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Abstract. The overload of the information available on the web, held
with the diversity of the user information needs and the ambiguity of
their queries have led the researchers to develop personalized search tools
that return only documents that meet the user proﬁle representing his
main interests and needs. We present in this paper a personalized document ranking model based on an extended graph-based distance measure
that exploits a semantic user proﬁle derived from a predeﬁned web ontology (ODP). The measure is based on combining Minimum Common
Supergraph (M CS) and Maximum Common Subgraph (mcs) between
graphs representing respectively the document and the user proﬁle. We
extend this measure in order to take into account a semantic recovery between the document and the user proﬁle through common concepts and
cross links connecting the two graphs. Results show the eﬀectiveness of
our personalized graph-based ranking model compared to Yahoo1 search
results.

1

Introduction

A major limitation of most existing search engines is that they are based on a
content-based query-document matching pattern. Retrieving the most relevant
documents for short queries in a large scale document collection, where the user
needs are diverse, is a limitation of traditional IR strategies. Indeed, these latter
consider that the query is the only key that represents the user information need.
Personalized search aims at tackling this problem by considering the user proﬁle
that describes the main user interests and preferences, in the search process.
The main challenging task in the ﬁeld is how to represent, infer, and exploit
the user proﬁle so as to improve the search performance. User proﬁle models
are arranged from very simple representations to complex representations based
on semantic resources used to describe the user interests with a rich variety of
interrelations among them. The user proﬁle representation model could be based
on a bag of words [1], graph of terms [2, 3] deﬁned usually by term co-occurrence,
or conceptual representation based on a list of concepts [4, 5] or an instance of
the ontology [6, 7]. Improving the search accuracy is then achieved by using
1
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the user proﬁle in a personalized document ranking such as query reformulation
techniques, query-document matching models or result re-ranking.
We present in this paper a personalized graph-based document ranking model
using a semantic user proﬁle. We have already proposed in previous works [8, 9]
a semantic representation of the user proﬁle based on a graph of semantically
related concepts issued from a predeﬁned web ontology, namely the ODP ontology2 . Personalization is based on reranking the search results by calculating for
each retrieved document, a personalized score using the cosine similarity measure
between the document and the top weighted concepts of the user proﬁle. In this
paper, we focus on a personalized document ranking model that represents both
the document and the user proﬁle in a graph-based model and uses a graph-based
distance measure to calculate a document-proﬁle semantic recovery. It is based
on a semantic extension of a graph-based distance measure combining Maximum
common subgraph (mcs) and minimum common super-graph (M CS). We extend this measure in order to increase the personalized score of the most related
documents to the user proﬁle by taking into account not only common concepts
but also cross links connecting the two graphs.
The rest of this paper is organized as follows. In Sect. 2, we present related
works in personalized document ranking models and then highlight our contribution. In Sect. 3, our personalized document ranking model is detailed. In
Sect. 4, we present the experimental evaluation and results by comparing the
performance of our personalized search ranking to Yahoo ranking results. In the
last section, we present our conclusion and plan for future work.

2

Related Work

Personalized document ranking is usually achieved by integrating the user proﬁle in the query reformulation process [4, 2], query-document matching [10] or
document ranking [7, 6, 5].
Most of query reformulation techniques are based on adding or reweighting
terms using Rocchio algorithm [4] or by using rewriting rules [2] depending on the
user proﬁle representation. In [4], the query is matched with the most appropriate
pair of concepts in the user proﬁle; the ﬁrst concept of the pair is the most similar
to the user query, it is used to add or enhance the weight of relevant terms while
the second one is the less similar one used to eliminate non relevant terms in
the search. In [2], a more elaborated user proﬁle based on terms connected by
diﬀerent edge relations (negation, substitution, etc.) allows to add, eliminate or
substitute the query terms with relevant terms.
Using the user proﬁle in the query-document matching model consists of calculating the relevance score of the document relatively to both the user query
and the user proﬁle. A bayesian model integrating a document relevance score
function is proposed in [10] in order to increase the score of the document when
the document vocabulary matches the user proﬁle one.
2
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Personalization based on result re-ranking consists of combining the contentbased document score with the personalized document score [7, 6, 5] or with the
personalized PageRank of the document [11]. The personalized score is computed
in [7, 6] using the cosine similarity measure between each returned document and
the most similar concepts of the user proﬁle. In [5], personalization consists of
combining personalized categorization and result re-ranking using a voting-based
merging scheme. Personalized result-reranking based on PageRank is described
in [11]. The user selects his preferred pages from a set of hub pages and one
personalized PageRank vector is computed for each user interest used to redirect
the returned web pages to the preferred ones.
In most of other related works based on an ontological user proﬁle, the document is represented by a vector of weighted terms and the personalized score
of the document is computed according to a term-based similarity measure
(cosine) [7, 6] between the document and some concepts of the user proﬁle.
The main distinctive feature of our work is to use a semantic document-proﬁle
matching model that represents both the user proﬁle and the document by graphs
derived from the ODP ontology and computes a personalized relevance score of
the document based on an extended semantic graph-based distance measure.

3

A Personalized Graph-Based Document Ranking
Model

In our approach, we make use of a semantic user proﬁle model proposed in our
previous work [8], which holds the user interest built across a search session. This
latter is deﬁned by a sequence of queries related to the same user information
need. The user proﬁle is represented as a graph of interrelated concepts of the
ODP ontology 3 considered as a highly expressive ground to describe a semantic
user proﬁle model. It is built by mapping the user’s documents of interests on the
ODP and selecting the highly weighted group of concepts that are semantically
linked with diﬀerent edge types in the ontology. Formally, the user proﬁle is
represented by a hierarchical (tree) component composed of “is-a” links, and a
non hierarchical component composed of cross links of diﬀerent types predeﬁned
in the ontology. It is deﬁned as a directed graph G=(V,E) where:
– V is a set of weighted nodes, representing concepts of interest,
– E is a set of edges between nodes in V, partitioned into three subsets T, S
and R, such that: T corresponds to edges made of “is-a” links, S corresponds
to edges made of “symbolic” cross links and R corresponds to edges made
of “related” cross links.
We exploit the user proﬁle in a result reranking process using a personalized
graph-based document ranking model. The model consists of calculating a personalized relevance score of a document with respect to the user proﬁle according
to a graph-based distance measure. This latter is based on a semantic extension
3
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of the combined distance measure using minimum common supergraph (M CS)
and maximum common subgraph (mcs). We review in this section the most
common used graph-based distance measures and then present our extended semantic graph-based measure used in the personalized document ranking model.
3.1

Background: Graph-Based Distance Measures

The most common known graph-based distance measures use the maximum
common subgraph (mcs) [12], the minimum common supergraph (M CS) [12],
the combined measure using M CS and mcs [13] or the edit distance [14].
The maximum common subgraph (mcs) of two graphs g1 and g2 , is a subgraph
g of both g1 and g2 based on common concepts and has among all the subgraphs,
the maximum number of nodes [15]. The graph-based distance measure based
on the subgraph mcs [12] is given by the following formula:
d(g1 , g2 ) = 1 −

|mcs(g1 , g2 )|
max(|g1 | , |g2 |)

(1)

|g1 | (resp. |g2 |) is the the number of nodes in g1 (resp. in g2 ). This formula gives
lower distance for graphs having large mcs.
The minimum common supergraph (M CS) of two graphs, g1 and g2 , is a graph
g that contains both g1 and g2 as subgraphs and that has the minimum number
of nodes and edges [15]. The distance measure based on only the supergraph
(M CS) [15] is given in the following formula:
d(g1 , g2 ) = 1 −

|g1 | + |g2 | − |M CS(g1 , g2 )|
max(|g1 | , |g1 |)

(2)

The distance measure based on combining M CS and mcs is given in [13] as
follows:
dMMCS (g1 , g2 ) = |M CS(g1 , g2 )| − |mcs(g1 , g2 )|
(3)
According to this measure, the distance between graphs is lower when the size
of the supergraph is smaller and the size of the subgraph is larger.
An alternative of the distance measure based on mcs is the edit distance [14].
It expresses the shortest sequence of edit operations that transform a graph
g1 into another graph g2 . An edit operation is either the deletion, insertion or
substitution applied to nodes and edges. This measure is deﬁned as follows:
d(g1 , g2 ) = min {C(ξ)}

(4)

where ξ is the sequence of edit operations to transform graph g1 into graph g2 .
3.2

A Semantic Graph-Based Matching Model

We propose a personalized document ranking model based on a graph-based
distance measure for calculating the personalized score of a document. This
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latter reﬂects a semantic recovery with the user proﬁle based on the following
hypothesis: “a document is ranked higher if it recovers the maximum of concepts
of the user proﬁle at both speciﬁc and general levels”. Based on this hypothesis,
personalization is achieved as follows:
– Map each retrieved document’s content dk represented by a term-based
vector on the ODP ontology using the cosine similarity measure and extract the document’s graph by connecting the top 20 weighted concepts
using diﬀerent edge types of the ontology.
– calculate the personalized score Sp (dk , Gu ) of each retrieved document dk
using an extended semantic graph-based distance measure combining M CS
and mcs with respect to the reference ontology (ODP),
– re-rerank the search results according to the ﬁnal score Sf (dk ) of each retrieved document dk calculated by combining, its initial score Si returned by
the system using a content-based ranking model and its personalized score
Sp as follows:
Sf (dk ) = γ ∗ Si (q, dk ) + (1 − γ) ∗ Sp (dk , Gu )

(5)

0 ≤ γ ≤ 1. When γ has a value of 1, personalized score is not given any
weight. If γ has a value of 0, the original score is ignored and pure personalized score is considered.
In the next sections, we present our motivations behind using a graph-based
distance measure and the way of calculating the personalized score of a document
using the semantic extension of this measure over the ODP ontology.
Toward a Semantic Graph-Based Measure. We propose a graph-based
distance measure based on the combination of M CS and mcs. Our choice is
based on the following reasons:
– The Minimum Common Supergraph (M CS) allows measuring the similarity
between the document and the user proﬁle at general levels even if the graph
do not have common concepts. Indeed, the supergraph of two graphs is
smaller when the root nodes of both graphs are close in the ontology.
– The Maximum Common Subgraph (mcs) allows measuring the similarity
between the document and the user proﬁle at speciﬁc levels. Indeed, the
subgraph is larger when the two graphs have common concepts at speciﬁc
levels, and consequently this enlarge the subgraph with common concepts at
general levels.
However, this measure can’t deal with approximate matching between the document and the user proﬁle. Indeed, this measure give similar distance for documents that have cross links with the user proﬁle and others that dont have cross
links neither common concepts. This is due to the exact recovery assumption
using the common concepts to build the subgraph. That’s why we argue to extend semantically the subgraph of two graphs by taking into account relative
document-proﬁle semantic recovery. Our intuition at this level is to consider two
types of recovery in the semantic distance measure:
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1. Exact recovery: refers to an exact similarity between the document and the
user proﬁle. It is calculated by the number of common concepts.
2. Relative recovery: refers to a relative similarity between the document and
the user proﬁle. It is calculated by the number of common related concepts
connecting the two graphs, in other terms, those linked with cross links.
Calculating the Personalized Document Rank. We calculate the personalized document rank by extending ﬁrst each of the document’s graph and the
user-proﬁle’s graph and then by computing the distance measure based on the
combination of M CS and mcs of the two extended graphs.
– A semantic extension of the mcs: Formally, let g1 and g2 the graphs representing respectively the user proﬁle and the document. As shown in Fig. 1,
the set of concepts of graph g2 connected to graph g1 with cross links represent the extension of graph g1 (in Fig. 1, concepts c11 and c14 forms the
extension of graph g1 ). Formally, we deﬁne the extended graph g12∗ of graph
g1 with respect to g2 , as follows:
g12∗ = g1 ∪ {ci ∈ g2 /∃cj ∈ g1 ∧ eij ∈ S ∪ R}

(6)

eij is the edge linking concept ci to concept cj , S∪R is the set of symbolic and
related concepts of the ODP ontology (cf. Sect. 3). We create the extended
graph g21∗ by the same manner as the graph g12∗ . We obtain two extended
graphs g12∗ and g21∗ that will be used in the personalized document ranking
model.
Common related concepts
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g1*
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c8

c1

g1

c5
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c6

c11
c14

g2
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c12
c14

c10
c13
c15

Fig. 1. A semantic extended graph through cross links

– Calculating the personalized relevance score: We use the extended graphs g12∗
and g21∗ to calculate the personalized relevance score of the document based
on a semantic distance combining the M CS and mcs between the document
and the user proﬁle. The mcs of the two extended graphs contains initially
common concepts called mcscc and the activated concepts issued from the
graph extension called mcsca that are either the concepts linking the two
graphs through cross links or the inner concepts linking the concepts of the
subgraph together.
In order to distinguish the role of the related concepts connected through
the cross links relatively to the direct common concepts between graphs, we
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used a decay factor fca . This factor is calculated automatically based on the
following assumption: “the number of activated concepts must be reduced as
more as we have symbolic or related edges connecting the graphs”. fca is given
LR
, LR is the set of cross edges linking concepts of the
as follows: fca = 1+L
R
two graphs. Finally, in order to take into account the graph size diﬀerence
between the documents compared to the user proﬁle, we normalized the
semantic distance measure between graphs by dividing over M CS as follows:






M CS(g12∗ , g21∗ ) − (mcscc (g12∗ , g21∗ ) + fca ∗ mcsca (g12∗ , g21∗ ))
2∗ 1∗
d(g1 , g2 ) =
|M CS(g12∗ , g21∗ )|
(7)

4

Experimental Evaluation

In this section, we present an experimental evaluation undertaken through a user
study in order to compare the eﬀectiveness of our personalized search in front of
Yahoo search, and to evaluate the impact of diﬀerent document-proﬁle similarity
measures.
4.1

Dataset

We exploited a search log of a commercial web search engine, namely Exalead,
and we extracted the search history of 10 users collected along three months.
As our approach is based on personalizing search across sessions deﬁned by a
sequence of related queries, we have selected 25 user search sessions for all the
10 users as follows:
– Each session contains three queries related to the same user information need
and are submitted by the same user in a chronological order.
– Each query has at least one clicked document as it is the only source of
evidence to build the user proﬁle in a search session. We consider obviously
that a document is relevant if it is clicked by the user.
In order to test the personalized search eﬀectiveness along the user search session,
we have divided the query set per session into a training query set to learn the
user proﬁle and a testing query set to evaluate the retrieval performance. The
ﬁrst two queries of each search session are part of the training query set, which
contains a total of 50 queries. The last formulated user query of each session is
part of the testing query set, which contains a total of 25 queries. Testing query
terms vary between 1 and 4 and the user intent behind these queries is mostly
informational (“Risques auditifs”) or transactional (“Le bourg d’oisans hotel ”).
The document collection consists of collecting the top 50 results retrieved
from the publicly available Yahoo API4 for each testing query. In our evaluation
setting, these documents are used only for reranking the search results using
4
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the user proﬁle. In order to evaluate the retrieval eﬀectiveness, the relevance
assessments for the testing queries were given through a user study. To do, 5
computer science students of our lab were presented with the set of top 50
results retrieved from Yahoo. Each participant was considered the user who has
formulated the query and asked to judge whether each document was relevant
or not according to the subject of a subset of testing queries.
4.2

Evaluation Protocol

The evaluation protocol consists of a training step and a testing step.
1. Training step: This step consists of learning the user proﬁles for each testing query using the clicked documents of the corresponding training queries
belonging to the same user.
2. Testing step: This step consists of evaluating the personalized retrieval eﬀectiveness for each testing query using the user proﬁle compared to the baseline
search performed by Yahoo search using only the testing query. Personalized
search is based on reranking the top 50 results of Yahoo for each testing query
using the appropriate user proﬁle and by combining for each document its
original rank (sorted by Yahoo) and its personalized rank calculated using
our graph-based distance measure. We use the precision at top 10 and top
20 documents (P@10, P@20) as an evaluation metric which measures the
system performance for documents that are most viewed. We pool together
the queries and judgments of all the ten users, so that the evaluation result
will be an average over the whole testing queries.
4.3

Experimental Results

In this section, we present the evaluation results by comparing our personalized retrieval eﬀectiveness to the baseline search. Results concern the following
objectives: (1) Evaluating the eﬀect of the combination parameter γ on the retrieval eﬀectiveness, (2) Evaluating our personalized search to the baseline search
performed by Yahoo and to diﬀerent similarity measures used to calculate the
personalized score of the document.
Eﬀect of γ Combination Parameter on the Retrieval Performance. In
this experiment, we study the eﬀect of combining the original document’s rank
of Yahoo (corresponding to the original document score in formula 5) and the
personalized document rank on the retrieval eﬀectiveness using a combination
parameter γ (formula 3). Figure 2 shows the improvement of our personalized
search with varying γ in the interval [0 1]. Results show that the best performance
is obtained when γ is 0, i.e., when the original search engine rankings are ignored
altogether. This is likely due to the fact that all the results on the top 50 match
the query well and thus the distinguishing feature is how well they match the
user proﬁle.
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Fig. 2. Eﬀect of γ on the ﬁnal rank

Evaluating the Personalized Ranking Model Eﬀectiveness. In this experiment, we compare our personalized retrieval eﬀectiveness to the baseline
search and to other diﬀerent measures. These measures are (1) the basic combined measure using M CS and mcs, normalized without using a decay factor
(formula 3), (2) the distance measure based on mcs (formula 1), (3) the distance
measure using M CS (formula 2) and (4) the cosine similarity measure proposed
in our previous works [8, 9]. This latter calculates the personalized score of the
document using the most highly weighted concepts of the user proﬁle. In order
to set a reliable comparison between the diﬀerent measures, we have conducted a
preliminary experiment in order to identify the best number of concepts used to
calculate the personalized score of the document according to the cosine similarity measure. We outline that earlier experiments [8] have shown the eﬀectiveness
of personalizing search using the basic cosine similarity measure compared to
a typical search and also by comparison to the personalized search approach
described in [6].
(A) Eﬀet of the number of concepts used in the cosine similarity measure on the
retrieval performance. According to our previous work [8], the personalized score
of the document using the cosine similarity measure is computed as follows:
1 
−
→ →
score(cj ) ∗ cos(dk , −
cj )
(8)
Sp (dk , Gu ) = .
h
j=1..h

−
→
→
cj are term-based vectors representing respectively document dk
where dk and −
and concept cj , score(cj ) is the weight of concept cj in the user proﬁle Gu and
h is the number of concepts considered in the personalized search.
In this experiment, we varied the number of concepts used to calculate the
personalized score of the document using the cosine similarity measure. Figure
3 shows P@10 and P@20 of the personalized search. We can see that the best
improvement (17, 24% at P@10 and 8, 07% at P@20) is obtained when using
7 concepts of the user proﬁle. We retain this value for comparing the retrieval
eﬀectiveness using the cosine measure with other graph-based measures.
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Fig. 3. Eﬀect of the number of concepts using the Cosine measure

(B) Evaluating the eﬀect of the personalized graph-based ranking. In this experiment, we compare the eﬀectiveness of our personalized search to Yahoo search
results as well as to personalized search results performed using the measures
mentioned above. All graph-based measures calculate the distance between the
extended graphs of both the document and the user proﬁle. We recall that for
each testing query, the personalized search is based on reranking the top 50
results in descending order according to the graph-based distance measure and
ascending order according to the cosine similarity measure.
Table 1 shows the improvement of each measure compared to Yahoo search.
Results show a signiﬁcant improvement of our personalized search at both P@10
and P@20. This indicates the eﬀectiveness of ranking semantically the documents
with respect to the user proﬁle using our semantic graph-based distance measure.
Indeed, our measure gives higher ranks for documents that are semantically
related to the user proﬁle by bringing them to the top 10 and the top 20 results
presented to the user. We can conﬁrm also that information from the clicked web
pages of training queries can be used to provide an eﬀective personalized search.
In order to get a more detailed understanding of the eﬀects of our personalized
search, we examined the results on a query by query basis at P@10. For the
25 testing queries reranked using our graph-based measure, 12 (48%) showed
an improvement, 8 (32%) were unchanged, and only 5 (20%) were negatively
impacted. Thus, the personalized reranking helped 2 times as many queries as it
hurts. This is probably due to the diﬀerence of clarity degree between the queries
measured by the number of query terms.
By comparison to the basic combined distance measure, the decay factor fca
of our measure has a positive eﬀect of increasing the P@20 documents. This
proves that the direct common concepts should be given more weights than
common related ones. Using the distance measure based only on the subgraph
(mcs) or the supergraph (M CS) gives lower improvement compared to the combined measure especially at P@10. This proves that combining semantic distance
at general and speciﬁc levels allows performing better personalized search improvement. The cosine similarity measure performs a reasonable improvement at
P@10 documents, which proves that the user proﬁle is eﬀective even using only
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Table 1. Comparison of diﬀerent document-proﬁle similarity measures

Yahoo search
Our semantic extended measure (M CS + mcs + fca )
Improvement
Classic combination measure (M CS + mcs)
Improvement
mcs
Improvement
M CS
Improvement
Cosine
Improvement

P@10
0,3480
0,4280
22,99%
0,4280
22,99%
0,4160
19,54%
0,3960
13,79%
0,4080
17,24%

P@20
0,3220
0,3660
13,66%
0,3620
12,42%
0,3660
13,66%
0,3600
11,80%
0,3480
8,07%

few concepts. On the other hand, it performs the lowest improvement at P@20
documents which proves the eﬀectiveness of using a semantic distance measure
between the document and the user proﬁle.

5

Conclusion and Outlook

We presented in this paper an approach for personalizing search using a conceptual graph-based user proﬁle. Personalization is achieved by reranking the
search results based on a graph-based distance measure combining M CS and
mcs and by considering cross links between graphs. Our experimental evaluation is carried out using real user queries issued from Exalead web search log.
Results show that our model achieves higher performances compared to Yahoo
search results and to other graph-based distance measures. In future work, we
plan to improve the accuracy of both the document and the user proﬁle graphbased representations and study the eﬀect of tuning the importance of related
concepts between graphs relatively to direct common concepts on the retrieval
performance.
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