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Comparison of two partial least squares methods for feature extraction
ZHANG Wenjie, HAN lJiging
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[ Abstract] Partial least squares is a commonly used feature extraction method to solve the relationship between independent
variables and dependent variables. It can also be used to regress the dependent variable or introduce category identification
information to extract more distinguishing features. In the process of introducing the feature of class identification information, the
partial least squares method can be solved by two commonly used algorithms, one is a nonlinear iterative partial least squares
method, and the other is a partial least squares method based on singular value decomposition. This paper compares the two methods
of partial least squares by analyzing the difference in the solution process between the two methods and the performance of the
classification for heart sounds.
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Tab. 1 Experimental results of Dataset—A

T bR NIPLS PLS-SVD
Normal 251 #EH % 0.60 0.57
Murmur 251 HERf R 1.00 0.83

Extra Heart Sound 25 B R 0.30 0.40
Artifact ZE I HERF 0.94 1.00
Artifact 28 5| R 1.00 1.00
Artifact ZEHIFR 5B 0.61 0.61

Artifact # Youden $5%X 0.61 0.61
SRS F-score 0.62 0.63
SRER 2.84 2.80

IH— kiR 0.76 0.75
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Tab. 2 Experimental results of Dataset—B

T detr NIPLS PLS-SVD
Normal Z& 51 #E# 2% 0.73 0.79
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SAHER % 1.84 1.50
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