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Abstract

This paper discusses about combining Support Vector Machine and decision trees
for multi class text classification. Support Vector Machines are trained on each class at
each level of the tree and the SVM which is more successful in predicting a class at that
level is selected as the decision in that node. Thus a tree is constructed with different
SVM in each node. And the tree constructed is used for classifying the multiclass text.
Results had shown that this method works comparably better than the other classifiers
like simple SVM and Naive Bayes.

1. Introduction

In the past decade the amount of digital information has rapidly increased and it is
growing at an exponential rate. In this era of digital publication there are copious
electronic textual information handed everyday. Hence it leads to the problem of
Information organization and Management. In many contexts (Dewey, Yahoo and Mesh)
trained professional are employed to categorize new items, but it is a highly time
consuming and expensive process. Hence automated text classification gained importance
and it proved to be an effective solution for the management of growing electronic
documents. Application of statistical learning methods and machine learning techniques
has increased in the recent past, which includes Bayes probabilistic approaches [6,7],
decision trees [7], Support Vector Machines [3] and many other inductive learning
algorithms.

In real world context most of text available cannot be classified into two
categories. Hence multiclass text classification would be a major solution to current
scenario of information organization and management. This paper aims at experimenting
the combination of some of the best classifiers in an efficient way to solve the multi class
text classification problem. Support Vector Machines is well known as a powerful binary
classifier and it can generalize well when there are many fewer training examples in one
class than the other. On the other hand decision trees are well known for their
classification of multinomial attributes.

It has been shown in the past that combining classifiers could improve the result



of the classification. In particular Decision trees and SVM combination has lead to good
results [10]. This combination would work well for multiclass text classification as SVM
is an efficient binary classification and decision trees can be used to arrange different
SVM’s for different classes in an order which gives maximum information.

2. Decision Trees

A decision tree is a tree whose internal nodes are tests and whose leaf nodes are
categories. Each internal node test one attribute and each branch from a node selects one
value for the attribute. The attribute used to make the decision is not defined. So we can
use the attribute which gives maximum information. And the leaf node predicts a
category or class. The decision trees are not limited to boolean functions, but they can be
extended for general categorically values functions.
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In the above example the given instances can be divided based on the values it
take for the attribute “outlook™. The instances are split based on attributes and the one
which gives the maximum information is selected as the decision for that node. Hence in
the above example we could say that selecting “Outlook™ at the root node gives
maximum information at that level. And the edges represent the values the attributes can
take and the instances are divided accordingly to each child nodes. The tree can be a m-
ary tree depending upon the values that the attributes can take. The attribute selection is
based on a heuristic approach that the particular attribute will give the best split at a
particular level. But this approach has been successful over the past.

3. Support Vector Machines

The Support Vector Machines is a classifier, proposed by Vapnik [11], that finds a
maximum margin separating hyper plane between two classes of data. Though there are
non-linear extensions to SVM, it has been shown that the linear kernels outperform the
non-linear kernels in case of text classification [13]. Hence in multiclass text



classification, m binary SVM’s are trained independently, which acts as a one vs. other
classifier.

4. Decision Trees and SVM

We would like to explore both the nature of decision trees and Support vector
machines in a way its suitable to the multiclass problem. To achieve better classification
for each class, we made the SVM as decisions in the tree. For each level, we train m
independent binary SVM'‘s, where m is the number of class unclassified classes at that
level. The best SVM is selected at each level from the m SVM’s trained, based on the
information gain.
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To determine the best SVM at a given node, entropy is found for each SVM, based on the
number of positive instances classified by each.

n
H(X)=-Y P(X =1i)logy P(X =)
=1
It is then used to calculated the information gain based on the entropy of the root node.
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where A is each decision and S is the set of training instances at a given level. The above
mentioned formula for gain gives us the mutual information between the decision A and
the target class variable over the set of instances S.

In the example shown above there are four classes A,B,C and D at the first level and we
train four different SVM with each of the classes, in a one vs. others model. Among the
four SVM we would select the best one, by calculating the information gain for each of
them, based on the m classes. And the instances at that level are classified using the best
SVM and the left node contains the instances (leaf node in this case) classified as
positive by the best SVM. To keep the algorithm simple, we limited ourselves by not
processing the left node further. So the left node may contain some false positives, as
classified by the best SVM. All the other instances are passed to the right node where
another set of SVM’s are trained and the same process as mentioned above is repeated till
all the classes are classified.



5. Experiments

We selected 20 newsgroups data set and selected 8 class of news groups from the
collection for our experiments. The newgroup data is pre-processed and made as simple
text files thereby removing all the headers, replies and other non- related information. The
preprocessed data from these selected classes are divided as 60% training data and 40%
testing data. But we selected only 250 documents for training and around 400 documents
for testing. The stop words are eliminated and the feature selection was simple and did
not involve any special techniques, to test the classifier with such features.
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In our implementation of the classifier we used SVMLight [4] to train the SVM.
The classes which we selected for our experiments are rec.autos, rec.motorcycles,
rec.sport.baseball, rec.sport.hockey, sci.crypt, sci.electronics, sci.med, sci.space. The
classifier was trained with these classes and then tested with the test data. The accuracy
of the individual classes are shown in Table 1.
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6. Results

It has been observed that the classes which are predicted at the top level of the tree
has good accuracy and the ones predicted at the lower levels have poor accuracy. In our
experiment “sci.crypt” which was classified at the root node has 95.83% accuracy.

Classes Accuracy
rec.autos 88.6666666667 %
rec.motorcycles 90.9871244635 %
rec.sport.baseball 63.0769230769 %
rec.sport.hockey 81.6666666667 %
sci.crypt 95.3616352201 %
sci.electronics 17.9652605459 %
sci.med 54.5454545455 %
sci.space 90.8389585342 %

Table 1. Individual Class Accuracy

But on the contrary the last leaf node “sci.electronics” has 17.9652605459 % accuracy,



because all the instances which were not classified correctly ( false negatives ) are
classified as the last leaf node.

Classes rec. rec. rec.sport rec.sport sci. sci. sei.med sci.
autos motorcycle baseball hockey crypt electronics ' space

rec.autos 133 5 1 0 0 9 1 1

rec.motorcycles 11 212 0 0 2 5 0 3

rec.sport.baseball 1 0 82 44 0 1 1 1

rec.sport.hockey 0 0 33 147 0 0 0 0

sci.crypt 0 1 0 0 225 6 6 3

sci.electronics 248 181 273 203 169 362 365 214

sci.med 0 0 6 2 0 1 18 6

sci.space 1 0 0 1 3 7 5 170

Table 2 Confusion Matrix

The same dataset and the same feature selection technique is used to test different other

classifiers. These experiment were performed with Weka [5]. The results obtained are

shown along with the results of our classifier (Table 3). From the results we could infer

that the decision tree based SVM perform well when compared to all other ordinary

algorithms. Though there are some algorithms which achieve higher accuracy than this

decision tree based SVM, our implementation is in its over simplified form. Improving

the algorithm in different ways could improve the results further.

Description DT+SVM Ibk SMO Naive

Number of Correctly Classified 1349 701 965 864

Incorrectly Classified instances 1820 2468 2204 2305

Total Accuracy 42.64% 22.1205 30.4512 27.2641

Table 3. Accuracy Statistics
7. Future Work

Currently the tree is restricted to one side and hence the misclassified instances
i.e. false positives are not considered for reclassification into the correct class. The
accuracy of the classifier could be improved further by considering those false positives
for reclassification. Moreover decision tree allows us to select different classifiers at each
level of the tree and hence we could experiment by selecting different classifiers like
Naive Bayes at the root and then SVM on the other nodes. And it can be experimented
further to find which combination improves the efficiency of the classifier to the
maximum.
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