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Abstract: - An essential goal of the present web engineering is the development of efficient and competitive
applications. This objective can be achieved by building recommender systems endowed with suitable web
mining algorithms. Multiclassifiers are reliable data mining models that have been hardly used in the web system
area. The paper presents a comparative study among different simple classifiers and multiclassifiers using a
dataset from MovieLens recommender system. The aim of the work is to identify when the use of

multiclassifiers in this type of systems is efficient
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1 Introduction

The amount of available information in the Web, as a
result of the increasing of the electronic business
activities, is greater than a consumer can manage. In
order to be competitive, E-commerce systems need to
provide users with mechanisms for selective retrieval
of web information. A way to obtain new customers
and retain existing ones is the personalized product
recommendation. E-commerce applications that
incorporate recommender systems provide users with
intelligent mechanisms to search products to
purchase.

Data mining provides a number of algorithms to
obtain profiles of users based on historical data,
which are used to predict the preferences of new
users. The process of applying data mining
techniques on web data in order to obtain customer
usage patterns is known as web mining. The
predictive models induced by these algorithms are
named classifiers. However, data from web
environments used for building the models are
heterogeneous, and the behaviour of classifiers in an
individual way sometimes fails with some training
sets, when a wide variety of data exist. Therefore, the
use of multiclassifiers frequently is more feasible.

The multiclassifiers are the result of combining
several individual classifiers. The methods for
building multiclassifiers are divided in two groups:
ensemble and hybrid methods. The first methods,
such as Bagging [3] and Boosting [8], induce models
that merge classifiers with the same learning
algorithm, but introducing modifications in the
training data set. The second type methods, such as
Stacking [35], create new hybrid learning techniques

from different base learning algorithms. The
architectures and main methods of multiclassifiers
were described in a previous study [31]. It was
demonstrated by a case study their capacity to
increase the precision in relation to the individual
classifiers that compose them. This goal will be
reached only if the individual classifiers are precise
and diverse [11]. That is, a classifier is considered
precise when its error is lower than 0.5 or its error is
lower than the one obtained choosing a class
arbitrarily. Two or more classifiers are diverse when
their output errors are not correlated.

Most of the researches in web mining about the
use of multiclassifiers are guided to the text mining
and framed in the web content mining. At the present
time text categorization has been topic of many
researches, where the use of different algorithms is
described. Many studies concerning the state of the
art about classification algorithms have been
developed, such as: support vector machine, nearest
neighbour and neural networks [36], [32]. Also,
papers that propose the multi-strategic learning or
combination of classifiers as [29] have been studied;
with the purpose of combining the advantages of
different classification focuses and then, to increase
the general precision.

Multiclassifiers also, are used in web usage
mining [18], [2], [23]. The recommender systems
apply personalization to the website and they use
classification tasks. We have used data from
MovieLens Recommender System [17] to make some
experiments and analyze the behaviour of some
classifiers with different learning techniques,
individual classifiers and combination of them.



This paper is organized as follows: a brief
description of multiclassifier application in text
mining and web usage mining is given in section 2.
Section 3 includes general aspects of the
recommender systems. The evaluation of different
classifiers with a dataset from MovielLens is
presented in section 4. Finally, the conclusions are
summarized in section 5.

2 Multiclassifiers in Web Mining

There are many researches in web mining where the
multiclassifiers are applied. Most of them are related
with text mining. Text mining is about looking for
patterns in natural language text, and may be defined
as the process of analyzing text to extract information
from it for particular purposes. Text mining
recognizes that complete understanding of natural
language text, a long-standing goal of computer
science, is not immediately attainable and focuses on
extracting a small amount of information from text
with high reliability [1].

Also, Web Usage Mining (WUM) has researches
in this area. While content mining and structure
mining utilize the real or primary data on the web,
usage mining mines secondary data generated by the
user’s interaction with the web. Web usage data
includes data from web server access logs, proxy
server logs, browser logs, user profiles, registration
files, user sessions or transactions, user queries,
bookmark folders, mouse-clicks and scrolls, and any
other data generated by the interaction of users and
the web. WUM works on user profiles, user access
patterns, and mining navigation paths which are
being heavily used by e-commerce companies for
tracking customer behaviour on their sites [24].

2.1 Text Mining

Best Overall Results Generator System was proposed
in [36]. It combines linear classification methods
using the same weight for each individual classifier in
the topic discovery. Some of the used methods were:
Rocchio [28], nearest neighbour and language
modeling. The increment yielded in the context of a
text categorization problem was demonstrated in [15]
by the use of a new query formulation and weighting
methods combining three independent -classifiers
(nearest neighbour, relevance feedback and Bayesian
classifier). Several researches as [12] examined
different combination strategies in the context of
documents filtering with learning algorithms as
Rocchio, nearest neighbour, linear discriminant
analysis and neuronal network. The evaluation of

vote and meta-learning in partitioned data by
inductive learning was presented in [4]. The
effectiveness of Stacking generalization method to
combine different types of learning algorithms was
verified in [33]. Recently, a new method for web
page classification that uses unlabeled data was
presented in [25]. The learning method proposed first,
trains a classifier with a small labeled training
dataset. Later, a series of classifiers is built
sequentially with unlabeled data.

The authors in [38] proposed an algorithm named
tri-training, which approaches the problem to
determine how to label the unlabeled examples and
how to produce the final hypothesis. On the other
hand, a better capacity of generalization is reached
when three classifiers are combined. Let L denote the
labeled example set and U denote the unlabeled
example. In order to determine which example in U
should be labeled and which classifier should be
biased in prediction, the confidence of the labeling of
each classifier must be explicitly measured. Assume
that besides these two classifiers, i.e., #; and h,, a
classifier 4; is initially trained from L. Then, for any
classifier, an unlabeled example can be labeled for it
as long as the other two classifiers agree on the
labeling of this example, while the confidence of the
labeling of the classifiers are not needed to be
explicitly measure. For instance, if /2, and A3 agree on
the labeling of an example x in U, then x can be
labeled for 4;. In detail, the initial classifiers are
trained from data sets generated via bootstrap
sampling from the original labeled example set.
These classifiers are then refined in the tri-training
process, and the final hypothesis is produced via
majority voting. The generation of the initial
classifiers is similar to train an ensemble algorithm as
Bagging from the labeled example set.

The taxonomies are used in the semantic web. A
taxonomy, or directory or catalog, is a division of a
set of objects (documents, images, products, goods,
services, etc.) into a set of categories. There are a
tremendous number of taxonomies on the web, and
often it is necessary to integrate objects from various
taxonomies into a master taxonomy. In [37] the Co-
Bootstrapping technique is described, where a
Boosting algorithm and the support vector machine
are improved for the taxonomy integration.

2.2 Web Usage Mining

An empirical evaluation of classifier combination
schemes for predicting user navigational behaviour
was presented in [20]. The first one is built using
decision trees for the whole data set, with the aim of
studying user profiles and variable importance, while
the second one combines simple classifiers based on



small decision trees using a combination of the voting
[14] and Cascading [9] paradigms, in order to make
predictions which evolve during the period of time
the website is collecting data. Results show that it is
possible to extract useful information for studying
user profiles and for predicting user behaviour using
small decision trees.

An approach for classifying students was
presented in [18] in order to predict their final grade
based on features extracted from logged data in an
education web-based system. A combination of
multiple classifiers leads to a significant
improvement in classification performance. A genetic
algorithm was used to optimize the prediction
accuracy. The classifiers included learning techniques
such as: Quadratic Bayesian classifier, nearest
neighbour,  Parzen-window [26], multilayer
perceptron and decision tree.

News Dude system [2], that reads new stories to
the user, presents an automated induction to the user
preferences and interests. The induction of user
models consists of separate models for long-term and
short-term. The nearest neighbour algorithm is used
to assist to the short-term interests and a Bayesian
classifier for the long-term interests. The approach
that combines the predictions of multiple user models
in [23] consists of leaning a set of referees, one for
each prediction model, which characterizes the
situations in which each of models is able to make
correct predictions.

3 Recommender Systems

Recommender systems are directly related to the
personalization on the website and the development
of electronic commerce. Personalization includes a
series of fundamental and interdependent processes
[10]:

e User data acquisition: It is necessary to extend
and use the contained information in the log
files of the websites in order to enrich data
about the user interaction.

e Model building: this refers to extend the
information and the techniques to model
building that support the anticipated adaptation
tasks for the systems.

e Identification of adaptation tasks: It is related
with the built models and the definition of
adaptive tasks, it identifies the type of help that
can be of utility for its accomplishment, for
each cooperative learning task.

A way to build a recommender system using a

classifier would be by the use of the information
about a product and a consumer, also input data and

to make that the output categories represent in what
degree can be recommend the product to the client.
The classifiers are implemented by different learning
techniques. In spite of the advantages that the use of
multiclassifiers offers, researches where
multiclassifiers are applied to recommender system
does not proliferate.

There are two main approaches, memory-based
(user-based)  and  model-based  (item-based)
algorithms. Memory-based algorithms, also known as
nearest-neighbor methods, were the earliest used
[27]. They treat all user items by means of statistical
techniques in order to find users with similar
preferences (neighbors). The advantage of these
algorithms is the quick incorporation of the most
recent information, although the search for neighbors
in large databases is slow [30].

Data mining technologies have also been applied
to recommender systems. Model-based algorithms
use these methods in the development of a model of
user ratings. Some examples of these methods are the
Bayesian network analysis [27], the latent class
model [5], rule-based approaches, [16], association
analysis [21] [22], decision tree induction combined
with association rules [6], horting [34]. Web mining
methods build models based mainly on users'
behaviour more than in subjective valuations
(ratings). The models are induced off-line, which
allows a low user response time. This is the main
advantage of this approach that avoids problems
associated with traditional memory-based techniques
[19].

Multiclasifiers belong to the last group of
methods, however, in spite of the advantages that the
use of multiclassifiers offers, researches where
multiclassifiers are applied to recommender system
does not proliferate.

In most cases, recommendation problems in e-
commerce can be classified according to (1) whether
customers for whom make recommendations, (2)
whether the objective of recommendations is to
predict how much a particular customer will like a
particular product, or to identify a list of products that
will be of interest to a given customer, and (3)
whether the recommendation is accomplished at a
specific time or persistently [13].

4 Case Study

MovieLens is a movie recommender system available
in Internet based on GroupLens technology. It is an
experimental data source. Actually, two datasets are
in the GroupLens official website. One of them has
been selected for this study in order to predict the
ratings of movies. Finally, in this research only 1240



records were processed, due to many of them were
eliminated in the pre-processing phase. Data appear
in different files and some operations were necessary
to merge all the content in only one file for
introducing it, in the computer tools Mineset of
Silicon Graphics, Inc. and WEKA from University of
Waikato.

The ratings are the five values of an attribute,
from 1 to 5, it is the opinion that users have about
movies, where 1 means the lower rating or preference
and 5 represents, the maximum. Each user has
registered its gender, age, occupation and zip code.
The attributes about movies are: title, release date,
video release date and other 19 dedicated to each
possible movie gender or category (unknown, action,
adventure, animation, children, comedy, -crime,
documentary, drama, fantasy, film-noir, horror,
musical, mystery, romance, science-fiction, thriller,
war and western). These last features get value 1, if
the movie belongs to a specific gender and 0
otherwise. This means a movie can belong to
different film genders. The variable related to the
video release date has been excluded directly because
there is not registered information. There is also, the
attribute timestamp that refers to the moment, the
user made the rating.

Before making the attributes analysis, which are
used to build the model, noise in data could be
inferred. It does not understand that exist ratings over
2 when their title and gender movie are unknown.
Also, there are other records where the user zip code
does not appear or these data have less than five
digits.

As for the variable to predict in the study “rating”,
necessary transformations were made to convert it in
the variable “recom” with only two values: “Not
recommended” for the values 1 and 2 of “rating”, and
“Yes recommended” for the values 3, 4 and 5. These
changes are produced to simplify the problem,
because the important is to determine if the movie has
high ratings or not. Also, the number of the variables
is high (22).

The behaviour of Bagging, Boosting and Stacking
with different learning techniques was analyzed in
order to determine if multiclassifiers could be used in
the movie recommendation.

In WEKA for this case study, the individual
classifiers by different algorithms showed high
precisions (Fig. 1). Hence, could not be justified the
use of multiclassifiers, that increase the model
building and evaluation time only to overcome in
hundredth to most of the individual classifiers.

Building and evaluation times of the individual
algorithms are short in relation to Bagging and
Boosting showed (Table 1). The last one increased its

execution time significantly using nearest neighbour
learning. Following the analysis of Fig. 1, we can
discard the nearest neighbour individual classifier,
which presented the lower precision value in
comparison with the Bayesian learning method and
decision tree. Moreover, the ensemble methods
Bagging and Boosting that used nearest neighbour
can be excluded to recommend movies.

However, multiclassifiers with decision trees
improved the precision considerably. As much
Bagging as Boosting increased the precision in
relation to the individual method. Contrarily to the
case study about land evaluation described recently in
[31], the current data present noise, because as it was
explained previously, there are irregularities due
probably to deviations respect the real data, when the
suppliers of the website make the first data cleaning
and pre-processing. In this study, Bagging with
decision trees demonstrated to have a better

performance than Boosting (AdaBoost), which
ratifies the studies made by [7].
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Fig. 1. Precision values for simple classifiers,
Bagging and Boosting.

On the other hand, the hybrid method Stacking
increased in 8% (80.08%) the precision achieved by
the individual classifier (72.34%) with decision tree.
Two decision trees (RandomTree and J48) were used
as base classifiers to build Stacking and the meta-
classifier applied was a nearest neighbor algorithm
(IB1).

Table 1. Classifier building and evaluation times.

Simple ] )

Classifier D2gging Boosting
Bayesian
learning 3 ; "
(BayesNet)
Nearest neighbor
(IB1) 8 24 1354
Decision tree
(RandomTree) 8 8 24




In spite of the precision increment by Stacking,
the obtained precision by the individual Bayesian
classifier was not surpassed. In addition, the
execution time of this model was the lowest, only 3
seconds, reason why for this case study the use of
multiclassifiers based on Bayesian learning is not
recommended.

Multiclassifiers are sensitive to the data quality
from the web. Its application in recommender
systems must be considered if the employed time in
the model building is not prolonged, since for this
type of system the immediacy is one of the main
factors to consider as indispensable requirement.

5 Conclusions

The use of multiclassifiers in web mining is more
limited than in the traditional data mining. The
combination of classifiers on the web is more
frequent in the web content mining area, although it
has been also applied in the user behaviour prediction
and to study the evolution of such predictions.

The case study corroborated if data present noise,
Bagging shows its superiority with respect to
Boosting, when they are built with decision trees.
Also, it was confirmed it is possible to build a hybrid
method such as Stacking that, is even better than the
two methods mentioned before.

The use of multiclassifiers in recommender
systems must be justified with a very significant
precision increment in comparison with the
individual classifiers, but, in general, the
multiclassifiers take more time in their execution.
The priority of systems on the web is to give the
precise answer, but also, to do it quickly. This fact
does not limit the applicability of the classifiers in not
very  changing  environments, @ when  the
recommendation models are built of line due to they
are valid for long time.
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