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1 Abstract

Recently, the amount of information available on the Internet and in other
electronic forms has experienced a rapid growth. Unfortunately, humans
are not very good at managing and utilizing huge collections of documents.
As the amount of information stored in electronic form increases further,
the need for developing tools to help people retrieve, filter and manage
documents becomes more obvious.

Improving the performance of text classifiers, therefore, is of great im-
portance in various segments of the industry (business, news) because the
number of documents that are being handled on a daily basis is increasing
rapidly by the day and becoming more and more daunting for humans to
cope with.

For that reason text categorization has become an extremely popular
area of research and a lot of work has been done investigating various ap-
proaches, their strengths, weaknesses and how to overcome them.

In the following sections I will give an overview of text classification,
present and analyze the various methods used and proposed by researchers,
as well as their disadvantages and potential room for improvement.

2 Introduction

With the growing number of documents in electronic form, text classifica-
tion, the task of assigning documents to pre-defined categories, has inspired
great interest in researchers around the world, who have developed various
machine-learning algorithms for automating this task. These algorithms are
commonly based on the vector space model (Kwok, 1999) where sparse vec-
tors represent the text documents and each component corresponds to a
feature extracted from the document. The features describe a document in
a particular way, with one of the more common approaches having them in-
dicate the presence of words in the document. This creates a word presence
vector (see Figure 1). These algorithms are described in more detail in the
following sections.

The main problems these classifiers encounter in text classification are:

e High dimensional input spaces: the document vectors are very high
dimensional and in general have thousands of components represent-
ing the different features of a document collection. This often im-
poses huge computational and memory requirements on text classifiers,
severely affecting their performance. This property, in turn, requires
the use of feature selection (Lewis, 1992; Joachims, 1997) to reduce the
dimensionality of the data set.
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Figure 1: Representing Documents as Feature Vectors

o Text classifiers must be able to learn from a small set of labeled exam-
ples: labeling documents manually is an expensive and time-consuming
task. This emphasizes the need for text classifiers to be able to
learn from a small set of labeled and a large set of unlabeled doc-
uments without severely affecting accuracy. Often classifiers work
with labeled data only, limiting their applicability to this domain.
However, there also exist various techniques for successfully classi-
fying data after learning from only a small set of labeled examples
and a large set of unlabeled ones (Nigam, McCallum, Thrun and
Mitchell, 2000; Joachims, 1999; Blum and Mitchell, 1998; Raskutti,
Ferra and Kowalczyk, 2002; Fang, Parthasarathy and Schwartz, 2001).

o Multi-Class Classification: this is a problem common in text classi-
fication. Text documents, for example news stories, can belong to
more than one class (sports, IT, politics, health...). Various methods
exist for dealing with this problem, and the particular area of my re-
search will be the application of Support Vector Machines (SVM) to
multi-class classification. Some solutions regarding SVMs already ex-
ist (Salomon, 2001; Lee, Lin and Wahba, 2001a), however they are not
very efficient as I will describe later on.

Having these problems in mind, researchers have designed various algo-



rithms for tackling the problem of text classification. They can be divided
into two major approaches:

e Classifying with labeled data alone and

e Classifying with labeled and unlabeled data

Another area of great importance in text classification is feature selec-
tion, the task of reducing the total number of features used in classification
by discarding irrelevant features. Irrelevant features are those that, for ex-
ample, appear in all classes approximately the same number of times, and
therefore do not provide the classifier with any relevant information. Fea-
ture selection, therefore, helps reduce the problems associated with high
dimensionality. Various classification and feature selection techniques are
discussed in the following sections.

3 Classifying with Labeled Data

Text classification is a supervised learning task, which simply assigns labels
to new documents using information obtained during learning from a set of
labeled documents. The training set is labeled manually. A large number
of approaches exist, ranging from probabilistic methods (Fang et al., 2001;
Lewis and Ringuette, 1994), combinations of clustering methods and classi-
fiers (Fang et al., 2001), k-Nearest Neighbour classifiers (Han, Karypis and
Kumar, 2001) to Support Vector Machines(SVMs) (Joachims, 1998; Kwok,
1999; Dumais, 1998; Raskutti et al., 2002; Tong and Koller, 2000).

3.1 Naive Bayes

The Naive Bayes algorithm is widely used in text classification, and has
proven to provide very good results (Fang et al., 2001; Lewis and Ringuette,
1994). For each document in the document collection, the algorithm com-
putes the posterior probability that the document belongs to different classes.
Then the document is assigned to the class with the highest probability.

When determining the class C' of a document from a collection with
unique words w1, wa...w,, Fang et al. (2001) use the expression

C = argmazP(wi, ws...wy|C;)P(Cj) (1)

As Fang et al. (2001) explain, the problem with this approach is that the
number of P (w1, ws...wy|C;) terms is equal to the number of possible classes
multiplied by the number of possible documents. This, of course, would
require an extremely large training set and is therefore not very efficient. For
this reason, Naive Bayes often makes the assumption of word independence.



In other words, it assumes that all words in a given class are probabilistically
independent of each other. This simplifies the above equation to:

C = argmazP(C}) H P(w;|Cj) (2)

Even though in practice this assumption hardly ever holds, experiments
show that the Naive Bayes classifier still performs well (Fang et al., 2001;
Lewis and Ringuette, 1994).

3.2 K-Nearest Neighbour

The K-Nearest Neighbour algorithm is based on finding the k nearest neigh-
bours of a test document, where the “closeness” is expressed in terms of
similarity. Then the similarities of the test document to the k neighbours
are added up according to the class of the neighbours. After adding up
these similarities, the test document is assigned to the most similar class,
as measured by the k similarities added up. The commonly used similarity
measure is the “cosine” similarity. The cosine similarity between documents
X and Y from a collection with a set of unique words W is defined as:

cos(X,Y) = Lwew Xw - Yu
Vwew X2+ \[Soew V2

One of the weaknesses of this approach is that it uses all features in com-
puting the similarities, when in most cases only a subset of the features
is useful for classification. This can lead to poor and not very accurate
similarity measures, causing the performance to degrade.

For this reason, Han et al.(Han et al., 2001) propose a modified version
of k-NN, Weight Adjusted k-Nearest Neighbour (WAKNN). In this
method each word from the training set is assigned an importance measure
and a weight vector V' is maintained storing the importance for all the words
in the training set. The weight vector is used to compute the similarity
between documents, where more important words (as shown in the weight
vector), contribute more to the final result of the ”similarity” computation.
The weighted cosine similarity measure for documents X and Y is defined
as:

(3)

ZweW(Xw ) Vw) i (Yw . Vw)
cos(X,Y, W) =
\/EweW(Xw ' Vw)2 ' \/EweW(Yw ' Vw)2

However, this method also requires expensive computations when calculating
the similarity between a new document and every training document.

(4)

3.3 PDDP and Naive Bayes

A new approach to this problem is investigated by Fang et al. (2001), where a
Naive Bayes Classifier was used on information that was obtained by running



the Principal Direction Divisive Partitioning (PDDP) clustering algorithm
on the training data. The clustering algorithm was used to find a small
set of distinctive words that would be later used to train the Naive Bayes
classifier. The overall performance of the classifier showed an improvement
of 85% compared to the Bayes classifier alone (Fang et al., 2001).

PDDP creates a binary tree, where each node has a set of documents,
various figures calculated from these documents (for example, the cluster
centroid) and pointers to two child nodes. The algorithm uses an n xm term
frequency matrix, where n is the number of unique words in the document
set and m is the number of documents. The term frequency matrix, together
with the cluster centroid is used to split the documents in a node into two
partitions. The PDDP tree root contains all the documents. Then each
leaf cluster is recursively split into two children. This continues until some
criterion is satisfied. In Fang et al.’s (2001) experiments, the splitting of
clusters continued until “pure nodes” were obtained, which means nodes
that contained documents from only one unique class. Which node to split
at each stage is determined by using the “scatter values” of each cluster,
where the scatter value is just a measure of how compact the cluster actually
is.

The performance of the algorithm depends heavily on the size of the term
frequency matrix. Document collections usually have thousands of unique
words and the number of documents clustered are also often in the thou-
sands. This makes the matrix extremely large and degrades performance.
Fang et al. (2001) propose a solution which includes human experts find-
ing the most important words and hence reducing the matrix size without
severely affecting accuracy. However, this is a process that involves human
involvement, and of course, that is something we would like to minimize in
the area of text classification.

3.4 Support Vector Machines

Support Vector Machines(SVM) (Joachims, 1998; Kwok, 1999; Du-
mais, 1998; Raskutti et al., 2002; Tong and Koller, 2000; Scholkopf, 1998)
are commonly used in text classification. Given a training set of labeled
documents, they construct a hyperplane by trying to simultaneously maxi-
mize the margin between the sets of two classes (“positive” and “negative”)
and minimize the classification error. The points that are found to belong
to the planes supporting the two classes are called support vectors (see
Figure 2).
The decision function is of the form,

f(z) = sign((w.z) +b) (5)

where w is a vector determining the orientation of the plane and b is
the offset of the plane from the origin (Bennet and Campbell, 2000). The



function implies that a document is assigned to the positive class if w.z+b >
0, otherwise it is assigned to the negative class.

The optimal solution for a training set is found by determining w and b
(from Equation 5) such that:

1 C &
mln§||w||2+—z€i, yi(w-z; —b) >1—¢, >0 (6)
mi=
for all ¢ = 1,...,m, where C is a constant. Since the margin between

two classes is defined as W, by minimizing the first term in (6), the margin
between the two classes will be maximized. The second term denotes the
penalty for every training example that is misclassified (otherwise ¢; = 0).
When the data is linearly separable (i.e. all examples belong to the correct
side of the hyperplane, as in Figure 2), then the penalty terms from equation
(6) are ommited.

Separating Hyper plane

© Databelongingtoclass1
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© O support Vectors

Figure 2: SVM solution for two linearly separable classes

Research so far indicates that SVMs are well suited for the text classifi-
cation problem (Joachims, 2001; Bennet and Campbell, 2000). In his paper,
Kwok (1999) explains that SVMs can handle dynamic document collections.
They do that by using the decomposition algorithm (Kwok, 1999), which
allows incorporating new documents into the existing set of support vectors
(obtained from the training set) without losing any accuracy.

Also, Joachims (1998) indicates the property of SVMs that their learning
process is independent of the dimensionality of the feature space (i.e. the



number of unique words). This means SVMs can generalize well even in the
presence of many features if the data can be separated with a wide margin,
making them less prone to overfitting.

Although, according to Joachims (1998), documents in general are lin-
early separable (with minor classification errors), even in the odd case of this
not being applicable to a certain training set, SVMs can construct highly
non-linear classification functions by using kernels (Bennet and Campbell,
2000). Kernels are functions used to replace the mappings from the original
two-dimensional input space (for linear classifiers) to the multi-dimensional
input space (for non-linear classifiers). They are used because the map-
ping functions are often impractical to compute while kernels have a much
simpler form (Bennet and Campbell, 2000; Dumais, 1998). This property
makes SVMs even more appropriate for use in text classification. For more
information on Support Vector Machines and kernels, see (Scholkopf, 1998;
Kwok, 1999; Bennet and Campbell, 2000; Dumais, 1998).

There are, however, certain issues regarding the use of SVMs in text
classification:

e The algorithm for finding the support vectors in the learning process
is quadratic in space. This obviously is a problem, since training is
usually done with thousand of documents and possibly thousands of
unique words, so the memory requirements can grow rapidly. Various
feature selection techniques are being investigated to help reduce this
problem. (For more information, see section 5).

e Document collections can have several various topics incorporated, and
one document can belong to several topics (i.e. they are not mutually
exclusive). This is a problem that in a certain way limits the use of
SVMs in text classification. Several approaches exist to this problem,
and they will be investigated in the following section.

For the above reasons, SVMs will be included in this project’s research,
particularly their application to dealing with multi-class classification prob-
lems and the benefits of combining them with other techniques.

3.5 Multi-Class Support Vector Machines

The Multi-Class classification problem for SVMs has been approached
in different ways (Salomon, 2001; Lee et al., 2001a; Ghani, 2000; Scholkopf
and Smola, 2002), each of them having their advantages and weaknesses.

3.5.1 One vs. One Classifier

The One vs. One classifier (Salomon, 2001) is a popular and simple tech-
nique. It creates a SVM for all possible combinations of classes. Then during



classification, a new document is run through all the SVMs and assigned to
the class that “wins” the greatest number of these classifications. This is
why this method is often called a “voting scheme”. An obvious advantage
of this scheme is that even if a new example is misclassified by one of the
SVMs, there is still a chance for it being classified correctly since there are
N — 1 SVMs trained for a data set with NV classes.

Weaknesses: A disadvantage is that if there are N classes, the number
of trained SVMs is Nx(N —1)/2, which means the number of SVMs will grow
rapidly with the number of different classes. This also makes classification
slow, since the document has to be classified by all the SVMs before a final
decision is made.

3.5.2 One vs. Rest Classifier

The One vs. Rest classifier (Salomon, 2001) builds N SVMs for a training
set with IV classes. Each SVM separates one class, C;, from the rest of the
classes in the training set. This is done for all classes from 1 to N. The
basic idea is then to assign a point to the class whose hyperplane is furthest
away. This method is less “expensive” than the One vs. One method for the
simple reason that it needs less classifiers (N compared to Nx(N —1)/2).

Weaknesses: All the classes are involved in each of the trained SVMs,
which makes the training process still a very time consuming one. Also,
as Lee, Lin and Wahba (2001b),who give a probabilistic interpretation of
SVMs, explain, it is often difficult to isolate one class from the rest, causing
a decrease in classifier accuracy.

3.5.3 Error-Correcting Output Codes

Error-correcting output codes (ECOC) (Dietterich and Bakiri, 1995; Ghani,
2000; Scholkopf and Smola, 2002) are based on the use of codewords in
data communications. They are used not only for multi-class SVMs, but in
combination with other machine learning methods as well (Dietterich and
Bakiri, 1995). The algorithm for an m-class problem can be explained as
follows:

1. An mxn matrix M is created
2. Each class is assigned one n-length string (unique row) from the matrix

3. An SVM is trained for each column in the matrix (for a total of n
SVMs)

where m is the number of unique classes and n is an arbitrarily chosen
codeword length (having in mind that the rows in the matrix should be
well separated to accommodate for errors, i.e. they should have some fixed



Hamming distance). In the testing phase each of the n SVMs are applied
to the test example, each of them producing an output and contributing
one digit to the n-length string. Finally, the test example is assigned to the
class from M with the lowest Hamming distance (in other words, the class
whose codeword is closest to the codeword produced by the n SVMs for that
particular test example).

Weaknesses Although this method has produced good results, Scholkopf
and Smola (2002) argue that it doesn’t make enough use of the most im-
portant quantity in SVMs - the margin. Instead, as in the One vs. Rest
method, it uses a variant of the “voting” scheme. Also, a major weakness
not only in the ECOC method, but in all the multi-class approaches dis-
cussed here, is that they do not cater for the case when a single document
belongs to multiple classes.

4 Classifying with Labeled and Unlabeled Data

The above-mentioned classifiers have the obvious disadvantage that they
can’t incorporate unlabeled documents in the learning process and utilize
it for improving their accuracy. This also makes these techniques expensive
since they require a large set of manually labeled documents. However, there
do exist techniques for learning to classify documents from a small set of
labeled and large set of unlabeled examples (Nigam et al., 2000; Joachims,
1999; Blum and Mitchell, 1998). This is of great importance since their
capability of learning with a small set of labeled examples minimizes the
need for manual labeling.

The majority of existing techniques tend to label the unlabeled data.
However, recently a new technique has been investigated by Raskutti et al.
(2002) which involves combining a clustering algorithm with a Support Vec-
tor Machine. Both approaches will be discussed in the following sections.

4.1 Labeling the Unlabeled Data

As already mentioned, the majority of techniques using unlabeled data in the
training process tend to label the data. There exist numerous methods that
have proven to be successful in this area and the following are summaries of
the most popular and widely used approaches.

4.1.1 Expectation-Maximization (EM) Algorithm

A combination of the Expectation-Maximization (EM) algorithm and
a Naive Bayes classifier, as presented by Nigam et al. (2000), shows that the
accuracy of classifiers can be improved by augmenting a small number of
labeled training documents with a large collection of unlabeled documents.



The EM algorithm is widely used in many applications. It is used for finding
the maximum likelihood in problems with incomplete data. In the case of
text classification, the unlabeled documents are the incomplete data since
they are missing the class labels. The EM algorithm proceeds as follows:

1. Estimate Naive Bayes parameters, € (includes the probability of a
word given a class 0,,|c; and the class prior probabilities 6, j), from the
labeled documents

2. Loop until € doesn’t further change:

- Use Naive Bayes classifier to assign predicted class labels to each
unlabeled document

- Estimate new classifier parameters, 6, using the whole set of docu-
ments(initially labeled and labeled in the previous step)

3. Output a classifier, with parameters # that can now label unlabeled
documents by predicting the class label

Weaknesses: To achieve improvement with the EM algorithm, some
assumptions about how the data are generated must be satisfied (for exam-
ple, the Naive Bayes classifier assumes words in text are independent of each
other for a given class). However, in practice, text rarely complies with these
assumptions, causing the algorithms performance to actually deteriorate. In
order to avoid that, extensions to the existing algorithm are suggested, with
one of the possibilities being a weighting factor that influences the unlabeled
data’s contribution to parameter estimation in EM.

4.1.2 Co-training Algorithm

Another approach is described by Blum and Mitchell (1998), known as the
co-training algorithm. They assume that there exist two redundant sets
of labeled data and that both would be sufficient for successful classification
if there was enough labeled data. In other words, there exist two sets of
data (X1, X2) such that training two different classifiers fi(z) and fo(x)
with either of the two data sets would produce the same results. This allows
the training of two separate classifiers that after being initially trained use
their predictions to label the much larger unlabeled data set. The predictions
on unlabeled data, produced by both classifiers, are then used to increase
the training set of the other classifier. This means that the redundancy of
features allows learning two distinct classifiers that in turn can now train
each other over unlabeled data. An experiment on classifying web pages,
where a classifier was learned for finding home pages of various Computer
Science departments in 4 American universities, showed that the use of
unlabeled data actually provides superior performance compared to just
using the small labeled set.

10



Weaknesses: As Blum and Mitchell point out, their model is an “over-
simplification” of the real world, since in two data sets, it is likely to find
parameters z1 and zo such that fi(z1) # fao(z2), i.e. that do not fit into
the models assumption. Also, further research is needed since only few
experiments have been done, and only on the data set mentioned above.

A variation of the co-training algorithm mentioned above is described in
the work by Goldman and Zhou (2000). The main strength of this method is
that there are no assumptions made about having two redundant views that
are sufficient for successful classification as there are in Blum and Mitchell’s
method. Instead, there are two learning algorithms that are both trained on
the labeled data, and then each learner takes a subset of the unlabeled data
and labels it for the other. This is repeated until there is no more data to be
selected for labeling. In the end, the two resulting hypothesis are combined
to give the final hypothesis. Experiments done by Goldman and Zhou have
shown that this technique outperforms certain learning algorithms such as
ID3 and HOODG.

Weaknesses: At one stage, the algorithm has to determine which sam-
ples should algorithm A label for algorithm B and vice versa. The basic rule
is that A should label a document for B only if A’s confidence in its label
for the document is greater than B’s. The problem is that their experiments
show that too high of a confidence-interval doesn’t allow enough data to be
labeled, while confidence intervals that are too low allow too much data to
be labeled. Experiments have been done using a 95% confidence interval,
however there is no real proof as yet that this is the optimal interval.

4.1.3 Transductive Support Vector Machines (TSVM)

The method introduced by Joachims (Joachims, 1999) involves the use
of Transductive Support Vector Machines (TSVM). TSVMs are a
flavour of SVMs with the difference that instead of searching for a deci-
sion function with a low error rate on the whole distribution of the train-
ing set, it attempts to classify a “test set” with as few errors as possible.
The main idea is that the TSVM begins with a labeling of the test data
based on the classification of an SVM, and then it improves the solution by
switching the labels of the test examples, which is continuously done until
a hyperplane that separates both the training and test data with maximum
margin is found. The major advantage of this technique is that it doesn’t
require a lot of labeled examples. Experiments performed by Joachims on
the Reuters-21578 document collection, and verified using the precision-
recall method!(Joachims, 1999), show an improvement in the average of the

'The Precision/Recall-Breakeven point is commonly used for assessing the performance

of text classifiers. Precision is the probability that a document predicted to be in class ’A’
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precision-recall breakeven points from 48.4 for SVMs to 60.8 for TSVMs.
The classifying was done using only 17 labeled examples and 3299 unla-
beled ones. It should be noted, however, that the same unlabeled set used
for training the TSVM was also used in the testing phase, an approach not
very common in verifying the performance of text classification techniques.

Weaknesses: TSVMs still suffer from the same memory requirement
problems as SVMs which further emphasizes the need for feature selection.
They also have the problem of dealing with multi-class classification. In
fact, TSVMs have to deal with the additional burden that as the number of
unique classes increases, the number of different ways the test samples can
be labeled increases exponentially. This, obviously, has serious performance
implications.

This technique is still, however, very appealing simply because of its abil-
ity to learn with a very small number of labeled examples. For this reason,
it will be further investigated in my research, particularly its application to
classifying when combined with clustering methods, as is described in the
next section.

4.2 Classifying and Clustering - A Combined Approach

Clustering is a method that assigns items (in this case documents) to au-
tomatically created groups based on a calculation of the degree of similarity
between items and groups (clusters). It is a popular technique because it
can group similar documents into clusters even without any labeled examples
(classifying it as an “unsupervised learning” technique). Its role is to cluster
the documents into similar groups and discover additional information about
the properties (for example, similarity) of the documents in the document
set. This information is then utilized by a classifier, which in most cases im-
proves performance of the classifier (Raskutti et al., 2002; Fang et al., 2001).
Several methods implementing this approach exist. A particularly interest-
ing method, described by Raskutti et al. (2002), will be one of the major
areas of investigation included in this project.

The next two sections describe the approach adopted by Raskutti et al.
(2002) as well as Snob (Wallace and Dowe, 1994; Patrick, 1991; Oliver, Bax-
ter and Wallace, 1996), a clustering method that could potentially improve
text classification when combined with classifiers.

truly belongs to the class. Recall is the probability that a document belonging to class 'A’
is classified into this class. The Precision/Recall-Breakeven point is the value for which

precision and recall are equal.
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4.2.1 Single Pass Algorithm and SVMs

The clustering algorithm used by Raskutti et al. (2002) is a modified version
of the one described by Rasmussen (Rasmussen, 1992), a simple and pop-
ular clustering technique known as the Single Pass Method. The clustering
algorithm used by Raskutti et al. (2002) can be described in the following
way':

1. The first cluster C; is initialized with the first document D,

2. For document D;, the distances between document D; and all the
existing clusters are calculated and the minimum distance Distpy is
found

3. If Distyiy is less than some threshold T', the document is added to
the corresponding cluster, otherwise a new cluster is initialized with
document D;

4. Loop until every document is allocated to a cluster

It should be noted that only the training data (including both labeled
and unlabeled examples) is clustered. After clustering, new features are
calculated and added to the labeled training documents as well as to the
test documents. These new features include the document’s cosine similarity
(Equation 3) to the cluster’s labeled centroid, unlabelled centroid, negative
centroid, positive centroid etc. (Raskutti et al., 2002). When calculating
these similarities, only the N most populated clusters are taken into account,
where N is pre-determined by the user. After having new features added,
the labeled training documents are used to train the classifier (in this case
a SVM), which in turn provides better results since the SVM now has more
information that describes the training set.

According to Raskutti et al. (2002), this method also has the advan-
tage of being able to handle frequent additions to the document collection
without re-training. Experiments using this clustering technique have been
performed on SVMs and they show an improvement in the performance of
SVMs even if the labeled set is only 0.25% of the total training set. It must
be noted, however, that experiments were done using the word presence
matrix (another feature representation technique might improve results).

Although they have advantages, these combined methods also suffer from
the disadvantages of both the clustering algorithm used and the classifier.
In this approach, the method encounters the same problems as SVMs, as
described earlier, as well as the problems with the Single Pass Method.

The Single Pass Method, even though popular due to its simplicity, raises
a few questions:

e First, the result of the clustering depends on the order in which the
documents are processed (i.e. starting from somewhere in the middle
of the document set would produce very different results).

13



e The choice of the threshold T' can produce different results, so there is
the issue of determining the optimal threshold for a particular data set.
For a T that is too small, we end up with a lot of small clusters, while
a T that is too large might produce only one large cluster which does
not provide any information. According to Raskutti et al. (2002), the
optimal threshold can be found by repeatedly clustering the documents
but this comes at a performance cost.

e The number of clusters that are used to add features to the training
and test set is pre-determined, but there is no guarantee that the
chosen number is a true representative of the document population. A
smaller or greater number of clusters might improve results, however
this method leaves it to the user to test various possibilities.

As it is now, Raskutti et al.’s (2002) method adds cluster parameters
to labeled data in the training set, which is later used to train an SVM.
However, interesting results could be obtained by combining this clustering
algorithm with a TSVM. This would mean adding cluster parameters to the
unlabeled data from the training set as well and using it for training the
TSVM. This will be one of the main areas of investigation in this project’s
research.

4.2.2 SNOB

Snob (Wallace and Dowe, 1994; Patrick, 1991; Oliver et al., 1996) is a clus-
tering program based on the Minimum Message Length (MML) (Wallace
and Dowe, 1999; Wallace and Dowe, 1997) criterion that attempts to create
the “best” classification (clustering) possible for a given collection of data
(objects) with their attributes. MML attempts to minimize the length of a
message Messageengtn (H, D) consisting of two parts:

Messa'gelength (Ha D) = Messagelength (H) + Messagelength(D|H) (7)

where H denotes a hypothesis that explains the data D. MML follows “Ock-
ham’s razor” which says that “if two theories explain the facts equally well
then the simpler theory is to be preferred” (William of Ockham)?. In the
same sense MML tries to find a representation of the given data that mini-
mizes the length of the message needed to represent it. For more information
on MML see (Wallace and Dowe, 1999; Wallace and Dowe, 1997).

Even though there doesn’t seem to be any research on the application of
Snob to document classification, it is an approach that I will be investigating
in my research. The reasons are the impressive results Snob has shown
in other classification problems (Dowe, Allison, Dix, Hunter, Wallace and

http://www.csse.monash.edu.au/ lloyd/tildeMML/
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Edgoose, 1996; Kissane, Bloch, Burns, Patrick, Wallace and McKenzie, 1994;
Oliver et al., 1996), as well as some advantages over the more widely used
clustering techniques (Patrick, 1991). According to Patrick (1991), these
advantages are:

1. Most clustering algorithms use some measure of similarity in order
to create groups of similar objects. However, there is no theoretical
proof favouring one similarity measure over others. Snob, on the other
hand, attempts to group the objects so that the length of the message
describing them is minimized.

2. As already mentioned for the Single Pass Algorithm, most cluster-
ing techniques fail in determining the optimal number of clusters to
describe the given data set.

A weakness with this approach, at least when it comes to applying it
in text classification, is that Snob hasn’t been used in classifying objects
with thousands of features (which is the case with documents). This could
seriously limit the applicability of Snob to document classification. Dealing
with this problem and determining therefore Snob’s potential for use in text
classification is going to be one of the issues investigated in this project’s
research.

For more detailed information on Snob see (Patrick, 1991; Wallace and
Dowe, 1994; Wallace and Dowe, 1996).

5 Feature Selection

As becomes obvious after analyzing the various clustering and classifying
techniques used in text categorization, the fact that document sets usu-
ally have thousands of unique words (features) often severely affects perfor-
mance. Dealing with thousands of features requires expensive computations
as well as large amounts of memory storage. Also, as Joachims (1997) ex-
plains, often a subset of features can help discriminate between classes bet-
ter, while including redundant features in the classification can add noise and
reduce performance. For these reasons, researchers are investigating various
ways of representing features that will allow discarding a significant number
of irrelevant features without affecting the accuracy of text classifiers.

5.1 Syntactic Indexing

One of the more recent approaches is presented by Lewis (1992), who tries
to investigate the property of text that words often are not probabilistically
independent. That is, some words combined provide valuable information in
the context of the document topic (for example, “Mechanical Engineering”),
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but singled out they don’t provide almost any information at all. For that
reason, he describes features as combinations of words in particular syn-
tactic relationships and calls such features syntactic indexing phrases. He
considers finding these by using clustering techniques to detect related fea-
tures. Groups of these features are then replaced by a single feature which
represents a sum of the weights of the corresponding words grouped. He
refers to this strategy as term clustering. However, experiments performed
using this technique showed that the improvement in performance was in-
significant. This was caused by the fact that the document collection wasn’t
large enough to give a significant measure of the distributional properties
of phrases. Also, the clustering techniques provided poor quality clusters,
failing to capture a significant number of relevant and high quality semantic
relationships. Another unexpected problem is that it appears that phrases,
even though providing more information than single words, didn’t turn out
to be good content indicators. However, research using this method is still
being investigated and new approaches are being considered.

5.2 Information Gain (IG)

Information Gain is a frequently used feature selection technique. Yang
and Pedersen (1997) describe it’s main strength as the fact that it measures
the amount of information given by a word over all classes by considering
both the presence and absence of the word from each class. In other words,
it doesn’t just use the presence of words in evaluating their importance, but
also their absence is used to obtain information. The information gain of a
term (word) ¢ is defined as (Yang and Pedersen, 1997):

G(t) = = P(ei)log P(ci)+P(t) Y P(ci|t) log P(ci[t)+P(2) Y P(cil) log P(cil?)
i=1 i=1 i=1

(8)
where ¢ denotes the absence of the term and cy, ..., ¢, denotes the m classes.
In their experiments, Yang and Pedersen (1997) have discovered that the
accuracy of classifiers is still very high (and in some cases improves) when
using this selection technique. In some cases, however, the computational
costs of this technique can be very high. Yang and Pedersen (1997) claim
that estimating the probabilities has a time complexity of O(/N) and a space
complexity of O(V N) where N is the number of documents used for training
and V is the number of unique words in the document collection. This, of
course, causes the algorithm to become very inefficient for large document
collection and vocabulary sizes.
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5.3 Concept Indexing (CI)

Han and Karypis (2000) introduce a new feature selection technique called
Concept Indexing (CI). The main idea behind CI is to compute k-
dimensional representations of all the documents, where k is a number much
smaller than the initial dimensionality of the training set. This is achieved
by doing the following for a document collection with n documents and m
unique words:

e The documents are clustered into k groups (clusters)
e An m x k matrix C is created consisting of the k cluster centroids

e The k-dimensional representation of each document is obtained by
calculating the expression d.C

Initial experiments show that this feature selection method achieves results
comparable to other techniques and in the case of the k-NN classifier also
greatly improves performance (Han and Karypis, 2000). It must be noted
that this technique, when clustering, uses all the features for its calculations
which in the case of large vocabulary sizes can slow down the execution time
considerably. A possible remedy could be applying the TF-IDF model (as
described in the following section) before the clustering in order to reduce
the number of features.

5.4 Term Frequency - Inverse Document Frequency

Joachims (1997) describes an approach that describes features taking into
account both the frequency in a single document and in the whole doc-
ument collection. This is the Term Frequency - Inverse Document
Frequency (TF-IDF) approach. It builds upon one of the more basic ap-
proaches, the Term Frequency method, by also considering the frequency of
the word in the document set. The inverse document frequency is low if the
word appears in many documents and highest if it appears in only one (see
Equation 9). This accommodates the idea that less frequent words provide
more information and are better in discriminating between classes. For these
reasons, as well as for its simplicity, it is a very popular and widely used
feature selection method. The TF-IDF value of a word w in a document d
is defined as:

TF — IDF(w) = TF(w) x log #(‘W) (9)

where TF'(w) is the number of times the word w appears in document
d, DF(w) is the total number of documents it appears in (the document
frequency) and |D]| is the size of the document collection.
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Joachims (1997) in his experiments discovered that this method greatly
improved the performance of the Rocchio algorithm (Joachims, 1997). ¢ For
the above mentioned reasons, this approach will be the target of my research.
The main issue to tackle is the fact that this representation fails to consider
the importance of the position of a word within a document. Namely, a word
appearing in a document title, heading or section title certainly must provide
more information about the topic than a word somewhere in the middle
of the text. The remedy for this could be giving words different weights
according to their position in the document. This, however, could be difficult
since the documents from the Reuters-21578 collection (Joachims, 1998),
which was planned to be the collection used for this project, have only
mostly brief “titles” and no other indicators of how important a word might
be. This could seriously limit this proposed modification of the TF-IDF
model.
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6 Summary

The significance of text classification is well illustrated by the amount of
work that has been done in this area, as well as the fact that it is still being
investigated by researchers around the world. The techniques described in
this paper are either the most recent ones or ones that are particularly
interesting because of their impressive results in text classification.

Some of the techniques draw particular interest since they are very new
and promising approaches. Also, different questions and possibilities arise
from these techniques, which will be the area of investigation in this project’s
research. These issues can be summarized as follows:

1. Investigate whether Raskutti et al.’s (2002) approach to text classifi-
cation (combining the Single Pass Algorithm with SVMs) can be as
successful when applied to TSVMs.

2. Explore the potential of applying Snob to text classification and pos-
sibly combining it with SVMs and TSV Ms.

3. Even though widely used, the existing SVM techniques for handling
multi-class classification problems (Salomon, 2001; Lee et al., 2001a;
Scholkopf and Smola, 2002) have several weaknesses. Possible exten-
sions to the SVM methodology that could improve on these weaknesses
should be investigated.

4. Try improving on TF-IDF as a feature selection technique by giving
different weights to words according to their position in the docu-
ment. This variant could hopefully allow reducing the number of fea-
tures without degrading classifier performance, even though the po-
tential weaknesses of this approach as explained in Section 5.4 should
be noted.
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