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A Wavelet based Feature Selection Method to Improve
Classification of Large Signal-type Data
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Department of Industrial Engineering, Seoul National University

Large signal type data sets are difficult to classify, especially if the data sets are non-stationary. In this paper,
large signal type and non-stationary data sets are wavelet transformed so that distinct features of the data are
extracted in wavelet domain rather than time domain. For the classification of the data, a few wavelet
coefficients representing class properties are employed for statistical classification methods : Linear Discriminant
Analysis, Quadratic Discriminant Analysis, Neural Network etc. The application of our wavelet-based feature
selection method to a mass spectrometry data set for ovarian cancer diagnosis resulted in 100% classification

accuracy.
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Figure 2. Venn diagram of wavelet coefficients index sets.
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Figure 5. Histograms of wavelet coefficients in selected
positions(training set).
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Figure 6. Histograms of wavelet coefficients in selected
positions(test set).
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Table 1. Comparison of feature selection efficiency in wavelet
and time domains

_— Confidence
Validation method Accuracy Interval(95%)
. Sensitivity 100% | 100%~100%
10-folding QDA —
Specificity | 99.9994% | 99.46%~100.43%
Sensitivit 100% | 100%~100%
Wavelet| o foiding LDA |ori Y
Domain Specificity 100%| 100%~100%
. Sensitivity 97.89% | 94.15~102.18%
10-folding NN —
Specificity | 98.17% | 91.23~104.55%
10-folding LAD* Sensitivity 100%| 100%~100%
Time | (complete) | Specificity | 99.6% |  97%~101%
Domain | 10 folding LAD* | Sensitivity | 99.6% | 96%-~102%
(fortified) | Specificity |~ 99.6%|  98~101%

* indicates results from Alexe et al.(2004)

glo] E3lol] 7]uktfeature 52 Wl 23] A7 9o} 2
2 A& A7+ H(time domain) el 4] o] Foj 7] & 7] & W <
Avte} A& Bl a}7] Haf Alexe et al.(2004)2] A3} <Table
1o AASHATE o] Aote B =Tl A A3 A 22
2% mass spectrometry AH5 S ©] &3] 101 2] 10-fold CVE &
3 Ao AL, ol& F AT Hla s} efFEHS o vt

Alexe et al.(2004)<] logical analysis of data(LAD) complete2]
A= 10-fold CVOIlA sensitivity= 100%°] 3L specificity=
99.6% & VFEFSEO ™ specificity ] 95% 9] A1 2] T-7HS 979%0]) A
101% %At} 10-folding LAD(complete)= LADE3l zrold 207Y
2] positive pattern=} 21742 negative patternS =5 ARE-5le]
538 Aolar, 10-folding LAD(fortified)= 207§<] positive
pattern = 771<] pattern=®} 21782] negative pattern % 871 <]
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