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Abstract. Item-based Collaborative Filtering (CF) algorithms have been
designed to deal with the scalability problems associated with traditional
user-based CF approaches without sacrificing recommendation or predic-
tion accuracy. Item-based algorithms avoid the bottleneck in computing
user-user correlations by first considering the relationships among items
and performing similarity computations in a reduced space. Because the
computation of item similarities is independent of the methods used for
generating predictions, multiple knowledge sources, including structured
semantic information about items, can be brought to bear in determin-
ing similarities among items. The integration of semantic similarities for
items with rating- or usage-based similarities allows the system to make
inferences based on the underlying reasons for which a user may or may
not be interested in a particular item. Furthermore, in cases where lit-
tle or no rating (or usage) information is available (such as in the case
of newly added items, or in very sparse data sets), the system can still
use the semantic similarities to provide reasonable recommendations for
users. In this paper, we introduce an approach for semantically enhanced
collaborative filtering in which structured semantic knowledge about
items, extracted automatically from the Web based on domain-specific
reference ontologies, is used in conjunction with user-item mappings to
create a combined similarity measure and generate predictions. Our ex-
perimental results demonstrate that the integrated approach yields sig-
nificant advantages both in terms of improving accuracy, as well as in
dealing with very sparse data sets or new items.

1 Introduction

The continued growth and increasing complexity of Web-based applications,
from e-commerce, to Web services, to dynamic content providers; has led to a
proliferation of personalization tools on a variety of sites. Personalized services,
such as recommender systems, help engage visitors, turn casual browsers into
customer, or help visitor to more effectively locate pertinent information. Col-
laborative filtering (CF) [25, 14, 5, 11] is one of the most successful and widely
used technologies in personalization and recommender systems.
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Traditionally, CF-based systems compare a representation of an active user’s
preferences (such as explicit ratings on items or implicit navigational patterns)
with the historical records of past users to find the k most similar neighbors of
the active user. These historical records are then used to predict the preference
value of the active user on a particular, yet to be rated or visited, item; or to
recommend the top N items in which the user may be interested. Since the focus
of such systems is on comparing the correlations or similarities among users, they
are often referred to as user-based collaborative filtering systems.

Despite their success and popularity, traditional CF-based techniques suf-
fer from some well-known limitations [24]. One of the critical limitations is the
lack of scalability of the underlying memory-based k-nearest-neighbor approach
which requires that the neighborhood formation phase be performed as an on-
line process. For very large data sets this may lead to unacceptable latency for
providing recommendations. The scalability problems are further accentuated
when collaborative filtering is used in the context of Web usage data. In this
case, users’ browsing patterns are used to implicitly obtain measures of con-
tent preference. For frequent visitors the size of user or session vectors tends to
be much larger than in the case of e-commerce purchase patterns. Performing
user-user similarity computations in this context further degrades the system
performance.

Another important limitation of CF-based systems emanates from the sparse
nature of the underlying datasets. As the number of items in the database in-
creases, the density of each user record with respect to these items will decrease.
This, in turn, will decrease the likelihood of a significant overlap of visited or
rated items among pairs of users, resulting in less reliable computation of corre-
lations, and thus less reliable predictions.

Finally, a significant shortcoming of such systems is their inability to provide
recommendations or predictions for new or recently added items: a user’s rating
on a new item cannot be compared with the ratings of other users on the same
item. Furthermore, the system can never generate predictions for new items
which have not yet been visited or rated by (a sufficient number of) other users.
This problem is often referred to as the “new item problem”.

A number of optimization strategies have been proposed and employed to
remedy the scalability and sparsity problems associated with collaborative fil-
tering. These strategies include similarity indexing [1] to reduce real-time search
costs, and dimensionality reduction methods based on Latent Semantic Index-
ing (LSI) to alleviate the data sparsity in the user-item mappings [24, 22]. Other
approaches have focused on model-based techniques which use machine learning
techniques, such as unsupervised clustering of user records [19] or supervised
classification models [5]. These approaches separate the offline tasks of creating
user models from the real-time task of recommendation generation, thus improv-
ing scalability. However, this is sometimes at the cost of lower recommendation
accuracy.

In the context of click-stream and e-commerce data, Web usage mining [26]
techniques, such as clustering and association rule discovery, that rely on offline
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pattern discovery from user transactions, have been studied as an underlying
mechanism for personalization and recommender systems [16–18]. Such tech-
niques generally provide both a computational advantage, as well as better rec-
ommendation effectiveness, than traditional CF-based techniques, particularly
in the context of click-stream data. For a recent survey of personalization based
on Web usage mining see [21].

There has also been a growing body of work in enhancing collaborative fil-
tering by integrating data from other sources such as content and user demo-
graphics [6, 20, 2, 15]. Content-oriented approaches, in particular, can be used to
address the “new item problem” discussed above. Generally, in these approaches,
keywords are extracted from the content of Web pages and are used to recom-
mend other pages or items to a user, not only based on user ratings or visit
patterns, but also (or alternatively) based on the content similarity of these
pages to other pages already visited by the user. Keyword-based approaches,
however, are incapable of capturing more complex properties of, or relationships
among, objects at a deeper semantic level. Unstructured keyword-based rep-
resentations often result in a substantial amount of noise resulting in reduced
recommendation accuracy.

Recently, a new class of item-based CF algorithms has been proposed to deal
with the scalability problems in user-based CF algorithms [23, 8]. Item-based CF
algorithms avoid the bottleneck in user-user computations by first considering
the relationships among items. Rather than finding user neighbors, the system
tries to find k similar items that are rated (or visited) by different users in some
similar way. Then, for a target item, predictions can be generated, for example,
by taking a weighted average of the target user’s item ratings (or weights) on
these neighbor items. Thus, these algorithms alleviate the scalability problem
that exists in user-based CF algorithms, because the similarity computations
are performed in the smaller space of the items, and because often the item-item
comparisons can be performed offline. At the same time, CF algorithms have
been shown to achieve prediction accuracies that are comparable to or even
better than user-based CF algorithms.

Item-based CF algorithms still suffer from the problems associated with data
sparsity, and they still lack the ability to provide recommendations or predictions
for new or recently added items. However, the item-based CF framework provides
the necessary ingredients to seamlessly incorporate other sources of evidence
about items (in addition to item ratings or weights). This flexibility comes from
the fact that the computation of item similarities is independent of the methods
used for generating predictions or recommendations, thus multiple knowledge
sources, including structured semantic information about items, can be used for
performing the similarity computations.

In this paper, we introduce an approach for semantically enhanced collabo-
rative filtering in which structured semantic knowledge about items, extracted
automatically from the Web based on domain-specific reference ontologies, is
used in conjunction with user-item ratings (or weights) to create a combined
similarity measure for item comparisons. In contrast to previous approaches to
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hybrid content-collaborative systems that enhance user based CF [2, 15], we in-
tegrate semantic knowledge into the item-based CF framework. The integration
of semantic similarities for items with rating (or usage-based) similarities pro-
vides two primary advantages. First, the semantic attributes for items provide
additional clues about the underlying reasons for which a user may or may not
be interested in particular items (something that is hidden behind the rating
values in the usual context). This, in turn, allows the system to make inferences
based on this additional source of knowledge, resulting in improved recommen-
dation accuracy and coverage. Secondly, in cases where little or no rating (or
usage) information is available (such as in the case of newly added items, or
in very sparse data sets), the system can still use the semantic similarities to
provide reasonable recommendations for users. These claims are verified by our
experimental results, on two different data sets.

The rest of this paper is organized as follows. In Section 2, we provide the nec-
essary background information on the item-based collaborative filtering frame-
work. In Section 3, we discuss our semantically enhanced approach. In this sec-
tion we first discuss the problem of ontology-based extraction of class instances
in a particular domain and the structured representation of the extracted seman-
tic attributes for items. We then present our approach for combining semantic
and rating (or usage) similarity of items to generate predictions. In Section 4,
we discuss the characteristics of our experimental data sets and present our ex-
perimental evaluation of the proposed approach. Finally, we conclude with a
summary of our findings and some directions for future work.

2 Background on Item-Based Collaborative Filtering

In a collaborative filtering (CF) scenario, generally we start with a list of m
users U = {u1, u2, . . . , um}, a list of n items I = {i1, i2, . . . , in}, and a mapping
between user-item pairs and a set of weights. The latter mapping can be repre-
sented as a m×n matrix M . In the traditional CF domain the matrix M usually
represents user ratings of items, thus the entry Mr,j represents a user ur’s rating
on item ij . In this case, the users’ judgments or preferences are explicitly given
by matrix M . Collaborative filtering can also be used in the context of Web
usage data. In that case, the set U may represent user sessions, some of which
may belong to the same user who has visited the site multiple times. For usage
data, generally, the entry Mr,j represents an implicit weight associated with an
item (e.g., page or product) ij in a user session ur. This weight may be binary
(representing the existence or non-existence of the item in the user session), or
it may be based on the amount of time spent on the particular item during the
session.

For a given active user (also called the target user) ua, the task of a CF system
is to (1) predict Ma,t for a given target item it which has not already been visited
or rated by ua; or (2) recommend a set of items that may be interesting to user
ua.
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In user-based CF algorithms, first a set of k nearest neighbors of the target
user are computed. This is performed by computing correlations or similarities
between user records (rows of the matrix M) and the target user. Then, different
methods can be used to combine the neighbors’ item ratings (or weights) to
produce a prediction value for the target user on unrated (or unvisited) items.
As noted in the introduction, a major problem with this approach is the lack
of scalability: the complexity of the system increases linearly as a function of
the number of users which, in large-scale e-commerce sites, could reach tens of
millions.

In contrast, item-based CF algorithms attempt to find k similar items that
are co-rated (or visited) by different users similarly. This amounts to performing
similarity computations among the columns of matrix M . Thus, item-based CF
algorithms avoid the bottleneck in user-user computations by first considering
the relationships among items. For a target item, predictions can be generated
by taking a weighted average of the target user’s item ratings (or weights) on
these neighbor items.

2.1 Finding Similar Items (Item neighbors)

The first step in computing the similarity of two items ip and iq (column vectors
in the data matrix M) is to identify all the users who have rated (or visited)
both items. Many measures can be used to compute the similarity between items.
The most common approach, when dealing with Web usage data, is to use the
standard cosine similarity between two vectors:

sim(ip, iq) =

m∑
k=1

Mk,p × Mk,q√
m∑

k=1

(Mk,p)2 ×
m∑

k=1

(Mk,q)2

where Mk,p represents the weight associated with item ip in the session (or user)
vector k.

For ratings data, however, variances in user ratings styles must be taken into
account. For example, in a movie rating scenario, with a rating scale between 1
and 5, some users may give a rating of 5 to many movies they consider to be
“good”; while other more “strict” raters may only give a rating of 5 to those
movies they consider “perfect”. To offset the difference in rating scales, the
data can be normalized to focus on rating variances (deviations from the mean
ratings) on co-rated items. For our purposes, when dealing with ratings data, we
adapt the Adjusted Cosine Similarity measure introduced by Sarwar et al. [23]:

sim(ip, iq) =

m∑
k=1

(Mk,p − Mk) × (Mk,q − Mk)√
m∑

k=1

(Mk,p − Mk)2 ×
m∑

k=1

(Mk,q − Mk)2
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where Mk,p represents the rating of user k on item ip, and Mk is the average
rating value of user k on all items.

2.2 Computing Predictions

After computing the similarity between items, we select a set of k most similar
items to the target item and generate a predicted value for the target item. We
use a weighted sum as follows.

Ma,t =

k∑
j=1

(Ma,j × sim(ij, it))

k∑
j=1

sim(ij, it)

Here, Ma,t denotes the prediction value of target user ua on target item it. Only
the k most similar items (k nearest neighbors of item it) are used to generate
the prediction.

Despite their effectiveness, item-based CF algorithms still suffer from the
problems associated with data sparsity, and they still lack the ability to provide
recommendations or predictions for new or recently added items. To deal with
these problems, we introduce an approach for semantically enhanced collabo-
rative filtering in which structured semantic knowledge about items, extracted
automatically from the Web, is used in conjunction with user-item ratings (or
weights) to create a combined similarity measure for item comparisons. This
approach is discussed in the next section.

3 Using Semantic Knowledge to Enhance Collaborative
Filtering

In this section, we first discuss the issue of extracting structured semantic at-
tributes from the Web to populate instances of domain-specific ontology classes
corresponding to items. We then present our approach to integrate the extracted
semantic knowledge into the item-based collaborative filtering framework.

3.1 Extracting Domain Semantics from the Web

In order to obtain semantic information about items used in the collaborative
filtering process, we must extract domain-level structured objects as semantic
entities contained within Web pages on one or more Web sites. This task in-
volves the automatic extraction and classification of objects of different types
into classes based on an underlying reference domain ontology.

An ontology provides a set of well-founded constructs that define signifi-
cant concepts and their semantic relationships. An example of an ontology is a
relational schema for a database involving multiple tables and foreign keys se-
mantically connecting these relations. Such constructs can be leveraged to build
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meaningful higher level knowledge in a particular domain. Domain ontologies
for a Web site usually include concepts, subsumption relations between con-
cepts (concept hierarchies), and other relations among concepts that exist in
the domain represented by the Web site. In this paper, we do not directly deal
with the problems of automatic ontology acquisition and learning. Rather, we
assume the existence of a pre-defined reference ontology for a specific domain
based on which the semantic attributes of items can be extracted. Our goal is to
use this semantic knowledge about items together with item ratings (or weights
in the context of Web usage data) to create a combined similarity measure for
item-based collaborative filtering.

The problem of extracting instances of the ontology classes from Web pages
is an interesting problem in its own right and has been studied extensively. This
process can be viewed as the classification of objects embedded in one or more
Web pages into classes specified as part of a reference ontology. For example,
in [10] a text classifier is learned for each “semantic feature” based on a small
manually labeled data set. First Web pages are extracted from different Web sites
that belong to a similar domain, and then the semantic features are manually
labeled. This small labeled data set is fed into a learning algorithm as training
data to learn the mappings between Web objects and concept labels. Craven et
al. [7] adopt a combined approach of statistical text classification and first-order
text classification in recognizing concept instances. In that study, the learning
process is based on both page content and linkage information. The problems
and issues related to using ontologies in the context of Web mining has been
discussed in [3].

In our approach, we have used domain-specific wrapper agents that use text
mining and heuristic rules to extract class and attribute instances from Web sites
based on a pre-specified reference ontology. At the present time, we do not use a
general ontology representation language, such as DAML+OIL [12]. Rather, we
represent the ontology classes as part of the schema for a relational database. Our
simple representation scheme does not take into account complex relationships
among classes (such as inheritance), but is adequate for specifying the attributes
associated with classes (relations). Our wrapper agents use the relational schema
for classes and simple heuristics based on textual cues to extract attribute values
and populate instances of these classes (tuples). In the future, we intend to
extend our work by incorporating more general ontology languages that can
capture (and allow reasoning with) a richer set of structural relationships among
classes and objects. The implementation details of the wrapper agents is beyond
the scope of the present work and will be discussed elsewhere.

As an example, let us consider a movie Web site such as the Internet Movie
Database (www.imdb.com). This Web site includes a collection of pages con-
taining information about movies, actors, directors, etc. A collection of pages
describing a specific movie might include attribute information such as the movie
title, genre, actors, director, etc. These represent the attributes associated with
a class that represents movies in our reference ontology. A domain ontology for
this site may contain the classes Movie, Actor and Director along with their
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Fig. 1. Portion of the ontological representation for a movie Web site

attributes. In our representation, some of the attributes represent properties of
a given class and others represent reference slots corresponding to other classes.
For instance, the “Actor” attribute of the Movie class represents a reference
to the class (relation) Actor and, in the relational representation, is specified
as a foreign key in the Movie relation. Figure 1 depicts the class Movie and
its attributes. An actor or director’s attribute information may include name,
filmography (a set of movies), gender, nationality, etc. The dotted arrows in at-
tributes such as “Actor” and “Director” indicated that they represent references
to other classes in the ontology. The collection of Web pages in the site represent
a group of embedded objects that are the instances of these classes.

In order to facilitate the computation of item similarities, generally, the ex-
tracted class instances will need to be converted into a vector representation. In
our case, the values of semantic attributes associated with class instances are
collected into a relational table whose rows represent the n items, and whose
columns correspond to each of the extracted attributes. Additional preprocess-
ing tasks, such as normalization and discretization (for continuous attributes),
can be performed on the data in order to provide a uniform representation. This
process generally results in the addition of attributes, for example, representing
different intervals in a continuous range, or representing each unique discrete
value for categorical attributes in the original data. The final result is a n × d
matrix S, where d is the total number of unique semantic attributes. We call
this matrix the semantic attribute matrix.

3.2 Integrating Semantic Similarity with Collaborative Filtering

As noted earlier, the item-based CF framework provides a computational ad-
vantage over user-based approaches, since item similarities can be computed
offline, prior to the online task of generating recommendations. But, this frame-
work also provides another important advantage. Since the computation of item
similarities is independent of the methods used for generating predictions or
recommendations, other sources of evidence about items (in addition to item
ratings or weights) can be used for performing the similarity computations.
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The integration of semantic similarities for items with rating (or usage-based)
similarities provides two primary advantages. First, the semantic attributes for
items provide additional clues about the underlying reasons for which a user may
or may not be interested in particular items (something that is hidden behind
the rating values in the usual context). This, in turn, allows the system to make
inferences based on this additional source of knowledge, possibly improving the
accuracy of recommendations. Secondly, in cases where little or no rating (or
usage) information is available (such as in the case of newly added items, or
in very sparse data sets), the system can still use the semantic similarities to
provide reasonable recommendations for users.

In the following we describe our approach for integrating semantic similarities
into the standard item-based collaborative filtering framework. Our approach in-
volves first performing latent semantic analysis on the semantic attribute matrix
obtained using the process described in Section 3.1. This is necessary in order
to reduce noise and to collapse highly correlated attributes. We then compute
item similarities, both based on the reduced semantic attribute matrix, as well
as based on the user-item ratings (or usage) matrix. Finally, we use a combined
similarity measure, as a linear combination of the two similarities to perform
item-based collaborative filtering.

Using Latent Semantic Analysis on Semantic Attributes. Latent Seman-
tic Indexing (LSI) [4] is a dimensionality reduction technique which is widely used
in information retrieval (IR). Many IR applications have shown that performing
latent semantic analysis, including in document indexing, can improve the ac-
curacy of information retrieval. Given a term-document frequency matrix, LSI
is used to decompose it into two matrices of reduced dimensions and a diagonal
matrix of singular values. Each dimension in the reduced space is a latent vari-
able (or factor) representing groups of highly correlated index terms. Reducing
the dimensionality of the original matrix reduces the amount of noise in the data
as well as its sparsity, thereby, improving retrieval based on the computation of
similarities between the indexed documents and user queries. Here we apply this
idea to create a reduced dimension space for the semantic attributes associated
with items.

Singular Value Decomposition (SVD) is a well known technique used in LSI
to perform matrix decomposition. In our case, we perform SVD on the semantic
attribute matrix Sn×d by decomposing it into three matrices:

Sn×d = Un×r • Σr×r • Vr×d

where U and V are two orthogonal matrices; r is the rank of matrix S, and Σ
is a diagonal matrix of size r × r, where its diagonal entries contain all singular
values of matrix S and are stored in decreasing order. One advantage of SVD is
that it provides the best lower rank approximation of the original matrix S [4].
We can reduce the diagonal matrix Σ into a lower-rank diagonal matrix Σk×k

by only keeping k (k < r) largest values. Accordingly, we reduce U to U ′ and
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V to V ′. Then the matrix S′ = U ′ • Σ′ • V ′ is the rank-k approximation of the
original matrix S.

In the above process, U ′ consists of the first k columns of the matrix U
corresponding to the k highest order singular values. In the resulting semantic
attribute matrix, S′, each item is, thus, represented by a set of k latent variables,
instead of the original d attributes. This results in a much less sparse matrix,
improving the results of similarity computations, as well as the computational
cost associated with the process. Furthermore, the generated latent variables
represent groups of highly correlated attributes in the original data, thus poten-
tially reducing the amount of noise associated with the semantic information.
As we will illustrate in the next section, performing latent semantic analysis on
the semantic space, generally leads to substantial gains in prediction accuracy
based on the semantic attributes.

Predictions Based on a Combined Similarity Measure. The semantic
similarity measure SemSim(ip, iq), for a pair of items ip and iq, is computed
using the standard vector-based cosine similarity on the reduced semantic space.
This process can be viewed as multiplying the matrix S′ by its transpose and
normalizing each corresponding row and column vector by its norm. This results
in a n × n square matrix in which an entry i, j corresponds to the semantic
similarity of items i and j.

Similarly, we compute item similarities based on the user-item matrix M . As
noted in Section 2, in the case of usage data, we use the cosine similarity measure.
In the case of ratings data (such as movie ratings) we employ the adjusted cosine
similarity in order to take into account the variances in user ratings. We denote
the rating (or usage) similarity between two items ip and iq as RateSim(ip, iq).

Finally, for each pair of items ip and iq, we combine these two similarity
measures to get CombinedSim as their linear combination:

CombinedSim(ip, iq) = α · SemSim(ip, iq) + (1 − α) · RateSim(ip, iq)

where α is a semantic combination parameter specifying the weight of semantic
similarity in the combined measure. If α = 0, then CombinedSim(ip, iq) =
RateSim(ip, iq), in other words we have the standard item-based filtering. On the
other hand, if α = 1, then only the semantic similarity is used which, essentially,
results in a form of content-based filtering. Finding the appropriate value for
α is not a trivial task, and is usually highly dependent on the characteristics
of the data. We choose the proper value by performing sensitivity analysis for
particular data sets in our experimental section below.

In order to compute predicted ratings or recommendations, we use the weighted
sum approach discussed in Section 2. Specifically,

Ma,t =

k∑
j=1

(Ma,j × CombinedSim(ij, it))

k∑
j=1

sim(ij , it)
,
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where, Ma,t denotes the prediction value of target user ua on target item it.

4 Experimental Evaluation

In this section we compare the semantically enhanced and standard item-based
collaborative filtering in the context of two different data sets. In the first case,
we focus our attention to the traditional context in which collaborative filtering
is used, namely that of item ratings. For this purpose we choose the domain of
movies and user’s ratings of these movies. Secondly, we apply our approach to
Web usage data. Specifically, we have chosen a real estate Web site containing
information about various residential properties. While these data sets are quite
different, the experimental results in this section demonstrate that the integrated
approach yields advantages both in terms of improving accuracy, as well as in
resolving some of the shortcomings associated with traditional approaches.

In each case, the data set was divided into random training and test sets.
The training sets were used to build the models while the test sets were used
to generate and evaluate recommendations. To assure statistical accuracy, this
process was repeated five times for different random partitionings of the data.
Unless otherwise specified, all of the results reported in this section represent
averages over the five folds.

4.1 Data Sets and Evaluation Metrics

For the movie data set we used the ratings data from the MovieLens recom-
mendation system (www.movielens.org). This data set contains 100,000 ratings
on 1682 movies from 943 users. Each user has rated 20 or more movies with a
rating scale of 1 to 5. We used our own wrapper agent to extract movie instances
from the Internet Movie Database (www.imdb.com) based on the movie ontol-
ogy depicted in Figure 1. Specifically, each instance was populated with semantic
attributes, including movie title, release year, director(s), cast, genre, and plot.

The extracted instances were then converted into a binary table in standard
spreadsheet format, where each row represents a movie, and each column rep-
resents a unique attribute value. For attributes involving continuous data types
(such as “price” and “year”) we performed discretization to generate a set of
intervals as attributes. Similarly, for attributes involving a concept hierarchy,
each concept node was represented as a unique attribute. This process resulted
in a table representing each movie as an attribute vector with 2762 dimensions.
Prior to computing the semantic similarity among movies, singular value decom-
position was performed on the data, using different SVD dimensions, resulting in
the corresponding semantic similarity matrices. The generated similarity matri-
ces where then used in our experiments along with the rating similarities among
movies, computed from the original ratings data.

To measure the accuracy of the recommendations we computed the standard
Mean Absolute Error (MAE) between ratings and predictions in the test data



12

Fig. 2. Portion of the ontology for the class “Property” in the real estate Web site

sets. Specifically, given the set of actual/predicted rating pairs 〈ai, pi〉 for all the
n movies in the test set, the MAE is computed as:

MAE =
∑n

i=1 |ai − pi|
n

.

Note that lower MAE values represent higher recommendation accuracy. In this
case, the ratings are based on a discrete scale of 1 (lowest) to 5 (highest). Thus,
the maximum possible value for MAE is 4 (indicating a maximum possible error
on all predictions).

In the case of the real estate data, we started with the raw Web usage data
from the server logs of a local affiliate of a national real estate company. The
primary function of the Web site is to allow prospective buyers visit various Web
pages containing information related to some 300 residential properties. The por-
tion of the Web usage data during the period of analysis contained approximately
24,000 user sessions from 3800 unique users. The preprocessing phase for this
data was focused on extracting a full record for each user of properties she vis-
ited. This required performing the necessary aggregation operations pageviews
in order to treat a property as the atomic unit of analysis. In addition, the visit
frequency for each user-property pair was recorded, since the number of times a
user comes back to a property listing is a good measure of that user’s interest
in the property. Finally, the data was filtered to limit the final data set to those
users that had visited at least three properties. In our final data matrix, each
row represented a user vector with properties as dimensions and visit frequencies
as the corresponding dimension values.

To automatically extract semantic information about the properties, we used
a reference ontology for the domain depicted in Figure 2. In this case, our on-
tology only contained a single class called “property.” The figure only shows a
subset of the attributes associated with “property” that were used for comput-
ing semantic similarities. An example of an instance of this class is also depicted
in Figure 2 (dotted arrows show the mapping between each attribute and the
corresponding attribute value in the extracted instance). Using a wrapper agent
based on this reference ontology, the attribute values for each property instance
were extracted directly from pages related to that property on the Web site. The
discretization and normalization process described above for the movie data was
also applied in this case resulting in final set of 120 unique attribute dimensions
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Fig. 3. Prediction accuracy for semantically enhanced recommendations v. standard
item-based collaborative recommendations

for each property vector. We then applied singular value decomposition to gen-
erate different semantic similarity matrices that were used in our experiments.

In contrast to the movie data set, this usage data does not involve item
ratings. Thus, the standard MAE measure is not the appropriate approach for
determining the accuracy of predictions. Instead we use the notion of hit ratio
in the context of top-N recommendations. For each user, we randomly held one
visited property as test data and used the rest as training data. The recom-
mendation algorithm generates the top N recommended properties in the test
set. If the previously held property appears in the recommendation set, this is
considered a hit. We defined the Hit Ratio as the total number of hits divided
by the total number of users in the test set.

It should be noted that the hit ratio increases as the value of N (number of
recommendations) increases. Thus, in our experiments, we pay especial attention
to a smaller number of recommendations (between 1 and 10) that result in good
hit ratios.

4.2 Experiments with Movie Ratings Data

Figure 3 depicts the prediction accuracy of our semantically enhanced recom-
mendations in contrast to those produced by standard item-based collaborative
filtering. Here the MAE has been plotted with respect to the number of neigh-
bors (similar items) in the k-nearest-neighbor algorithm. In both cases, the MAE
converges between 80 and 100 neighbors, however, the semantically enhanced
approach results in an overall improvement in accuracy.
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Fig. 4. Impact of the semantic combination parameter and SVD-based dimensionality
reduction on recommendation accuracy

A more telling picture emerges when we compare the range of values for the
semantic combination parameter α. Recall that α is the parameter determining
the degrees to which the semantic and rating similarities are used in the gener-
ation of neighbors. When α = 0, then only semantic similarity among items is
used, while α = 1 represents the other side of the spectrum where only rating
similarity is used (i.e., standard item-based recommendations). Figure 4 serves
two purposes. First, it shows the impact of α on MAE, and secondly, it shows the
impact of performing singular value decomposition (in this case, 100 dimensions)
on the semantic data prior to computing similarities.

Applying SVD provides a two-fold advantage. On the one hand, SVD gen-
erally results in much better computational performance during tasks such as
similarity computations or clustering. On the other hand, as clearly indicated by
these results, it results in a general improvement in recommendation accuracy
(most likely due to a reduction in noise). In the SVD case, the optimum value
of α is around 0.40 which is also the point at which performing SVD has the
largest impact. Note that at α = 1, results for SVD-100 and no SVD are the
same, since in that case the semantic similarity matrix is not taken into account.
Interestingly, the results also show that in this data set using only semantic at-
tributes (α = 0) results in recommendations whose quality are in par with (or
better) than recommendations based on rating similarities. However, it is clear
that the combination of semantic and rating similarities provides an advantage
over both of these boundary conditions.

As noted earlier, one of the problems associated with traditional collabora-
tive filtering algorithms emanate from the sparsity of data sets to which they are
applied. This sparsity has a negative impact on the accuracy and predictability
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Fig. 5. Improvement in MAE for different test/train ratios (using 100 SVD dimensions
and α = 0.4)

of recommendations. This is one area in which, we believe, the integration of
semantic knowledge with ratings data can provide significant advantage. To test
this hypothesis, we created multiple training/test data sets in which the pro-
portion of the training data to the complete ratings data set was changed from
90% to 10%. These proportions have a direct correspondence with the level of
sparsity in the ratings data. In the case of each of the combination parameter
values, we created five random training and test data sets and computed average
MAE’s over the five folds. We then computed the average improvement in MAE
achieved by the semantically enhanced method over the standard item-based CF
approach.

Figure 5 depicts these results for the SVD-100 data using a combination
parameter α = 0.4. While the overall recommendation accuracy drops as the
proportion of training data is reduced (not shown), the results indicate that,
generally, for sparser data sets, the semantic approach achieves larger improve-
ments. As might be expected, this improvement starts to converge to 0 for very
sparse data sets. This is because for very small training sets, neither approach
can generate a reasonable number of recommendations. However, for up to a
training ratio of 30%, the semantic approach provides improvements of up to
20% in MAE scores.

As a final experiment with the movie data set, we focused our attention on
another common problem with CF-based approaches, namely, the “new item”
(“cold start”) problem: since there are no ratings for new items, standard item-
based algorithm cannot find item neighbors using rating similarity and fail to
give predictions. Our goal here was to determine the degree to which semantic
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Fig. 6. Using semantically enhanced predictions for new (previously unrated) items

information from the domain can help produce accurate recommendations in the
absence of any available ratings data for new items.

To achieve this goal we chose all movies which only received one rating and
held these ratings as the test data. The actual movies in the selected data set were
predominantly those that were very recently released (relative to the last date
captured by the data). Thus, the sample closely modeled the conditions under
which newly added items are considered for recommendation. In the training
data, these movies received no ratings at all, and thus they were considered to
be “new items”. We compared our algorithm to a baseline algorithm, in which
each user’s average rating from training data was used as the prediction for “new
items” in test data. These results are depicted in Figure 6. They show that, at all
neighbor size levels, our algorithm can provide more accurate predictions than
the baseline case.

4.3 Experiments with Real Estate Usage Data

As our first experiment with the Reality data, we compared the hit ratio of the
semantically enhanced approach at different combination parameters for both
the complete data set and the 40-dimension SVD data set. These results are
depicted in Figure 7. In this case we only focused on the Top 10 recommendations
generated by the algorithm.

The results suggest similar conclusions to those observed in the movie data
set. First, in general, singular value decomposition has an even more dramatic
impact in this case; more so when the focus is shifted to the semantic informa-
tion (α close to 0) as opposed to usage data. In fact, we see that in this data
set, without performing SVD on the semantic attribute matrix, the combined
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Fig. 7. Impact of semantic combination parameter for the top 10 recommendations in
the real estate usage data

Fig. 8. Improvement of the semantically enhanced recommendations over content-only
and usage-only recommendations
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approach does not improve accuracy when compared to pure usage-based recom-
mendations. This may be an indication that many different attributes contribute
to the type of property in which visitors show interest. Applying SVD results
in a smaller number of latent factors by combining multiple attributes. These
factors, individually, may be more predictive in determining user interests than
the more fine grained attributes. As can be seen, with SVD the semantic ap-
proach results in significant improvements over both usage-only and content-only
recommendations, particularly at a combination parameter α = 0.7.

Next, we measured the hit ratio improvement achieved by our algorithm
(with semantic combination parameter α = 0.7), over the two boundary cases
when only usage-based similarity (α = 1) or only semantic similarity (α = 0) are
used to generate recommendations. Figure 8 depicts these results. The combined
similarity measure achieved between 20% to 37% improvement over the semantic-
only recommendations (i.e., over pure content-based filtering). In the case of
usage-based recommendations, we observe that with recommendation sets of
size less than 20, the combined approach always achieved better Hit Ratio. The
improvement is particularly significant for small values of N . Indeed, in real
situations, we are interested in few, but accurate recommendations, and this is
precisely where the semantically enhanced approach seems to provide the most
advantage.

5 Conclusions and Future Work

In this paper we have extended the item-based collaborative filtering framework
by integrating structured semantic information about items for similarity com-
putations. We have used domain-specific reference ontologies to automatically
extract such features from the Web and populate class instances. Our enhanced
similarity measure combines domain-based semantic item similarities with item
similarities based on the user-item mappings. Our experimental results show that
the semantically enhanced approach improves the prediction accuracies, while
maintaining the computational advantages of item-based CF. In the context of
Web usage and e-commerce data, the improvements are even more significant,
particularly when focusing on a small number of recommendations.

The application of latent semantic analysis to the extracted semantic fea-
tures, which reduces noise in the data, further improves the results when the
hybrid approach is compared to usage-only or semantic-only recommendations.
Furthermore, we have experimentally shown that, for new, unrated items, our
approach can produce reasonably accurate recommendations, thus alleviating
the “new item problem” associated with standard collaborative filtering. Our
experiments also suggest that the integrated approach provides better quality
predictions in the face of very sparse ratings or usage data.

An interesting area of current and future work is to use the characteristics of
the domain together with machine learning techniques to automatically deter-
mine the semantic combination parameter (i.e., the degree to which the seman-
tic similarity is combined with the item similarities based on ratings or usage).
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We will also further study the impact of using other approaches for measuring
semantic similarities which take into account the structure of the underlying do-
main ontologies. Of particular relevance in this context is the work of Ganesan
et al. [9] on using hierarchical structures in computing similarities, and that of
Hotho et al. [13] on ontology-based text clustering.
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