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Discriminant Analysis with Multiclasses

HU Jun-juan, SUN Li-ping
(School of Science, Zhejiang University of Science and Technology, Hangzhou 310023, China)

Abstract: Discriminant analysis is a commonly used technique to classify a set of observations
into predefined classes. The difference between classes is the same importance for us, so the effect
of the discriminate analysis with multiclasses is not always good. A discrimination method is pro-
posed by grouping under classes, which puts classes into different groups according to the different

information between classes and makes discriminant analysis for groups. According to the exam-

ple, the method is proved to be effective in certain condition.
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The DISCRIM Procedure

Classified
From into
Obs category category Gl G2 G3
2 Gl G3 x 0.1201 0.0020 0.8779
3 Gl G3 x 0,3652 0.0004 0.6344
24 Gl G3 % 0,4769 0.0000 0.5230
31 Gl G3 = 0,2963 0.0004 0.7033
58 G2 G3 = 0.0001 0.2453 0.7546
59 G2 G3 * 0.0001 0.1328 0.8671
66 G3 Gl x 0.5343 0.0000 0.4657
% Misclassified observation
Number of Observations and
Percent Classified into category
From
category Gl G2 G3 Total
G1 27 0 4 31
87.10 0.00 12.90 100.00
G2 0 26 2 28
0.00 92. 86 7.14 100. 00
G3 1 0 25 26
3.85 0.00 96.15 100.00
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GPA X category
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The ANOVA Procedure

Source DF Anova SS Mean Square F Value Pr>F
1 10017520,56 10017520, 56 3416.48 <, 0001

B 1 36636. 90 36636. 90 12.50 0.0005
a"B 1 34935. 65 34935. 65 11.91  0.0007
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Source DF Anova SS Mean Square F Value Pr > F
1 10017520.56 10017520.56 5543.01 <, 0001

B 1 130675.78 130675.78 72.31 <<.0001
a"B 1 127627.71 127627.71 70.62 <<,0001
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Classified
Obs From A into A 1 2
2 1 2 * 0,3563 0.6437

66 2 1 ¥ 0,7188  0.2812

Number of Observations and Percent Classified into A

From A 1 2 Total
1 30 1 31
96, 77 3.23 100. 00
2 1 53 54
1. 85 98. 15 100. 00

Total 31 54 85
36. 47 63.53  100.00
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Classified
From into
Obs  category category G2 G3
27 G2 G3 * (0.3080 0.6920

28 G2 G3 * 0.1466 0.8534

* Misclassified observation
Number of Observations and Percent Classified in-

to category

From

category G2 G3 Total

G2 26 2 28
92. 86 7.14 100. 00

G3 0 26 26
0. 00 100. 00 100. 00

Total 26 28 54
48,15 51. 85 100. 00
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