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Figure 7: Efficiency vs. Data Size (C40.I6.Dx.P100)

with dimensionality. On the other hand, the running
times of the Fisher’s discriminant method rapidly in-
crease with dimensionality because of the costly compu-
tation of finding optimal axis directions. We also tested
the two methods for increasing scalability with data size.
In this case, we used samples of varying sizes of the data
sets C35.I6.D100K.P100 and C40.I6.D100K.P100. The
results are illustrated in Figures 6(c) and 7 respectively.
It is clear that both methods scaled linearly with data
size, though the subspace sampling technique consis-
tently outperformed the Fisher method.

5 Conclusions and Summary

In this paper we have proposed an effective local di-
mensionality data reduction method in the supervised
domain. Most current dimensionality reduction meth-
ods such as SVD are designed only for the unsupervised
domain. The aim of dimensionality reduction method in
the supervised domain is to create a new axis-system so
that the discriminatory characteristics of the data are
retained, and the classification accuracy is improved.
Methods such as linear discriminant analysis turn out
to be computationally intensive in practice, and often
cannot be efficiently applied to large data sets. Fur-
thermore, the global approach of these techniques often
make the methods ineffective in practice. The super-
vised subspace sampling approach uses local data reduc-
tion in which the reduction of a data point depends upon
the class distributions in its locality. As a result, the su-
pervised subspace sampling technique allows a natural
decomposition of the data so that the implicit dimen-
sionality of each data locality is minimized. This im-
proves the effectiveness of the reduction process, while
retaining the efficiency of a sampling based technique.
The reduction process improves the accuracy of the clas-
sification process because of removal of the irrelevant
axis directions in the data. In addition, the supervised
reduction process naturally facilitates the construction
of a decomposable classifier which is able to provide
much better classification accuracy than a global data

reduction process. Thus, the improved efficiency, com-
pression quality and classification accuracy of this re-
duction method make it an attractive approach for a
number of real data domains.
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