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Constructive Induction and Text Categorization with SVMs

HirovyA TAKAMURAt and YUJI MATSUMOTO

In this paper, we discuss text categorization with Support Vector Machines (SVMs) com-
bined with the constructive induction using dimension reduction methods, such as Latent
Semantic Indexing (LSI). It is difficult to improve the categorization ability of SVMs only
with usual dimension reduction methods. We show, however, that the categorization ability
is improved by adding new features extracted by dimension reduction methods. Using this
method, we succeeded in improving the performance of SVMs in text categorization, especially
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when a number of unknown examples can be used for feature extraction.
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Fig.1 Support Vector Machine.
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Table 1 The categories used in experiments.
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Table 2 F-measures (1,000 labeled examples).

oo Original LSI Original+4LSI hard Original+hard
0o 100 200 300 100 200 300 100 500 1000 100 500 1000
earn 96.8 95.3 949 95.2 96.6 96.6 96.5 | 92.6 954  96.3 96.3  96.4  96.7
acq 88.8 86.8 86.3 86.8 | 89.5 89.4 89.1 | 79.0 84.5 87.2 87.3 87.9  88.7
money-fx 61.3 63.1 61.1 62.3 | 63.1 62,9 623 | 56.7 60.5 60.4 63.4 62.0 60.9
grain 70.1 68.1 68.8 70.8 | 72.0 71.0 71.2 | 57.3 70.9 68.6 717 733  70.5
crude 63.5 68.9 69.3 69.3 | 67.0 67.2 66.5 | 66.1 65.6 66.1 70.4 66.2 65.9
trade 63.3 65.2 62.8 63.0 | 65.1 63.8 64.1 | 58.0 63.3 63.3 | 67.9 64.1 63.3
interest 58.2 56.4 55.9 56.3 | 58.9 58.9 58.0 | 40.9 55.7 57.1 55.7 57.7  58.1
ship 43.6 45.1 58.5 58.8 | 49.4 54.2  53.6 | 40.1 56.4 57.3 52.9 57.3 54.6
wheat 65.8 66.1 71.3 70.8 | 68.1 68.6 67.9 | 40.7 57.5  65.1 62.8  65.1 65.2
corn 52.1 37.2 46.6 50.4 52.0 52.8 53.2 34.2 44.8 55.9 50.2 52.8 55.1
oo 66.4 65.2 67.5 684 | 68.2 68.5 68.2 | 56.5 65.5  67.7 67.9 68.3 67.9
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Table 3 F-measures (1,000 labeled examples).

oo Original+4LSI Original+hard

oo 100+4-200+300 100+500+1000
earn 96.4 96.4
acq 89.5 87.7
money-fx 63.3 63.9
grain 72.0 73.7
crude 69.0 69.8
trade 64.2 66.9
interest 58.6 56.9
ship 57.9 59.9
wheat 70.5 65.0
corn 52.7 53.4
oo 69.4 69.4
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Table 4 Results of Wilcoxon tests (p-value).

oo pO0000
Original + LSI(100) 0.001
Original+LSI(200) 0.001
Original+LSI(300) 0.001
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Table 5 The averaged numbers of positive examples.
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ship 2.2
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Fig.2 Training-data size and performance (LSI).
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Table 7 F-measures (4,000, 8,000 labeled examples).

oo Original+4LSI Original+hard
Number of Labeled Examples oo 1004-2004-300 | 100+500-1000
03 00000000000000hard 00000000000 10000000 779 761
Fig.3 Training-data size and performance (hard 8,000 0000 9.7 770
clustering).
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Table 6 F-measures (4,000, 8,000 labeled examples).
oo Original LSI Original+4LSI hard Original+hard
oo - 100 200 300 100 200 300 100 500 1000 100 500 1000
4,000 0000 77.6 73.1 742 749 | 78.1 780 778 | 644 69.0 753 | 769 76.3 77.6
8,000 0000 80.1 76.3 776 77.1 | 80.2 79.9 798 | 67.7 68.2 75.8 | 79.3 77.3  79.1
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