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ABSTRACT

This thesis presents data reduction techniques in supervised learning. We divide
reduction methods into two types, i.e., instance reduction for regression and instance
reduction for classification. An advantage of data reduction for training data is that
storage spaces, memory, and computation time required for training the full set of data
are reduced. However, some supervised learning algorithms need a large number of
training data. Input-output data must be abundant or at least sufficiently provided to
cover the input and output data space. The reduction of the training data also possibly

leads to degraded prediction accuracy for larger reduction ratios.

Due to this problem, we design two data reduction processes suitable for each type of
training data sets. That is, for regression data, the instance reduction reduces the training
data set by separating all the training data into small parts according to the output
values. This is performed such that each part still preserves the same property and
important information. After that, the input samples from each part are clustered and
selectively chosen by using the relation between input and output data. Finally, all
selected samples are combined together. For the instance reduction for classification
data, the important data are retained whenever they are near the boundary of each class,

or otherwise removed.



We prove the hypothesis by experimental results with synthesized data sets and also
evaluate the performance of the proposed method on standard benchmark data sets
acquired from various databases. We compare the experimental results with many state-
of-the-art algorithms and assess the performance of the proposed algorithms by

comparing the average accuracy, reduction ratios, and percent improvements.

From the experimental result of data reduction for regression problems, the reduction
rate of a training data set after the reduction process depends on various properties of
the data set and the setting parameters such as the number of split data and the number
of quantization levels. The reduction rate goes down when these setting parameter
values increase and it is in contrast to the regression accuracy which increases nearly
close to the regression resulted from the original data. In addition, if we consider the
classification results from all methods based on the same proposed method by the
average accuracy, reduction rates, and the ability to apply to a large data set. The

proposed method also gives the best result.



