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With the rapid development of personalized information retrieval, user profile plays an important role. In
this paper, we propose a fuzzy clustering method of construction of ontology-based user profiles (FCOU).
In the FCOU method, we employ fuzzy clustering techniques combined with optimization techniques to
develop ontology-based user profiles. One key feature of FCOU is that it employs an augmented Lagrang-
ian function to create fuzzy clustering model for the construction of user profiles. Another key feature of
FCOU is that it employs the combination of FCM, PHR and simulated annealing to develop ontology-based
user profiles. The method allows some information to belong to several user profiles simultaneously with
different degrees of accuracy.

� 2008 Elsevier Ltd. All rights reserved.
1. Introduction

Nowadays the amount of information on the Internet is increas-
ing dramatically. The ability of facilitating users to achieve useful
information is more and more important for information retrieval
system. A user profile is required to present the information that
the user truly needs.

Generally, there are two major approaches for collecting user
profiles [1]. Preprocessing is a method done with a questionnaire.
This method is time consuming for users. For the other method,
automatic collection is based on the interaction between the user
and the system. User profiles are acquired by analyzing the web
pages that the user visits. For example a user profile is created
by analyzing the content of surfed pages and even by analyzing
the length of the document and the time that was spent on the
document associated with that content. The cost of automatic col-
lection is not higher than the cost of preprocessing. However, when
systems use the acquired information only for their own system,
the difference of the accuracy of adaptation may occur. For exam-
ple, when the user frequently uses a system, the system can
achieve an adaptation very well. However, when the user rarely
uses a system, the system cannot achieve an adaptation very well.
To solve this problem, the user must repeat a similar procedure for
each system. This is a burden to the user.

We propose a method called FCOU (fuzzy clustering method of
construction of ontology-based user profiles). The FCOU method
is used to develop ontology-based user profiles. The user profiles
ll rights reserved.
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can maintain sophisticated representations of personal interest
profiles. These representations can be utilized for effective informa-
tion retrieval. Fuzzy clustering allows an entity to belong to more
than one cluster with different degrees of accuracy, while hard clus-
tering assigns each entity exactly to one of the clusters. Thus, fuzzy
clustering is suitable in constructing ontology-based user profiles
because some information is not forced to fully belong to any one
of the user profiles. Fuzzy clustering methods may allow some
information to belong to several user profiles simultaneously with
different degrees of accuracy. FCOU is different from both classes
of the above methods in that our algorithm employs the combina-
tion of fuzzy clustering and optimization to construct user profiles.
2. Related work

The fuzzy c-means (FCM) algorithm [2] is one of the best known
methods in fuzzy clustering. FCM introduces the concepts of fuzzy
logic to classic K-means. Based on FCM, the fuzzy clustering multi-
ple prototype (FCMP) framework [3] proposes a model of how the
data are generated from a cluster structure to be identified. Nasci-
mento et al. [4] extend the FCMP framework to some clustering cri-
teria, and study the FCMP properties on fitting the underlying
proposed model from which data is generated.

Tjhi and Chen [5] propose an algorithm called FCC-STF for clus-
tering standard text documents, in order to expand the existing
fuzzy clustering algorithms such as Fuzzy CoDoK and FCCM. The
FCC-STF algorithm is different from the above two algorithms in
that CC-STF uses a different fuzzifier.

Ahn et al. [6] apply open user models to adaptive news systems,
in order that the adaptive system becomes more transparent and
controllable to the user. They explore the role of open and editable
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user profiles so that the users can see view and edit their interest
profiles right after changes are made.

Hu et al. [7] present a method of predicting users’ gender and
age based on their Web browsing behaviors. The solution consists
of three steps. In Step 1, users’ known Webpage’s gender and age
tendency is learned using the linear form of Support Vector Ma-
chine (SVM) Regression. In Step 2, users’ unknown age and gender
are predicted using a Bayesian framework. To solve the data-
sparseness problem suffered in the above two steps, Singular Value
Decomposition (SVD) is used to produce a low-dimensional repre-
sentation of original user-page space by making use of similarity
relationship between users and Webpages.

Nébel et al. [8] propose a method for the creation of user-pro-
files through the construction of a central database resource of user
ontologies, from which ready-made taxonomies of different types
of users can be extracted as a unit. The advantages of the method
are its easy adaptability, high speed of operation, automatic com-
pletion of inferences to yield new information, and automatic
extendibility.

Razmerita et al. [9] address the aspects of ontology-based user
modeling and they present a generic architecture for implicit and
explicit ontology based-user modeling. They identify the aspects
of user modeling relevant to KMSs and integrate them in a generic
framework based on ontologies.

Kanjo et al. [1] propose A3, which is a framework for user adap-
tation. In this framework, the automatic construction of the user
ontology and the sharing of the user ontology are enabled in
achieving user adaptation. The user ontology is defined as a classi-
fied tree of web resources, and is written by RDF(S) and OWL pro-
posed for the Semantic Web. They assume that the user ontology
represents the user’s knowledge, and they use the user ontology
as a user profile to achieve a user adaptation on A3.

Kim et al. [10] present their development of a document man-
agement and retrieval tool, which is named Ontalk. Ontalk pro-
vides a semi-automatic metadata generator and an ontology-
based search engine for electronic documents. Ontalk can create
or import various ontologies in RDFS or OWL for describing the
metadata. Their system that is built upon .NET technology is easily
communicated with or flexibly plugged into many different
programs.

Nakaya et al. [11] describe how to exploit a machine-readable
dictionary (MRD) and domain-specific text corpus in supporting
the construction of domain ontologies that specify taxonomic
and non-taxonomic relationships among given domain concepts.
In order to acquire taxonomic relationships, they use matching re-
sult analysis and trimmed result analysis. In order to learn non-
taxonomic relationships, they use WordSpace and an association
rule algorithm.

Maedche et al. [12] discuss how ontology learning greatly facil-
itates the construction of ontologies by the ontology engineer. The
framework of ontology learning proceeds through ontology import,
extraction, pruning, refinement, and evaluation. Besides of the gen-
eral framework and architecture, they show some exemplary tech-
niques in the ontology learning cycle and refer to some others that
need to complement the complete architecture.

Li et al. [13] employ association sets to automatically discover
ontologies from data sets. They also set up a reasoning model for
capturing evolving patterns in the ontology, in order to refine its
association set. In addition, they present a formal method of auto-
matically learning how to assess relevance in the ontology.

Bouquet et al. [14] present a method which can be used to auto-
matically elicit and represent the meaning of a schema from very
common web objects. This method takes into consideration not
only structural knowledge but also lexical and domain knowledge
about the labels used in the schema. In this method, meanings are
represented in a formal language called WDL (wordnet description
logic) which is the result of combining a logical language ALCIO
and a well-known electronic lexical database WORDNET.

Suchanek [15] present a large and extendable ontology called
YAGO. In an ontology, the Is-A hierarchy and non-taxonomic rela-
tions between entities are built. It consists of not only individuals
from Wikipedia but also the taxonomy of concepts from WordNet.
They employ a combination of rule-based and heuristic methods to
extract the facts from Wikipedia and WordNet.

Trajkova and Gauch [16] propose a method of the construction
of user profile based on the concepts from a pre-existing ontology.
The method represents the user profile by the total weight and
number of Web pages that are associated with each concept in
the ontology, in order to classify the collected Web pages into
the top-matching concepts in the predefined ontology using the
vector space model. In addition, this paper report how to improve
the accuracy of the profile generated.

In contrast to the above related work, the FCOU method em-
ploys an augmented Lagrangian function to create fuzzy clustering
model for the construction of user profiles. The FCOU method em-
ploys the combination of FCM, PHR algorithm and simulated
annealing to develop ontology-based user profiles.
3. The FCOU method

In the FCOU method, an augmented Lagrangian function is used
to create fuzzy clustering model for the construction of user pro-
files. The OSGP algorithm is then proposed to compute the optimal
solution under given a vector of Lagrange multipliers estimates
and a penalty parameter conditions. Based on the OSGP algorithm,
the CPO algorithm is proposed to compute the optimal solution.
Based on the CPO algorithm, the CCF algorithm is proposed to con-
struct user profiles.

In FCOU, the ontology-based user profiles are used to express
sophisticated user profiles in order that a user may own several
interests. A user profile may correspond to the several ontologies.
For example, there are two ontology faculty and student. In ontol-
ogy faculty, faculty is a superclass, positions, research interests
and teaching activity are subclasses. At the next lower level, teach-
ing activity is a superclass. Course name and credit are subclasses.
In the other ontology student, student is a superclass. Undergradu-
ate student and graduate student are subclasses. At the lower level,
graduate student is a superclass. Master student and Ph.D. student
are subclasses. Xin Chen’s user profile is described as follows: {Xin
Chen, professor, (information retrieval, database, semantic Web)
(Jue Zhang, Hao Guo, Yin Zhao, Ding Hu, Ling Hua)}, {(information
retrieval, 2)}}. Ning Huang’s user profile is described as follows:
{Ning Huang, assistant professor, (database, semantic Web) (Hao
Guo, Ling Hua), {(database, 3), (semantic Web, 2)}}, where {denote
layer. Xin Chen and Ning Huan’s user profiles are explained below:
Xin Chen is a professor. He teaches information retrieval that car-
ries 2 credits. His research interests are information retrieval, data-
base and semantic Web. Ning Huang is an assistant professor. He
teaches database that carries 3 credits and semantic Web that car-
ries 2 credits. His research interests are database and semantic
Web. Ph.D. student Jue Zhang, Yin Zhao and Ding Hu are supervised
under the same advisor Xin Chen. Ph.D. student Hao Guo and Ling
Hua are co-supervised under the advisor Xin Chen and Ning Huang.
Therefore Hao Guo and Ling Hua are not forced to fully belong to
anyone of Xin Chen and Ning Huan.

3.1. The fuzzy clustering model for construction of ontology-based user
profiles

The most known method of fuzzy clustering is the fuzzy c-
means method (FCM) [2]. FCM introduces the concept of fuzzy sets
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to classic K-means [17,18]. Fuzzy set theory is an extension of the
classic set theory developed by Zadeh [19] as a way to deal with
vague concepts. Classical set theory considers an object as a mem-
ber of a given set or not, that is, indicator variable is 1 and 0. In a
fuzzy set, the indicator variable called membership can take inter-
mediate values in interval [0,1].

The FCM algorithm assumes that the number of clusters c is
known in advance and minimizes an objective function to find
the best set of clusters. Usually, membership functions are defined
based on a distance function, such that membership degrees ex-
press proximities of entities to cluster prototypes.

In the FCM algorithm, let X = {x1,. . . , xn} denote a set of unla-
beled feature vector in Rp, and let c be an integer, 1 < c < n. Each
xj is the numerical representation of p features. Given X, a fuzzy
c-partition of X is represented by a c � n fuzzy partition matrix
U = [uij] satisfying the conditions: 0 6 uij 6 1 (1 6 i 6 c, 1 6 j 6 n),Pc

i¼1uij ¼ 1 (1 6 j 6 n) and
Pn

j¼1uij > 0 (1 6 i 6 c), where each value
uij represents the membership of the jth feature vector to the ith
cluster. The clustering criterion used by the FCM algorithm is asso-
ciated with the generalized least-squared errors function.

min JmðU;VÞ ¼
Xc

i¼1

Xn

j¼1

ðuijÞmDij

s:t:
Xc

i¼1

uij ¼ 1; 8j 2 f1; . . . ;ng

0 6 uij i 2 f1; . . . ; cg; j 2 f1; . . . ;ng

ð1Þ

where c is the number of fuzzy clusters, uik 2 [0,1] is the degree of
membership of feature point xk in cluster i. Parameter m > 1 is the
degree of fuzzification called fuzzifier in order to increase or de-
crease the fuzziness. Higher values of fuzziness will make the result
fuzzier. U = [uij] is a c � n constrained fuzzy c-partition matrix. If
m ? 1, then the membership degrees uik ? 0/1, so the classification
tends to be crisp. If m ?1, then uik ! 1

c, where c is the number of
clusters. V = [v1���vc] (vi 2 Rp) is the vector of cluster prototypes,
and Dij is some distance metric between feature vector xj and cluster
prototype vi, which is taken equal to the squared distance

Dij ¼ kxj � v ik2
A ¼ ðxj � v iÞTAðxj � v iÞ ð2Þ

where the matrix A represents a positive definite n � n weight ma-
trix. If A is taken as the identity matrix I, the resulting Euclidean
norm implies hyperspherical clusters.

To minimize criterion Jm, under the fuzzy constraints
Pc

i¼1uij ¼1
and 0 6 uij, we describe an augmented Lagrangian function as
follows:

JmðU;V ;k;dÞ¼
Xc

i¼1

Xn

j¼1

ðuijÞmDij�k1 umc
i¼1uij�1

� �
þr1

2

Xc

i¼1

uij�1

 !2

þ 1
2r2
f½maxð0;k2�d2lijÞ�

2�k2
2g ð3Þ
3.2. The OSGP algorithm

Simulated annealing is a generalization of a Monte Carlo meth-
od for examining the equations of state and frozen states of n-body
systems [20]. The concept is based on the manner in which liquids
freeze or metals recrystallize in the process of annealing. By anal-
ogy the generalization of this Monte Carlo approach to combinato-
rial problems is straight forward [21,22]. The major difficulty in
implementation of the algorithm is that there is no obvious anal-
ogy for the temperature T with respect to a free parameter in the
combinatorial problem. Furthermore, avoidance of entrainment
in local minima is dependent on the ‘‘annealing schedule”, the
choice of initial temperature, how much iterations are performed
at each temperature, and how much the temperature is decre-
mented at each step as cooling proceeds [23].

The OSGP (the optimal solution under given parameters) algo-
rithm which introduces simulated annealing is proposed to com-
pute the optimal solution of the Jm under given a vector of
Lagrange multipliers estimates and a penalty parameter condi-
tions. The simulated annealing algorithm can be viewed as globally
optimizing an objective function. The OSGP algorithm can ensure
to break away current local optimal solution and to reduce the
computing workload.

The OSGP algorithm is based on the following solution form:

. Solution space is {feature vector};

. Objective function is

f ðU;V ; k; dÞ ¼min
Xc

i¼1

Xn

j¼1

ðuijÞmDij

� k1

Xc

i¼1

uij � 1

 !
þ r1

2

Xc

i¼1

uij � 1

 !2

þ 1
2r2
f½maxð0; k2 � d2lijÞ�

2 � k2
2g;

. New solution is produced by randomly choosing another
feature vector from neighboring region N(x);

. Objective function difference is Df = f(new feature
vector) � f(local optimal solution);

. Accept criterion is P = 1 for Df > 0 or P = exp(�Df/t) for
Df 6 0.

The OSGP algorithm is described as the following steps:

{given initial solution x*, initial optimal objective function value
f*,

initial temperature t0, initial step q0, monotone increment
function I(x);

q = q0; // initialize step q
t = t0; // initialize temperature t, t0 = 50
i = 1; // initialization
at = 1; // initialization
while |Ri –C| > e//e is a given enough small positive number,

where e = 3 � 10�3. C is an threshold, where C = 0.79
{Ri�1 = at/as; //at is the acceptable times of new solution, as is

iterative steps number, Ri�1 is acceptable rate
at = at + 1;
as = 0; // initialization
while J<>U //U is the upper limit of step length
{as = as + 1;

while xRN(x) // N(x) is neighboring region
{step length is q and the BFGS optimizer in the quasi-Newton

method is used to compute local optimal solution;
}

xi is produced by randomly choosing another feature vector from
neighboring region N(x) and objective function difference

Df = f(xi) � f(x) is computed;
if Df 6 0 or exp(�Df/t) > random (0,1)
then {x = xi;

if f < f*

then {x = x*;
f =f*;

}
if at is equal to the given acceptable times
then break;
}
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q = I(Ri) � q; // adjustment function I(x) is monofonic increasing
function, where I(x) = (x � 0.5)5 + 1
}
if f < f*

then {x = x*;
f = f*;

}
Ri = at/as;
if i > 2
then // compute self-adjusting temperature
{if Ri�1 < C and Ri < C
then t = t + TC; // TC is a given constant
if Ri�1 P C and Ri P C
then t = t � TC;
if Ri�1 6 C and Ri P C
then t = t � TC/2;
if Ri�1 > C and Ri < C
then t = t + TC/2;
}
i = i + 1;
}
}

In contrast to the widely used simulated annealing algorithm
[21,24], there are three features in the OSGP algorithm. Firstly,
the OSGP algorithm can self-adaptedly adjust temperature. There-
fore it is regarded as time after time optional process. On the one
hand, the Boltzmann factor exp(�Df/t) increases with t. This is use-
ful to break away current local optimal solution and to increase step
length in order to look for a better new solution. On the other hand,
when acceptable rate meets the given condition, the program can
end so as to reduce the computing workload. Secondly, local optimi-
zation techniques instead of choosing randomly a new solution are
employed in order to compute a local optimal solution. Thirdly, the
local optimal solution is recorded during annealing process, in order
to protect the current optimal solution from being thrown away.
Therefore the OSGP algorithm is an intelligent algorithm.

3.3. The CPO algorithm

The CPO (combines PHR with OSGP) algorithm that combines
the PHR algorithm [25] and the OSGP algorithm is used to compute
the optimal solution.

The CPO algorithm is described as follows:

{given initial solution x0, initial a vector of lagrange multipliers
estimates k1 and k2, initial a penalty parameter d1 and d2, a user-
given small precision e > 0, a amplification coefficient c > 1,

constant h 2 (0,1); // initialization
k = 1; // initialization
initialize optimal solution x*;
while ¢k > e
{the OSGP algorithm is used to compute the optimal solution of

the Jm; //given kk
1; k

k
2; d

k
1; d

k
2

uk ¼ fð
Pc

i¼1uij � 1Þ2 þmaxðlij; k
k
2=d2Þg;

if ¢k/¢k�1 > h
then {dkþ1

1 ¼ cdk
1; // updating penalty parameter dk

1
dkþ1

2 ¼ cdk
2; // updating penalty parameter dk

1
}

else {dkþ1
1 ¼ dk

1;
dkþ1

2 ¼ dk
2;

}
kkþ1

1 ¼ kk
1 � dk

1ð
Pc

i¼1uij � 1Þ; //updating lagrange multipliers
estimates kk

1

kkþ1
2 ¼max½ð0; kk

2 � dk
2uijÞ�; //updating lagrange multipliers

estimates kk
2

k = k + 1;
}
}

In contrast to the PHR algorithm, The CPO algorithm employ simu-
lated annealing to compute the optimal solution of the Jm under gi-
ven a vector of Lagrange multipliers estimates and a penalty
parameter conditions.

3.4. The CCF algorithm

We propose the CCF (combines CPO with FCM) algorithm that
combines the CPO algorithm and the FCM algorithm for construct-
ing ontology-based user profiles.

The CCF algorithm is described as follows:

{given a set of unlabeled feature vector X, the number of clusters
C, fuzzifier m > 1, the maximum number of iterations L and the
termination tolerance e > 0;
initialized U(0) with random numbers, and normalized to make

row sums equal to 1;
l = 0;
do {l = l + 1; // the iteration index l

v ðlÞi ¼
PN

k¼1
ðul

ikÞ
mxkPN

k¼1
ðul

ik
Þm

for 1 6 i 6 c; // Vi is the cluster centers

D2
ik¼kxk�v ik2¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðxk�v iÞT Aðxk�v iÞ

q
for 1 6 i 6 c, 16 k6N;

// Dik is the distances, A represents a positive definite n � n
weight matrix

if Dik > 0 for 1 6 i 6 c, 1 6 k 6 N
then uðlÞik ¼

1Pc

j¼1

Dik
Djk

� � 2
m�1

;

else uðlÞik = 0; //update the partition matrix
the CPO algorithm is used to compute the optimal solution of the

Jm;
}
while kUðlÞ � Uðl�1ÞkP n and l < L // membership matrix U(l)

with
elements uðlÞki , where 0 6 uðlÞki 6 1;

Pc
i¼1uðlÞki ¼ 1, for all k

some new rules are generated from these clusters;
these rules are stored into the knowledge base;
the widely used Jena2’s inference mechanism [26,27] is used to
infer semantic associations from the existing rules in the

knowledge base in order to discover semantic relationships
among the clusters;

}

In contrast to the widely used the fuzzy c-means (FCM) algorithm
[2], the CCF algorithm employs a combination of the PHR and sim-
ulated annealing algorithm to compute the optimal solution and
provides the inference mechanism to find the semantic relation-
ships among the clusters.

4. Experiment results and discussion

In this section, we conduct the experiments to evaluate the per-
formance of the FCOU method.

4.1. Experimental results and analysis

We applied the FCM algorithm to automatically construct
ontology-based user profiles. We randomly select two faculties,
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and their personal information such as positions, research inter-
ests, graduate students and teaching activity. The element vector
aij in a two-dimensional vector space represents the ith relevant
information that appears in the jth person. A set of 16 nodes are ar-
ranged in a two-dimensional space with weight vector attached to
each node. The data is described below:
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The experiment result is shown in Fig. 1, where cluster number is
five and iteration count is 10.

The experiment result in Fig. 1 shows that the same position be-
longs to the same cluster. All research interests are not forced to
fully belong to a cluster. Similar graduate students belong to the
same cluster. Similar teaching activities belong to the same cluster.
Positions, research interests, and graduate students are not forced
to fully belong to any one of the user profiles. Thus, the algorithm
might perform well.

4.2. Comparative results and analysis

We study the performance of the FCOU method against the
existing Trajkova and Gauch’s method [16]. We adopt the F0.5 mea-
sure to evaluate the performance of the FCOU method. The F0.5
measure is a standard IR evaluation measure. The F0.5 measure
can weight precision twice as much as recall, that is, F0.5 =
(1 + 0.5) � (precision � recall)/(0.5 � precision + recall). Recall, preci-
sion, and the F0.5 measure are calculated for each user considering
the top different percentages of all non-zero concepts ordered by
number of Web pages in the user profile. The user profile was built
by classifying the first 30 pages visited by a user. Figs. 2–4 show
the precision, recall and the F0.5 measure calculated for each user
considering 10%, 20%, 30%, 40%, 50%, 60%, 70%, 80%, 90%, 100% of
the top ranked concepts. Figs. 2–4 show that the precision, recall
and the F0.5 measure of FCOU method is improved more obviously
than that of the Trajkova and Gauch’s method [16]. It is because
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some information is allowed to belong to several user profiles
simultaneously with different degrees of accuracy.

5. Conclusion

With the emergence of the Semantic Web, ontology offers some
opportunities for improving on information retrieval system.
Ontology-based user profiles typically maintain sophisticated rep-
resentations of personal interest profiles. These representations
can be utilized for effective information retrieval. In this paper,
we propose a fuzzy clustering method, FCOU, of construction of
ontology-based user profiles. The FCOU method employs the com-
bination of FCM, PHR and simulated annealing to develop user pro-
files. In FCOU, an augmented Lagrangian function is used to create
fuzzy clustering model for the construction of user profiles. The
OSGP algorithm is used to compute the optimal solution under gi-
ven a vector of Lagrange multipliers estimates and a penalty
parameter conditions. The CPO algorithm is used to compute the
optimal solution. The CCF algorithm is used to construct user pro-
files. Thus, the method can improve precision and recall.
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