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Automatic Document Classification Using
Multiple Classifier Systems

In-Cheol Kim'

ABSTRACT

Combining multiple classifiers to obtain improved performance over the individual classifier has been a widely used technique. The task of
constructing a multiple classifier system(MCS) contains two different issues : how to generate a diverse set of base-level classifiers and how
to combine their predictions. In this paper, we review the characteristics of existing multiple classifier systems : Bagging, Boosting, and Stacking.
For document classification, we propose new MCSs such as Stacked Bagging, Stacked Boosting, Bagged Stacking, Boosted Stacking. These
MCSs are a sort of hybrid MCSs that combine advantages of existing MCSs such as Bagging, Boosting, and Stacking. We conducted some
experiments of document classification to evaluate the performances of the proposed schemes on MEDLINE, Usenet news, and Web document
collections. The result of experiments demonstrate the superiority of our hybrid MCSs over the existing ones.

IINE : ZM ER(Document Ciassification), LHE EKJ| A|lAH(Multiple Classifier System), HEH 8#&7|(Meta Classifier)
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{E 1) Boosted Stacking &¥12l&

Base ClassifierGeneration :
Assign equal weight to each training instance
For each of k iterations
Apply the k-th base learning algorithm to weighted
dataset and store the resulting base classifier
Compute error e of model on weighted dataset and
store error
If e equals to zero,or e greater or equal to 0.5
Terminate classifier generation
For each instance in dataset
If instance classified correctly by classifier
Multiply weight of instance by e/(1-e)
Normalize weight of all instances

Meta Data Generation :
For each instance in dataset
For each of k iterations
Apply the k-th base classifier to predict the class
probability of the instance
Generatea meta data by combining class probabilities from
the base classifiers

Meta ClassifierGeneration :
Apply the meta learning algorithm to the meta dataset and
store the resulting meta classifier

Classification :

For each of k iterations

Apply the k-th base classifier to predict the class
probability of the new instance

Generate a test data for the meta classifier by combining k
predictions of the base classifiers

Return the class predicted by the meta classifier
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g2 F A T
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course - 930, project : 504
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