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Figure 2. Distribution of similarity of terms(original)

— 193 —



1200 -

frequency

frequency
fe-]
o
o

s

o

=1
'

0- 3 0-
02 04 06 08 10 0.0 02 0.4 06
mean sd

Figure 3. Distribution of similarity of terms(clustered)
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Figure 4. Learning curve

Table 2. Learning results

TRUE FALSE
recall | precision | recall | precision
original 0.91 1.00 1.00 0.99
clustered 0.25 0.85 1.00 0.98
clustered(weight) 0.40 0.75 1.00 0.98
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Table 3. Hierarchie extraction results: clustered(no weight)
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Table 4. Hierarchie extraction examples: clustered(weight)

# UPPER LOWER PRED PRECISION
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