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Figure 4: Comparison of classification accuracy of LDA, HDA, SAVE and CPM using the Pendigit and Ionosphere
datasets.
dataset || CPM | SAVE | LDA
Pima 69.55% (0.029) | 59.68% (0.030) | 68.87% (0.028)
Vote 73.13% (0.048) | 51.59% (0.050) | 72.72% (0.048)
Waveform || 80.13% (0.021) | 79.18% (0.022) | 76.16% (0.026)
Tonosphere || 86.32% (0.016) | 84.62% (0.018) | 80.34% (0.022)
Table 1: Comparison on classification accuracy and standard deviation (in parenthesis).
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