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Classification is one of the central issues in information retrieval systems dealing with
text data. The need for effective approaches has been dramatically increased due to the
advent of the World Wide Web and massive digital libraries. Effective methods are
invaluable for the exploration of information repositories with the aim to discover
similarities between groups of text-based documents.

One goal of this thesis is the development of tools for supporting users of machine
learning and data mining algorithms in the area of text classification. While the interest in
such technology is growing rapidly, tools are still limited to end-users who are not
experts. This is due to the fact that machine learning systems are difficult to design and
their number keeps increasing. As a result, system designers are faced with two major
research problems: algorithmic model selection and model combination, i.e., (a) selecting
the most suitable model/algorithm to use on a given application, and (b) integrating this
with useful and effective transformations of the data. Traditionally, these problems are
resolved by trial-and-error or through consultation of experts. The first solution is time
consuming and unreliable. The second solution is expensive and biased by the expert's
own prejudices and preferences. This thesis develops a meta-model framework system
called the Regression Model Framework (RMF) that supports system designers with
model selection and method combination. RMF uses statistical regression analysis to
combine prior meta-knowledge with meta-level learning.

The second major goal of this thesis is to investigate how text classification is performed
on the Web. A great deal of text-based documents are available on the Internet and in
corporate intranets, and categorizing them into useful semantic categories is a rewarding



and challenging research problem. However, current approaches to text categorization on
the Web mostly concentrate on simple representation schemes that are based on word
occurrence and word frequency. The structural information that is inherent to documents
on the Web is usually neglected. In analyzing Web documents, the relative importance of
hypertext tags is investigated in order to ascertain their relative importance in predicting
the relevance of unknown documents.
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The problems that we have today were created at a particular level of thinking.
We can not solve these problems at the same level of thinking.
-Albert Einstein

Chapter 1

Introduction

As the volume of information available on the Internet and corporate intranets continues
to increase rapidly, there is a growing need for tools helping people find, filter and
manage these resources. Text classification, the assignment of text documents to one or
more predefined categories based on their content, is an important component to many
information management tasks. These include real-time filtering of email or files into
folder hierarchies, topic identification to support topic specific processing operations,
structured search and/or browsing, and finding documents that match long term standing

interests.

In many contexts, trained professionals are employed to categorize new items. This
process is very time consuming and costly, thus limiting its applicability [15].
Consequently, there is an increasing interest in developing technologies for automatic

text categorization.

The growing availability of information sources especially large, non-homogenous

distributed sources like the World Wide Web has produced a need for effective ways to



filter information. This research addresses the area of automatic text classification which

integrates text processing with data mining, machine learning and statistics.

1.1 Text Processing

By almost any measure, the amount of information being produced is growing faster than
the ability of information consumers to find, digest, and use this information [14] [57].
One response has been to publish information in computer-accessible form rather than by
traditional media such as paper, film, audio tape or video tapes. Businesses and other
organizations store an increasing amount of their internally generated information in
computer-accessible form. A small but increasing proportion of both technical and
everyday correspondence and conversation occurs, and is recorded, by electronic mail

and voice mail, adding to the opportunities and problems created by information growth.

Textual data is difficult to effectively understand because the relationship between its
sequence of words and its content is less clear than, for example, numerical [44]. Textual
data includes technical articles, memos, manuals, electronic mail, books, newspapers,
magazines, journals and many other forms of text. In addition, it is desirable to access

other forms of data including speech, images and video through textual annotations.

Content-based text processing tasks can be divided into two broad groups. First, text
classification involves the assigning of documents or parts of documents to one or more

of a number of categories. Second, text understanding involves more complete access to



the content of documents such as extracting formatted data, answering questions, and

summarization or abstracting. This research addresses the first group.

1.1.1 Text Classification Tasks

Classification is a common term in information retrieval, applied statistics and
psychology referring to processes of grouping entities. Text classification, therefore, is an
appropriate term to subsume a number of information retrieval tasks that are usually
considered distinct, but which all involve grouping of textual entities. Text classification
is made up of seven sub-tasks [52][53]: text retrieval, text categorization, text routing,

term categorization, document clustering, term clustering and latent indexing.

1.1.1.1 Text Retrieval

Text retrieval is the computer selection of a subset of a document database in whole or
summary form for an end user, usually in response to a user request. One view of a text
retrieval system is that it sorts documents into two classes: documents that will be
displayed to the user and those that will not. Many advanced text retrieval systems not
only select documents but also attempt to order displayed documents by importance.

These systems can be viewed as measuring the degree of membership.

The text retrieval process is made up of four main phases [52]:



1. Indexing: Raw documents must be converted into expressions in a
keyword text representation. These expressions are sometimes called
features and must have a structure usable by a text retrieval software.

2. Query formulation: The user or external system expresses a request that
can be interpreted by the information retrieval software.

3. Comparison: The system must implicitly or explicitly compare the user
query to the stored documents and make a classification decision about
which documents to retrieve and in what order.

4. Feedback: An initial retrieval rarely results in exactly the documents
desired by a user. Several iterations of modifying the query are usually
needed to achieve the desired results.

1.1.1.2 Text Categorization

Text categorization is the classification of documents with respect to a set of one or more
categories. Each category is associated with a single concept or idea such as sports,
science or history. The most common application of text categorization is in indexing
documents for text retrieval, i.e., in producing document representatives. Manual
assignment of subject categories to documents is a widely used form of text
representation. Users can mention these subject categories in their requests, possibly
enabling a more compact and effective query to be formed. However, manual assignment
of categories requires considerable human labor and expense. This research aims to
improve manual indexing with automated text classification in order to reduce these

costs.

Another application of text categorization is within text understanding systems.
Categorization may be used to filter out documents or parts of documents that are
unlikely to contain extractable data, without incurring the costs of more complex natural

language processing [26]. For example, a news information retrieval system processes



texts in many subject areas. Thus, categorization may be used to route stories to category

specific topics.

As with text retrieval, a category may be binary (a document either is or is not a member
of a category) or graded (a document can have a degree of membership in the category).
Binary assignments have been used in most applications. When multiple categories are
used, it may be the case that each document is assigned only one category. On the other
hand, categories may be assigned independently, with each document falling into all,

some or no categories.

Text categorization is a major focus of the research.

1.1.1.3 Text Routing

Text routing, also known as selective dissemination of information, or text filtering,
combines aspects of text retrieval and text categorization. Like text categorization, a text
routing system processes documents in real time and assigns them to zero or more
classes. However, like text retrieval, each class is typically associated with the
information needs of one or a small group of users [24]. Each user or user group can
typically add, remove or modify the standing queries or user profiles associated with their
needs. A user, for example, may set up a profile to filter on a single topic such as sports
or even more specifically baseball. There may or may not be relationships among the user

profiles and profiles may or may not be under end user control.



1.1.1.4 Term Categorization

Term categorization is similar to text categorization, in that pieces of text are assigned to
predefined categories. The difference is the size of the pieces of text. Where text
categorization deals with full documents or relatively large portions of documents, term
categorization is the assignment of categories to words or small fragments of text. For
example, in text categorization a document may be categorized by single words such as
‘politics’ or ‘sports.” In term categorization, phrases of words may be used instead like
‘international politics’ or ‘men’s sports.” While there is some blurring of this task into
text categorization, the techniques applied are different enough to consider this a distinct

task.

Term categorization is addressed in this research by assessing the relative importance of

the use of terms in improving categorization accuracy.

1.1.1.5 Document Clustering

Document clustering is the automated generation of categories of documents, usually
based on some similarity measure between documents, as well as a definition of what
characteristics groups of documents should have. Document clustering has been

suggested both as a means to speed up physical access to stored documents such as



Yahoo’s pre-defined categories, and as a text representation for improving the

effectiveness of text retrieval.

The objectives of creating document clusters are to
e Reduce the overhead of searches. Whole clusters can be stored and retrieved
together.
e Provide for a visual representation of the information space

Expand the retrieval of relevant items: if one item in a cluster is relevant, the
others probably are too.

1.1.1.6 Term Clustering

Term clustering is similar to document clustering except that individual words or small
fragments consisting of closely connected words are formed into groups. It attempts to
group words together to form concepts usually using tools such as a dictionary or
thesaurus. Term clustering has been investigated for producing better text representations
to support text retrieval, so far without much success. It has also been used as a method

for studying word usage and producing information useful to natural language processing

1.1.1.7 Latent Indexing

Latent indexing is related to both term clustering and document clustering. It uses factor
analysis or related techniques to transform one representation of a collection of
documents into a new representation with desirable mathematical properties. Both the

original indexing terms and the original documents are re-expressed in terms of this new



representation.

1.1.2 Text Classification Research Focus

Within the area of classification, this research develops and evaluates classification
algorithms. This includes investigating term categorization techniques as well as
performance of various text categorization algorithms. Text classification includes many
sub-tasks including text categorization and term categorization. Within the context of this

research, text categorization and text classification are used interchangeably.

In classification, an objective is to assign one of a set of pre-defined categories to an
unknown document. A simple example of a classification problem is the evaluation of
topics for a digital library. Given a research paper, a system chooses the most appropriate
related topic that defines the subject of the paper. For example, a paper on the social
security system in the United States can be placed in the politics topic while another
dealing with a sorting algorithm can be categorized as part of the computer science
subject. The classification algorithms search a space of subjects looking for one that
resembles as well as governs the decisions for those cases. In a digital library, a simple
rule based algorithm could analyze previous documents for vocabulary that can be used
to predict the appropriate subject matter. For example, if a paper includes terminology
such as ‘computer’, ‘algorithm’, ‘efficiency’ or ‘program’ then it may be classified as a

computer system research paper.



Presently, the number of different categorization algorithms is large and contains
contributions from many research areas. The performance of each varies widely
depending on the application domain and the criteria used in assessing them. When
facing a new problem, most analysts select a familiar one according to their particular

experience and preference.

The characterization of the domains of applicability of algorithms has always been a
central issue in the field of statistics. There are a number of drawbacks. First, a major
concern of past research is that the applicability of algorithms for text categorization has
only recently been given the same attention. Furthermore, the nature of these algorithms
is such that comparison and characterization of algorithms is hard to achieve. This
research compares various text categorization algorithms on the same dataset and
measures important system performance metrics. One of the problems identified in
previous work is that some of the measures used to characterize the given domain take

longer to calculate than running some of the algorithms [59].

A second drawback with previous work [27][39][16] on selecting algorithms is that it
concentrates on selecting the best single overall algorithm. This research argues that
efforts with categorization algorithms should not be used to identify a single best overall
candidate in all domains; different algorithms will perform well depending on the dataset
and specific application domain requirements. This research proposes a general
framework to recommend an appropriate algorithm given an application domain and

system behavior requirements.
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1.1.2.1 Algorithm Selection

There are many different classification algorithms that evolved from different areas in
statistics, machine learning and neural networks. Thus, it is becoming challenging for a
data analyst to keep up with the progress, making it difficult to select the best (or
appropriate) algorithm. This problem is made more difficult by the fact that system
designers who are not data analysts want to have access to classification algorithms to

assist them in their decision making.

Ideally it would be optimal if it were possible to identify the single best algorithm which

could be used in all situations. However, the No Free Lunch [83] theorem states that:

“...if algorithm A outperforms algorithm B on some cost function, then loosely
speaking there must exist exactly as many other functions where B outperforms

A.Q,

A brute force approach to this problem is to try all categorization algorithms on the
dataset and then select the one with the best results. In practice this is not feasible in most
applications because there are too many algorithms to try, some of which may be quite
slow. The problem is exacerbated when dealing with large amounts of data as is common
in knowledge discovery. Another problem with this approach is that the system designer

and data analyst must know how to use all the algorithms.
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All this implies that, given an unknown dataset, a recommendation should be given
beforehand concerning which algorithm should be used. Some researchers [13] [15]
describe algorithm selection as an exploratory process, highly dependent on the analyst’s
knowledge of the algorithms and of the problem domain, thus lying somewhere between
science and art. The same authors recognize the importance of developing tools that assist
the system designer in the process of selecting the best algorithm for a given problem or
at least a well performing one. The need for such methods has frequently been recognized
as an important issue in the fields of machine learning [58] and knowledge discovery
[30]. In response to the need, this research develops a methodology to aid system
designers and analysts in choosing an appropriate algorithm given their system

requirements and needs.

Most previous research focused on developing, analyzing and improving algorithms for
classification and other data analysis tasks, but relatively less work has been devoted to
the problem of algorithm selection based on past performance. Some of the earlier
approaches [15] were based on meta-knowledge concerning the performance of
algorithms. This knowledge can be either analytical, empirical or both. Meta-knowledge
is knowledge about a system that aids in decision making. In the analysis of the results of
project StatLog [59], knowledge of both types is presented. The meta knowledge of
Balabanovic [8] was of experimental origin. As used in this research, the objective of

meta-knowledge is to capture certain relationships between the measured dataset
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characteristics (such as the number of attributes, number of cases, skew, etc.) and the

relative performance of the algorithms.

This research develops a statistical regression-based model to predict algorithms’
suitability. This model is called the Regression Model Framework (RMF) and uses meta-
knowledge to predict the errors of individual algorithms with a high degree of success.
Furthermore, classification accuracy is not the only performance criteria used because
users may have other system requirements. Thus, precision accuracy, recall, and training
time, etc. are possible performance metrics. Using the Regression Model Framework, the

effectiveness of predicting the best algorithm is investigated.

1.1.2.2 Multi-Criteria Algorithm Selection

Many applications require not only a single criterion but several of them. Thus, the
research undertaken in this research must propose a framework such that multiple criteria
can be considered. Using several criteria in evaluation of classification algorithms is a
more difficult task than using just one criterion. One way to proceed is to combine them
into a new measure [30]. However, problems arise:

1. Criteria may not be easily quantifiable

2. How to combine all the criteria into one measure

3. Acceptable limits on all criteria.
The first problem is related with the fact that some system designers may compare

algorithms using non-traditional criteria such as success, understandability or novelty.

These measures are not easily quantifiable and quite subjective. An obvious example is



13

novelty; different experts have certainly gathered different expertise. For the domain
expertise of the Regression Framework within this research such subjective criteria are

not included at all.

To solve the problem of how to combine different criteria, one may use linear or non-
linear combinations of criteria. The approach taken in this research is a weighted linear
combination of the criteria because the variables under consideration have a linear

relationship.

The last problem is the relative importance of individual criteria or acceptable limits.
Each criteria is given a weight, and a ranking is performed. For example, precision
accuracy may be twice as important as training time. Of course, defining the minimum
accuracy allowed is a more difficult problem to solve. How much accuracy is an
application willing to give up to obtain half the training time? Little work has been done
by researchers in the area of machine learning or knowledge discovery concerning this

issue [15][30].

1.2 World Wide Web

The Internet contains large amounts of unstructured text-based documents, thus making it
an excellent test bed for text categorization research. In a recent Asilomar Report [7] on
the future of database research, it is predicted that within ten years, the majority of

information will be available on the Internet. Of course, the Internet encompasses all



