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The support vector machine was first proposed by Vapnik [1] and has since attracted a high degree of interest in the
machine learning research community. Several recent studies have reported that the SVM (support vector machines)
generally are capable of delivering higher performance in terms of classification accuracy than the other data classification
algorithms. However, for some datasets, the performance of SVM is very sensitive to how the cost parameter and kernel
parameters are set. As a result, the user normally needs to conduct extensive cross validation in order to figure out the
optimal parameter setting. This process is commonly referred to as model selection.

One practical issue with model selection is that this process is very time-consuming. For example, if the model
selection procedure adopted in [2] is employed to consturct a SVM for the shuttle dataset in the the Statlog collection
[3], then the complete grid search model selection process will take over 60 hours on a machine equiped with dual
pentium-1GHz CPUs and 1GB RAM. As the shuttle dataset, containing 43500 training samples, is not considered as a
large case in the contemporary environment, how to speed up the model selection process for SVM becomes a crucial
issue and several studies have been conducted to address this issue in recent years [4], [5], [6], [7]. These studies share a
common ground aimed at reducing the search space of parameter combinations.

In this paper, a data reduction based approach aimed at expediting the model selection process of SVM is proposed.
The main idea of the proposed approach is to employ a data reduction mechanism to remove the non-essential training
samples and thus reduce the size of the training dataset. Experimental results reveal that the data reduction based
approach is able to speed up the model selection process by around 2 times to 4000 times, depending on the characteristics
of the datasets. Furthermore, the experimental results reveal that the classification accuracy of SVM is not traded by
employing the proposed approach. In other words, the SVM with the parameter setting determined by the proposed
approach is able to achieve the same level of classification accuracy as the SVM with the parameter setting determined
by the traditional model selection process. In these experiments, the LIBSVM [8], an integrated software for support
vector machines, with the RBF kernel is employed. The datasets employed include satimage, letter, and shuttle from the
Statlog collection and isolet from the UCI Repository [9].

As far as the execution time of the proposed approach is concerned, the average time complexity of the data reduction
process is O(nlogn), where n is the number of samples in the training dataset. In the experiments reported in this paper,
the execution times of the data reduction process are 37.6 seconds, 259.4 seconds, 711.7 seconds, and 1412.9 seconds, for
satimage, letter, shuttle, and isolet, respectively. If we add the time taken to carry out data reduction and the time taken
to carry out model selection with the reduced dataset, then the total time taken to determine the parameter setting for
the shuttle dataset is 711.7 4+ 254.7 = 966.4 seconds, versus over 60 hours taken to carry out model selection with the
original dataset.
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