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Multiple-text Summarization Method based on

Topic Identification and Context Restructuring.
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Abstract

We propose a multiple-text summarization method for finding an overview of a large body of texts
using a topic identification method and context generation method. Topic identification method
is based on the skewness and the kurtosis of a word frequency in a text. The skewness and the
kurtosis represent a topical generality of a word. We identify a general or partial topic from the
classified texts using the skewness and the kurtosis. Context generation method is based on the
linkage of relevant sentences. We identify relevant sentences using theme and focus information
of a sentence. We implemented proposed methods into Topic Showcase: a topic browsing system.
Experiments show a capability of our method for finding overview of a large body of texts.
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(a) Values of the skewness and the kurtosis of words in
general topic
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(b) Values of the skewness and the kurtosis of words in
partial topic

Fig. 1: Comparing the skewness and the kurtosis of
words between partial topic and general topic
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Table 1: Algorithm of summary generation procedure

inputs: c; (i=1)
returns: C :{C17C27"'7CN}

step 1 if (: == N) ooo
while (i < N) OO0 step00OO0OO0OO
step 2 ¢; 00000 F(e;) = {fi, f,--, 30000000
0000000 f,0000
step3 f, 000000000 S(fp) = {st,s8,-+-,s53 000
0. S(fp)00 si(3q maw(EtESi P(t)))000000
qa

if (st € C) step 30000

else i:i—l—l,cizsflﬂstepl[lDDD

Table 2: An example of summary context.
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Fig. 2: Screen image of Topic Showcase

Table 3: Ratio of an affirmative to negatives

Topic Ratio (Negatives/Af firmatives)
Partial Topic (1) 0.75
Partial Topic (2) 0.64
Partial Topic (3) 0.36
General Topic 1.33
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Fig. 3: Evaluation of topics.
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Fig. 4: Evaluation of summary.
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