Int. J. Complex Systems in Science
vol. 1(2) (2011), pp. 134–140

Integration of semantic user profile within a social
recommendation system: semantic relevance measures
characterization
Maria Malek1,† , Dalia Sulieman1,2 and Hubert Kadima1
1

LARIS-EISTI , Ecole Internationale de Sciences de Traitement de l’Information
Cergy-Pontoise
France
2

ETIS, University of Cergy Pontoise
France

Abstract. We have earlier proposed an algorithm for computing recommendation in collaboration networks. This recommendation is based, on one hand, on
the similarity between authors’ preferences and the submitted query and on the
other hand, on the betweenness centrality of authors found on the search paths.
We are now working on the elaboration of semantic user preferences by using
a domain ontology.
We propose different categories of relevance measures. The basic relevance
measure is the classical one which matches the preference terms to the query
terms. The semantic relevance measure is the one that matches the semantic
preferences to the query concept terms both extracted from the ontology definition. The semantic-structural relevance measure integrates the structural and
hierarchical organization of concepts in the ontology.
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1.

Introduction

Social networks can be a source for the development of recommendations like
finding an expert in a given field, suggesting products to sell, offer a friend, etc.
This development may be based on paths exploration algorithm and degree
analysis algorithms[9, 1, 2, 3, 10, 5].
In this paper, we propose an algorithm for computing recommendation in
collaboration networks. Our network consists of a set of persons with weighted
ties that represent similarity between actors. We work on two types of collaboration networks:
1. A bibliographic collaboration networks which is composed of authors
related together by similarity links. These authors are extracted from
the Microsoft bibliographic data. The similarity between two authors
depends on the co-citation and the bibliographic coupling measures [7].
2. A product co-purchasing collaboration network extracted from the Amazon data set. This data set contains 548551 products.
To answer the request of an actor, the system recommends a list of other
actors that match the best requested criteria.
We propose two recommendation algorithms based on three types of knowledge:
• The first type deals with information concerning the person. This information is stored in the actor vertex level and can be represented by an
ontology describing user profiles.
• The second type of information is computed from the network structure
itself. Actually, this consists of exploring the links starting from the
initial actor exploring the maximum spanning tree whose the root is the
initial actor. We can thus reduce the search space of target actors.
• The third type of information is based on the betweenness centrality
measure associated to each actor. This measure enables to estimate the
control of an actor over other pairs of actors. We use this measure to
extract the best paths from the previous spanning tree.
we have earlier proposed an algorithm for computing recommendation in collaboration networks [4, 6]. This recommendation is based, on one hand, on
the similarity between authors’ preferences and the submitted query and on
the other hand, on the betweenness centrality of authors found on the search
paths. To search the graph we first extract the most representative spanning
tree and then we explored this tree.
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The first proposed algorithm is an exhaustive one, it is based on breadth
strategy to explore the spanning tree until finding a suitable author to recommend. The second algorithm uses the A* algorithm for searching the spanning
tree instead of the breadth search strategy. By comparing both algorithms we
notice that 11% to 49% of the original search space is explored.

2.

Extension of user preferences by using a domain ontology

We use a domain ontology which is a taxonomy as in the Amazon application.
The single relation between some pairs of concepts is the relation ”Is-a”. Such
an ontology is defined by a set of concepts terms: {C1 , C2 , .., Cn } and a set of
pairs of concepts related by the relation Is-a. This ontology can be represented
by a tree and forms a taxonomy. We aim to integrate the ontology concepts
terms as well as its structure in order to enhance the recommendation quality [8]. As mentioned above, the user preferences are actually represented by
a weighted vector of terms. We propose to extend the user preferences by
annotating this weighted vector of terms, using the ontology concept terms;
we thus can derive the semantic profile of user which will be represented by
a weighted vector of concepts. For example, suppose that the user u1 has
as basic preferences the weighted vector: {(I1 , S1 ), (I2 , S2 ), (I3 , S3 ), (I4 , S4 )}
where Ii is a given item and Si is the score associated to this item. We
suppose that these items belong to concept terms of the ontology domain :
{(I1 , C2 ), (I2 , C3 ), (I2 , C4 ), (I3 , C4 ), (I4 , C2 )}. The user semantic derived prefS2 +S3
4
erences will be : {(C2 , S1 +S
2 ), (C3 , S2 ), (44 ,
2 )}.
We therefore assign to each user two types of preferences:
1. basic preferences represented by a weighted list of terms named: BPref,
2. semantic preferences represented by a weighted list of concepts named
CPref.
Our goal is to elaborate set of a similarity measures in order enrich the
semantic part of our algorithm and to test the improvement of the recommendation quality.
We propose theses categories of relevance measures:
1. The basic relevance measure: this is the measure that we use actually,
the idea is to compute how match the query is close to the a basic user
preferences. Given a query RX composed of a list of terms, the basic
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relevance is computed by:
P
rel(RX , BP refZ ) =

BP refZ .Sj

j∈inter(RX ,BP refZ )
m
P
i=1

(1)

BP refZ ∗ Sj + |RX \BP refZ |

With:
inter(RX , BP refZ ) = {k ∈ {1, . . . m} | BP refZ · TK ∈ RX }
In the numerator part of the equation, we compute a value that depends
on the weighs of terms that belongs to the query and to the user preferences at the same time. In the denominator part, the union of terms of
the query and the user preferences is computed.
2. The semantic relevance measure: we propose a simple extension of the
basic similarity measure this measure between a semantic representation
of the query and the semantic user preferences profile. Given a query
by a list of terms we derive a semantic representation of a query by:
CR = {C1 , ..Cm }, where C1 , .., Cm are the concepts tow which belong
the terms of query. The similarity measure computed by:
P
rel(R, CP refZ ) =

CP refZ .Sj

j∈inter(CR,CP refZ )
m
P
i=1

(2)

CP refZ ∗ Sj + |CR\CP refZ |

With:
inter(CR, CP refZ ) = {k ∈ {1, . . . m} | CP refZ · TK ∈ CR}
3. The semantic-structural relevance measure: this type of measure integrates the ontology structure beside the concepts definitions. An example of this measure is the distance proposed by [8] between two concepts
x and y that belong to a given taxonomy (a domain ontology as the
Amazon one).
D(x, y) =

log(1 + 2β(y, LCA(x, y))) − log(α(x, LCA(x, y)))
maxD

where :
• LCA(x, y) is the least common ancestor between x and y.

(3)
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• α(x, y) is a generalization measure that describes the common characteristics between x and y.
• β(y, x) is a specialization measure that describes the characteristics
of y but not of x.
These two last measures are given by:
α(X, Y ) =

AP S(Y )
AP S(X)

β(Y, X) = AP S(Y ) − AP S(X)
where APS(X) means the a-priori score of concept node and is given by:
AP S(X) =

1
nc + 2

and nc is the number of descendants of X.

3.

Conclusion and perspective

we have earlier proposed an algorithm for computing recommendation in collaboration networks [4, 6]. This recommendation is based, on one hand, on
the similarity between authors’ preferences and the submitted query and on
the other hand, on the betweenness centrality of authors found on the search
paths. To search the graph we first extract the most representative spanning
tree and then we explored this tree.
The first proposed algorithm is an exhaustive one, it is based on breadth
strategy to explore the spanning tree until finding a suitable author to recommend. The second algorithm uses the A* algorithm for searching the spanning
tree instead of the breadth search strategy.. By comparing both algorithms
we notice that 11% to 49% of the original search space is explored.
We are now working on the elaboration of semantic user preferences by
using a domain ontology. The Amazon data sets (http://snap.stanford.edu/)
contains 548551products described by:
• Two identifiers: Id , ASIN: Amazon Standard Identification Number.
• Title,group: (Book, DVD, Video or Music), salesrank.
• Similar: ASINs of co-purchased products.
• Categories: location in product category hierarchy.
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• Reviews: Product review information: time, user id, rating, total number of votes on the review, total number of helpfulness votes (how many
people found the review to be helpful).
The data preparation process consists of:
1. Elaboration of the products taxonomy.
2. Extraction of the collaboration network (nodes are users).
3. Elaboration of the basic and semantic preferences for users.
We propose different categories of relevance measures. The basic relevance
measure is the classical one which matches the preference terms to the query
terms. The semantic relevance measure is the one that matches the semantic
preferences to the query concept terms both extracted from the ontology definition. The semantic-structural relevance measure integrates the structural
and hierarchical organization of concepts in the ontology. We aim now to test
the different types of relevance measures in order to propose a metric that
enables to elaborate the best recommendation.
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