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Abstract

The goal of Web search personalization is to tailor
search results to a particular user based on that user’s
interests and preferences. We present an approach
to personalized search that involves building models of
user context as ontological profiles by assigning implic-
itly derived interest scores to existing concepts in a do-
main ontology. Our experiments show that re-ranking
the search results based on the interest scores and the
semantic evidence in an ontological user profile is effec-
tive in presenting the most relevant results to the user.

1 Introduction

Web personalization alleviates the burden of infor-
mation overload by tailoring the information presented
based on an individual user’s needs. In recent years,
personalized search has attracted interest in the re-
search community as a means to decrease search ambi-
guity and return results that are more likely to be in-
teresting to a particular user and thus providing more
effective and efficient information access [1].

The critical elements that play a critical role in per-
sonalized Web information access include the semantic
knowledge about the domain being investigated, the
short-term information need as might be expressed in
a query, and the user’s profile that captures long-term
interests. Despite their popularity, users’ interactions
with Web search engines can be characterized as one
size fits all [2]. The representation of user preferences or
search context is generally non-existent in most search
engines. In our framework, context is implicitly defined
through the notion of ontological user profiles, which
are updated over time to reflect changes in user inter-
ests. This representation distinguishes our approach
from previous work [8], which depends on the context
information to be explicitly defined.

Our research follows recent ontology-based personal-
ized search approaches [4, 11] in utilizing the Open Di-
rectory Project (ODP) taxonomy as the Web topic on-
tology. An ontology is an explicit specification of con-
cepts and relationships that can exist between them [5].
Liu et al. [7] utilize the first three levels of the ODP
topic ontology for learning profiles as bags of words
associated with each category. In Persona [10], a
hyperlink-based approach is employed with an inter-
active query scheme utilizing the ODP taxonomy.

Considerable amount of Web personalization re-
search aims at enhancing the original PageRank algo-
rithm. In the Personalized Page Rank approach [3],
a set of personalized hub pages with high PageRank
are utilized to drive personalized rank values. Instead
of computing a single global PageRank value for every
page, the Topic-Sensitive PageRank [6] approach tai-
lors the PageRank values based on the 16 main topics
listed in the Open Directory.

In this paper, we present a novel approach for build-
ing ontological user profiles by assigning interest scores
to existing concepts in a domain ontology. We propose
a spreading activation algorithm for maintaining the
interest scores in the user profile based on the user’s on-
going behavior. Our experimental results show that re-
ranking the search results based on the interest scores
and the semantic evidence in an ontological user profile
successfully provides the user with a personalized view
of the search results by bringing results closer to the
top when they are most relevant to the user.

2 Ontological User Profiles

Our unified context model for a user is represented
as an instance of a reference domain ontology in which
concepts are annotated by interest scores derived and
updated implicitly based on the user’s information ac-
cess behavior. We call this representation an ontologi-
cal user profile as depicted in Figure 1.

Each ontological user profile is initially an instance



Figure 1. Ontological User Profile as the Context
Model

of the reference ontology, where each concept is anno-
tated with an initial interest score. As the user in-
teracts with the system by selecting or viewing new
documents, the ontological user profile is updated and
the annotations for existing concepts are modified by
spreading activation. We utilize the Web pages in the
ODP taxonomy as training data for the representation
of the concepts in the reference ontology. The textual
information that can get extracted from Web pages ex-
plain the semantics of the concepts and is learned as
we build a term vector representation for the concepts.

Each document d in the training data is repre-

sented as a term vector
⇀

d = 〈w1, w2, ..., wk〉, where
each term weight, wi, is computed using term fre-
quency and inverse document frequency. Specifically,
wi = tfi ∗ log(N/ni), where tfi is the frequency of term
i in document d, N is the total number of documents
in the training set, and ni is the number of documents
that contain term i. We further normalize each docu-

ment vector, so that
⇀

d represents a term vector with
unit length.

The aggregate representation of the concept hier-
archy can be described more formally as follows. Let
S(n) be the set of subconcepts under concept n as non-
leaf nodes. Also, let {dn

1 , dn
2 , ..., dn

kn
} be the individ-

ual documents indexed under concept n as leaf nodes.
Docs(n), which includes of all of the documents in-
dexed under concept n along with all of the documents
indexed under all of the subconcepts of n is defined as:

Docs(n) = [
⋃

n′∈S(n)

Docs(n′)] ∪ {dn
1 , dn

2 , ..., dn
kn
}

The concept term vector
⇀
n is then computed as:

⇀
n =





∑

d∈Docs(n)

⇀

d



 / |Docs(n)|

Thus,
⇀
n represents the centroid of the documents

indexed under concept n along with the subconcepts

of n. The resulting term vector is normalized into a
unit term vector.

2.1 Profile Learning by Spreading Activa-
tion

Each node in the ontological user profile is a pair,
〈Cj, IS(Cj)〉, where Cj is a concept in the reference on-
tology and IS(Cj) is the interest score annotation for
that concept. The ontological user profile is treated as
a semantic network. The interest scores for the con-
cepts are updated with Spreading Activation using an
input term vector, which represents the active interac-
tion of the user, such as a query or localized context of
current activity.

We use a very specific configuration of spreading
activation, depicted in Algorithm 1, for the sole pur-
pose of maintaining interest scores within a user profile.
We assume a model of user behavior can be learned
through the passive observation of user’s information
access activity.

Input: Ontological user profile with interest scores and a set of
documents

Output: Ontological user profile concepts with updated
activation values

CON = {C1, ..., Cn}, concepts with interest scores
IS(Cj), interest score
IS(Cj) = 1, no interest information available
I = {d1, ..., dn}, user is interested in these documents

foreach di ∈ I do
Initialize priorityQueue;
foreach Cj ∈ CON do

Cj .Activation = 0; // Reset activation value

end

foreach Cj ∈ CON do
Calculate sim(di, Cj);
if sim(di, Cj) > 0 then

Cj .Activation = IS(Cj) ∗ sim(di, Cj);
priorityQueue.Add(Cj);

else
Cj .Activation = 0;

end

end

while priorityQueue.Count > 0 do

Sort priorityQueue; // activation
values(descending)
Cs = priorityQueue[0]; // first item(spreading

concept)
priorityQueue.Dequeue(Cs); // remove item
if passRestrictions(Cs) then

linkedConcepts = GetLinkedConcepts(Cs);
foreach Cl in linkedConcepts do

Cl.Activation+ =
Cs.Activation ∗ Cl.Weight;
priorityQueue.Add(Cl);

end

end

end

end

Algorithm 1: Spreading Activation Algorithm

The algorithm has an initial set of concepts from
the ontological user profile. The main idea is to acti-
vate other concepts following a set of weighted relations



during propagation and at the end obtain a set of con-
cepts and their respective activations. As any given
concept propagates its activation to its neighbors, the
weight of the relation between the origin concept and
the destination concept plays an important role in the
amount of activation that is passed through the net-
work. An in-depth description of the algorithm as well
as the computation of the weights for the relations in
the network can be found in [9].

Rather than gradually increasing the interest scores,
we utilize normalization so that the interest scores can
get decremented as well as getting incremented. The
resulting activation values are added to the interest
scores, which are then normalized. The concepts in
the ontological user profile are updated with the nor-
malized interest scores.

3 Search Personalization

Our goal is to utilize the user context to person-
alize search results by re-ranking the results returned
from a search engine for a given query. We re-rank
the search results based on the interest scores and the
semantic evidence in the user profile. A term vector
⇀
r is computed for each document r ∈ R, where R is
the set of search results for a given query. To calculate
the rank score for each document, first the similarity of
the document and the query is computed using a cosine
similarity measure. Then, we compute the similarity of
the document with each concept in the user profile to
identify the best matching concept.

Once the best matching concept is identified, a rank
score is assigned to the document by multiplying the
interest score for the concept, the similarity of the doc-
ument to the query, and the similarity of the specific
concept to the query. If the interest score for the
best matching concept is greater than one, it is further
boosted by a tuning parameter α. Once all documents
have been processed, the search results are sorted in
descending order with respect to this new rank score.

4 Experimental Evaluation and Results

Since the queries of average Web users tend to be
short and ambiguous, our goal is to demonstrate that
the semantic evidence provided by the ontological pro-
files can be used to effectively re-rank Web search re-
sults particularly when such queries are used. We mea-
sure the effectiveness of re-ranking in terms of Top-n
Recall and Top-n Precision.

As of December 2006, the Open Directory contained
more than 590,000 concepts. For experimental pur-

poses, our data set contained 563 concepts in the hi-
erarchy and a total of 10,226 documents that were in-
dexed under various concepts. The indexed documents
were pre-processed and divided into three separate sets
including a training set, a test set, and a profile set.
For all of the data sets, we kept track of which con-
cepts these documents were originally indexed under
in the hierarchy. The training set was utilized for the
one-time learning of the reference ontology to compute
the concept term vectors, the profile set was used for
spreading activation, and the test set was utilized as
the document collection for searching.

An in-depth description of our evaluation methodol-
ogy and the construction of our keyword queries is pro-
vided in [9]. Our keyword queries were used to run a
number of automated search scenarios for each concept
in our reference ontology. In addition to one term, two
term, and three term keyword queries, a fourth query
set focused specifically on ambiguous queries. A given
concept was considered to be overlapping with another
concept if a specific term appeared in the term vec-
tors of both concepts excluding parents, children, and
siblings. We used the system to perform a standard
search for each query. Each query was designed for
running our experiments for a specific concept. In the
case of standard search, a term vector was built using
the original keyword(s) in the query text. The search
results were retrieved from the test set, the signal and
noise document collection, by using a cosine similarity
measure for matching. Using an interval of ten, we cal-
culated the Top-n Recall and Top-n Precision for the
search results.

Next, documents from the profile set were utilized
to simulate user interest for the specific concept. For
each query, we started with a new instance of the onto-
logical user profile with all interest scores initialized to
one. Such a user profile represents a situation where no
initial user interest information is available. We per-
formed our spreading activation algorithm to update
interest scores in the ontological user profile.

After building the ontological user profile, we sorted
the original search results based on our re-ranking algo-
rithm and computed the Top-n Recall and Top-n Pre-
cision with the personalized results. Our experimental
results for the average Top-n Recall and Top-n Preci-
sion are depicted in Figure 2. The percentage of im-
provement between standard and personalized search
is depicted in Figure 3.

5 Conclusions and Outlook

Our evaluation results verify that using the onto-
logical user profiles for personalizing search results is



Figure 2. Average Top-n Recall and Top-n Precision comparisons using “overlap queries”

Figure 3. Percentage of improvement in Top-n Recall and Top-n Precision

an effective approach. Especially with the overlap
queries, our evaluation results confirm that the am-
biguous query terms are disambiguated by the seman-
tic evidence in the ontological user profiles. Our future
work will involve designing experiments that will al-
low us to monitor user profiles over time to ensure the
incremental updates to the interest scores accurately
reflect changes in user interests.
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