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discriminative analysis of multiple datasets
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Abstract: Principal component analysis is widely applied in dimensionality reduction and feature extrac-
tion, especially in tackling single high-dimensional dataset. However, traditional principal component a-
nalysis faces challenge when it comes to analyzing multiple datasets jointly. This paper introduces a no-
vel approach named trace ratio principal component analysis, which can discover low-dimensional struc-
ture unique to the target data relative to others. Furthermore, trace ratio principal component analysis
and its variants can be solved by efficient iterative algorithm. Numerical experiments show the efficiency
of the method.
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sion data
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Tab. 1

Clustering error based on feature extraction of

mice protein expression data

cPCA cPCA cPCA

ko uPCA @=1 (a=10) (¢=100)

dPCA PCA

1 0.2222 0.2925 0.4148 0.3741 0.2667 0.2222
2 0.2222 0.2962 0.3962 0.3741 0.2481 0.2222
3 0.2185 0.2962 0.3962 0.3741 0.2667 0.2222
4 0.2185 0.3074 0.3963 0.3741 0.2481 0.2222
5  0.2148 0.3592 0.3962 0.3741 0.2519 0.2222

10 0.2222 0.3629 0.4000 0.3741 0.2667 0.2222
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Fig. 2 The feature extraction with singular
background covariance
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Fig. 3 The feature extraction of single background su-
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Tab. 3 Clustering error based on feature extraction of sin-

gle background superimposed handwritten digits

k trPCA dPCA PCA

1 0.113 5 0.158 0 0.422 5
2 0.108 0 0. 3650 0.422 5
3 0.1215 0.3950 0. 424 0
4 0.102 0 0.403 5 0.424 0
5 0.101 5 0.403 5 0.424 0
10 0.104 5 0.417 5 0.422 0
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AT KR, 3 3 45 X LA A i i 3R 2
w22 LI o PCA Sk B RRHCR 4 T E M
(LR
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Tab. 4 Comparison of running time of several algorithms

trPCA dPCA PCA

] /s 33.59 38.61 35. 26

4.4 hT s MUPCA Fipk b B 275
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Fig. 4 The feature extraction of multiple background
superimposed handwritten digits 1 and 2
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MtrPCA BiE R R 1R 22 18/ T MAPCA 5335 il
PCA k.
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Tab. 5 Clustering error based on feature extraction of multi-

ple background superimposed handwritten digits

k MtrPCA MdPCA PCA

1 0.102 5 0.167 5 0.440 0
2 0.097 5 0. 360 0 0.452 5
3 0.092 5 0.3950 0.455 0
4 0.092 5 0.3950 0.455 0
5 0.085 0 0.410 0 0.4550
10 0.085 0 0. 4650 0.442 5
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