the topics it contains in order to generate
topic-oriented rankings. An algorithm that avoids the massive resources needed for storing one personalized PageRank
vector per user by precomputing them only for a small set
of pages and then applying linear combination is proposed
in [11]. Machine Learning on the past click history of the
user [19] can be used in order to determine topic preference
vectors and then apply Topic-Sensitive PageRank.
Alternative approaches are based on the idea of expanding the user query with new terms related to the input keywords. Such relationships are usually extracted from large
scale thesauri, as WordNet [7, 20, 12, 16]. The study in [5]
proposes a new method for query expansion based on query
logs. The central idea is to extract probabilistic correlations between query terms and document terms by analyzing query logs. These correlations are then used to select
high-quality expansion terms for new queries. [13] proposes
a method to generate refinements or related terms to queries
by mining anchor text for a large hypertext document collection. Search results can be grouped based on different
query meanings [10]. It is done using WordNet to determine
the meanings of each query term and merging similar senses
with a grouping algorithm that employs a combination of
categorization and clustering techniques.
Another important research stream is devoted to exploit
query expansion in order to obtain a better formulation of
user query. The main idea is that useful information can
be extracted from the relevant documents returned for the
initial query. A literature review of the beginnings of this
research topic is described in [6]. [2] introduces the usage
of clusters asking users to choose relevant clusters, instead
of documents, thus reducing the interaction. Summarization can be used to extract informative sentences from the
top-ranked documents and uses these sentences to expand
the user query [14]. RIB (Recommender Intelligent Browser)
[25] categorizes Web snippets using socially constructed Web
directory such as the Open Directory Project. Snippets are
clustered to improve the categorization. The created user
profile is used to propose search results to users. [8] proposes a method to personalize a user’s experience within
a folksonomy using clustering. In particular, unsupervised
clustering methods are used for extracting commonalities
between tags, and the discovered clusters are used as intermediaries between a user’s profile and resources in order to
tailor the results of search to the user’s interests. These approaches are different from ours in the usage of a predefined
set of categories: terms are generated to classify pages onthe-fly using the page contents. Similarly, [24] explores an
approach that focuses on the “social annotations of the web”
which are annotations manually made by normal web users
without a pre-defined formal ontology. Compared to the
formal annotations, although social annotations are coarsegrained, informal and vague, they are also more accessible
to more people and better reflect the meaning of the web
resources from the users’ point of views during their actual
usage of the web resources. The derived emergent semantics
are used to discover and search shared web bookmarks.

Figure 1: Results presentation at clusters level.

3.

OUR APPROACH

Our personalization proposal is based on the idea of tracking the choices performed by the user on the list of results
obtained after she/he submits a query. The proposed approach exploits Matrioshka [1]. It allows users to submit
queries to search engines (such as Google, Yahoo, Google
Scholar) in order to obtain clustered and labeled results.
Search engines return results representing Web pages characterized by title, url and snippet. When one submits a
query to a selected search engine, the resulting documents
are clustered using the Lingo clustering algorithm [18]. The
result is presented as a list of labeled and ranked clusters.
Labels are built considering the set of most relevant terms
extracted from titles and snippet of the clustered documents.
The retrieved significant terms are also used in order to define a disambiguated query for each cluster. The role of
the new queries is to allow deepening the search with more
specific queries.
The result of a query submission is shown in Figure 1.
In the first column are presented the retrieved clusters. In
particular, each cluster ci is characterized by a label li , an
overall weight owi of relevance of the cluster general content
w.r.t. the submitted query, the set of weighted semantic domains Si = {sdi1 , ..., sdij , ..., sdin } associated with the cluster, and their corresponding weights wsdij . In the second
column are presented the disambiguated (expanded) queries
extracted from each resulting cluster.
The personalization process is based on the tracking of the
choices performed by the user on the result list of clustered
documents. Our objective is to learn the user preferences,
and to use them in order to:
1. rank the clusters of a search result list, showing in the
first positions the clusters containing more interesting
contents from the user viewpoint;
2. rank the documents contained in each cluster, in order
to show in the first positions inside each cluster the
documents belonging to the sources the user preferred
in previous search processes;
3. recommend a set of terms taken from her/his profile for
the expansion and the specialization of her/his original
queries.

To achieve our goals, we consider two types of interaction
between the user and the list of the retrieved clusters:

4.

HISTORY MATRICES

1. Query execution: the user chooses to submit a query
either by typing it in the search engine or by choosing
it in the set of the disambiguated queries associated to
clusters or by choosing one of the recommended terms.

To store all the information needed by the personalization process we propose a data model based on the use of
matrices. In particular, we conceive three types of matrices,
the User Profile matrix, the Source Reputation matrix and
the Source Annotation matrix. In this section we give the
details about each of them.

2. Click tracking: the user chooses a specific document or
a specific cluster, in order to explore it.

4.1

Both actions indicate that the user is interested in a certain topic. We use these information to create a user profile.
In particular, we store:
1. the web sources (W = {ws1 , ws2 , . . . , wsn }) of the chosen documents (such as www.expedia.com, etc). Such
information are used to assign a reliability degree to
each source. Intuitively, users choose to explore the
pages of sources considered reliable, we increase the
ranking of the sources users seem to prefer;
2. the semantic domains (S = {sd1 , sd2 , . . . , sdm }) considered interesting by the user. Such information are
represented by the keywords corresponding to the clusters of interest.
These information are closely related to a specific submitted query and build the history we want to learn.
Differently from the techniques commonly used in personalization, we do not track the information related to a
specific document (e.g. url, title, snippet, . . . ) because such
information have a too fine granularity for the personalization process. Furthermore, the usage of the information of
single documents often represents a limitation. For example:
1. it is possible to find urls representing different sections
of the same web site. To keep trace of all of them,
we need to store different information about the same
document, obtaining duplicates and wasting space;
2. if we track the exact document url, the stored information could be used in order to represent only that
document, and, in particular, only that single page of
the entire web site. So, if we retrieve correlated (contiguous) pages as result of the same search, we can
bring in the first positions of the resulting list only the
pages that has a traced url;
3. the results of different submissions of the same query
on a search engine are often different, especially if they
were obtained by submissions very distant in time,
even if the document sources are usually the same.
Hence, our general assumption is that a user is not actually interested in a specific page of a web site, but she/he
is more interested in obtaining documents from a reliable
“favorite” source, as first results of a specific query.
So, let us suppose that a computer scientist submits the
queries “java” and “apple”. We assume that s/he is first
interested in obtaining results from her/his more reliable
sources such as www.java.com and www.apple.com respectively, rather then from other sites such as www.sun.com or
www.allaboutapple.com/, or from incoherent sources such
as www.bali-travel-online.com (that considers java as an
island) and www.applefruit.it (that considers apple as a
fruit). The discrimination on the individual documents is
less important under the same query.

User Profile matrix

The User Profile matrix P is constructed from the user
query terms and the semantic domains associated with the
clusters the user has clicked on. Given a query Q composed
of a set of terms {qt1 , qt2 , ..., qtn }, every time the user clicks
on a cluster c, identified by the semantic domains in S, it
means that the user is interested in the semantic domains in
S, with respect to the query Q. This consideration is used
to update the User Profile matrix which associates a degree
of relevance between query terms and semantic domains. In
fact, the matrix represents the function P : {qti , sdj } → wij ,
which associates with each query term qti and each semantic
domain sdj a weight wij which indicates how relevant sdj is
with respect to qti .
In particular, the weight wij of a couple {qti , sdj } is the
average of the weights of sdj in their original clusters. Such
average is computed with respect to the number of times
the user has clicked on a cluster containing sdj among its
semantic domains. Moreover, in the matrix each query term
is coupled with the number of times the user has asked for
a query containing that term, and each semantic domain
is coupled with the number of times the user has been interested in that semantic domain (which means s/he has
clicked on a cluster containing those keywords). The matrix
is represented as:
{sd1 ,f1 }
{qt1 ,f1 }
...
{qtn ,fn }

...

{sdm ,fm }

wij

where:
wijnew =

wijold ∗ fjold + wjc
,
fjnew

is computed incrementally using the weights of the semantic
domain (sdj ) obtained for the same query term (qti ) but
in various submission, and fjnew = fjold + 1 is the new
frequency value associated with sdj .
Let us suppose the user queries “London” for the first
time and obtains as a result the following two clusters (for
each cluster is indicated its set of semantic domains and the
weight each of them has in the cluster):
c1: {(hotel,0.4),(travel,0.6)}
c2: {(theater,0.2),(movie,0.3),(entertainment,0.5)}
the user then clicks on the second cluster in order to examine
its content. This action would result in the following User
Profile matrix:

{london,1}

{theater,1}
0.2

{movie,1}
0.3

{entertainment,1}
0.5

Let us now suppose the user queries “London hotels” and
obtains the following clusters:

c3: {(flight,0.4),(travel,0.6),(entertainment,0.3)}
c4: {(economic,0.2),(booking,0.3)}
and then clicks on the first cluster. The new User Profile
matrix is1 :
{london,2}
{hotel,1}

{th,1}
0.2
0

{mo,1}
0.3
0

{en,2}
0.4
0.3

{fl,1}
0.4
0.4

{tr,1}
0.6
0.6

The weight of the semantic domain “entertainment” for the
query term “london” is evaluated as (0.5 + 0.3)/2 = 0.4.
Note that if we compute the logic AND between the query
term “london” row and query term “hotel” row, we can easily identify which semantic domains are related to the multiword query “london hotel” (in this case: flights, travel and
entertainment). Thus, this matrix is suitable for both singleterm and multi-term queries.

4.2

Source reputation matrix

The Source Reputation matrix R is constructed from the
query terms and the web sources of the documents the user
has clicked on. Given a query Q, we assume that every
time the user clicks on a document, s/he is interested in
that specific source of information with respect to the query.
This consideration is used to update the source reputation
matrix which associates a frequency between query terms
and web sources. In fact, the matrix represents the function
R : {qti , wsk } → fik , which associates with each query term
qti and each web source wsk a frequency fik which is the
number of times the user has clicked on a document whose
source is wsk , with respect to the query. The matrix is
represented as:
ws1
qt1
...
qtn

...

ws1

...

sd1
...
sdm

wsk

wjk

Let us consider the two examples presented in the previous
sections. The resulting Source Annotation Matrix is:

fik

5.

wiki
0,2
0,3
0,4
0,4
0,6

visitlondon
0,4
0,6
1,1
1,2
1,8

expedia
0,4
0,6
1,1
1,2
1,8

USER PROFILE CONSTRUCTION AND
MAINTENANCE

As already introduced in Section 3, the information we
consider in our personalization technique can be collected
and updated when:

Subsequently, the user queries “London hotels”, and then
clicks on the following documents:
d4: http://www.visitlondon.com/accommodation/
hotels/
d5: http://www.expedia.co.uk/daily/holidays/
packages.aspx?rfrr=-13006
The final Source Reputation Matrix is2 :
visitlondon
2
1

Source Annotation matrix

The Source Annotation matrix A is constructed as the
multiplication between the data in the User Profile matrix P
and the data in the Source Reputation matrix S, such as A =
P T × S. In this way, the source annotation matrix is used to
create a relation between the web sources and the semantic
domains. In fact, the matrix represents the function A :
{sdj , wsk } → wjk , which assigns to each semantic domain
sdj and each web source wsk a weight wjk that indicates
how much a semantic domain is relevant with respect to a
web sources. The matrix is represented as:

wsk

d1: en.wikipedia.org/wiki/London
d2: www.visitlondon.com/
d3: www.expedia.co.uk/

wiki
1
0

4.3

theater
movie
entertainment
flight
travel

Let us suppose the user queries “London” and then clicks
on the following documents:

london
hotel

As for the previous matrix P , also the structure of R allows the identification of relevant multi-terms query sources
through the application of the AND operator on the involved
query terms rows. Thus en.wikipedia.org is not a relevant
source for the query “London hotels” because the AND between 1 (for the corresponding “london” row) and 0 (for the
corresponding “hotel” row) returns 0. Together with the
matrix we retain a value called M AX R devoted to store
the maximum number contained in the matrix R. This is
useful for normalization purposes.

expedia
2
1

1
In the following table we use some shortcuts: th=theater,
mo=movie, en=entertainment, fl=flight, tr=travel
2
In the following table we use some shortcuts:
wiki=en.wikipedia.org, visitlondon=www.visitlondon.com,
and expedia=www.expedia.co.uk

• the user submits a query;
• the user chooses a certain cluster. We can deduce that
the set of semantic domains corresponding to that cluster are of interest to the user, with respect to the query;
• the user chooses a certain document. We can deduce
that the web source of the document is considered reliable by the user w.r.t the query.
When the user submits a query, we use the historical data
to rank the results of the query and to suggest the user new
possibly interesting queries. On the other hand, when the
user performs some choices on the results of a query, we use
such information to update the historical data.
In the following we give a more detailed description of all
the operations we considered interesting for the user profile
construction and maintenance.

5.1

Query execution

The execution of a query happens in three different scenarios: (1) the user submits her/his query to the search engine; (2) the user submits one of the possible disambiguated
queries built considering her/his profile; (3) the user submits one disambiguated query from the search results list
and has therefore submitted the new request.
The query is then first preprocessed by the engine which
means that all stop-words are removed and all terms are
stemmed. The result is the set of significant terms contained
in the query, Q = {qt1 , qt2 , . . . , qtn }. Each term is then used
to update the history matrices P and R. In particular, ∀
terms qti ∈ Q:
• if qti is already contained within the P matrix, its
frequency is increased by one and the corresponding
value of f is updated
• otherwise, it is added to it with f = 1
• if qti is not contained within the R matrix, it is necessary to add a new line representing the new term

5.2

Choice of a cluster

The user chooses a particular cluster cj and explores the
documents contained in the cluster. In this scenario, the set
of semantics domains associated with the cluster is used to
update the User Profile matrix P . In particular, ∀ term qti ∈
Q, the semantic domains S = {sd1 , sd2 , . . . , sdm } associated
with the cluster cj , are eventually added as columns of P (if
they don’t already exist in it). Moreover, ∀wij ∈ P such as
i = 0, ..., n are indexes of query terms which originated the
selected cluster:
• if wij 6= 0 in P , its value is updated with the sdj weight
in the selected cluster, as described in 4.1.
• if wij = 0 in P , wij = sdj weight.

5.3

Choice of a document

The user chooses a specific document dh contained in a
cluster cl . In this scenario, the web source wdj of the document is used to update the Source Reputation matrix R.
In particular, ∀ term qti ∈ Q:
• a corresponding row in the R table is created (if it is
not already present in the matrix)
• a column for web source wsj is added (if it is not already present in the matrix)
• the frequency fij is evaluated for the web source wsj .
In particular:
– if the web source is already contained in the set,
its frequency fij is added by 1.
– if the web source is not contained, it is added to
it with fij = 1.
Note that in this scenario the semantic domains associated
to the explored cluster are not taken into account. In fact
they were already stored when the user clicked on the cluster
label, looking for interesting documents.
In order to avoid the explosion of the dimensions of the
matrices and guarantee the scalability of the approach we
use classical techniques for efficient sparse matrices management and cleaning techniques to delete not useful data.

6.

RANKING OF THE RESULTS

Let us suppose the user submits a query. The result of
the query is a set of clustered documents which need to be
ranked before being presented to the user. In order to rank
the results, we access the historical matrices with the aim
of giving a higher rank to the information “similar” to the
previously browsed. Algorithm 1 shows how to rank the
clusters resulting from a web search given the user profile
matrix P , the set of clusters C and the query Q submitted
by the user.
Algorithm 1 Rank-Clusters (P, C, Q)
1: for all clusters cj ∈ C do
2:
K={semantic domain sdk ∈ cj }
3:
for all qt consider the set ROW of rows of matrix P
corresponding to the query terms
4:
build the set COL of columns having only non zero
values in the cells in the rows in R
5:
insert in SQ the terms corresponding to COL
6:
X = {wsd
: sdij ∈ (K ∩ SQ )}
Pij
X x
7:
CW = |K∩S
Q|
8:
Y = {wsd
: sdij ∈ SQ }
P ij
y
9:
P W = |SYQ |
W
10:
P = CW +P
2
11:
new rank(cj )=(1-β)*original rank(cj )+β*P
12:
Rank-Documents(cj , H, Q)
13: end for
14: OrderByRank(C)
15: return C

where β is the personalization factor. As in the work proposed in [23] β is used to decide the weight of the personalization in the computation of the rank varying from 0 to 1.
We allow the user to choose the value of β in order to decide
how much the desired results are to be near to her/his profile. If β is 0, the ranking is the same as plain search. If β is
1.0, then the search rank is totally determined by the profile.
If β is 0.5, which is the default, the system considers equally
the importance of the two contributions. In this algorithm
CW (content weight) represents the weight of the semantic
domains in the cluster which are also contained in the user
profile w.r.t. the query. P W (profile weight) represents the
weight given to the semantic domains w.r.t. to the terms of
the query in the user profile.

7.

PROFILE BASED QUERY DISAMBIGUATION

In addition to the query expanded using terms derived
from clusters, we want to offer a set of user profile based
disambiguated queries. In particular we show a set of terms
taken from the semantic domains stored inside the user personal profile, highlighting them w.r.t. their frequency values
stored in the User Profile matrix. The user can select one
or more of these terms in order to build a new query that
is submitted to the search engine. The main difference between the query built considering terms taken from clusters
and the queries built using terms taken from the profile is
that the first queries propose new original contents that are
not correlated with the user’s preferences while the others
are closer to what the user usually searches while the others.

Algorithm 2 Rank-Documents (R, c, Q)
1: for all documents dk ∈ c do
2:
for all qt consider the set ROW of rows of matrix R
corresponding to the query terms
3:
build the set COL of columns having only non zero
values in the cells in the rows in R
4:
insert in W SQ the terms corresponding to COL
5:
wsk =web source(dk )
6:
if wsk ∈ W SQ then
7:
assign to f the value in R corresponding to wsk and
qt
f
8:
W P = M AX
R
9:
new rank(dk ) = (1-β)*original rank(dk ) + β*W P
10:
end if
11: end for
12: OrderByRank(c)

8.

CONCLUSIONS

In this paper we proposed a novel personalization technique based on the extraction of user-preferences information from the clustering of the user web searches results.
The basic idea of the proposed approach is to store for each
user information about the preferred semantic domains Web
sources considered more reliable. The collected information
are used to build a user profile useful to re-rank the results in order to offer the higher positions the results with
a higher degree of semantic correlation with the user profile
and originating from the more reliable Web sources.

9.
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