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Evaluation of Vector Representable Topics
That were Extracted Automatically

KEN-1cHI FUKUL,t KAZUMI SAITO,"t MASAHIRO KIMURAGftt
and MASAYUKI NUMAOt

Automatic topic extraction from a large number of documents is useful to figure out an
entire picture of the documents or to classify the documents. Here, it is an important issue
to evaluate the automatically extracted topics, however, even if manually-labeled documents
are obtained, it is impossible to compare automatically and manually derived topics due to
complexity and uncertainty of the topics’ structure. As the objective is vector representable
topic extractions such as Latent Semantic Analysis, in this paper we tried to evaluate the
interpretability of automatically extracted topics using the manulally-labeled documents. We
validated the proposed evaluation method using topics extracted by LSA, PCA and Sherical
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k-means from Japanese and English news articles.
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methodology.
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Fig.3 Interpretability of the topics extracted by LSA (Newspaper Mainichi data set).

L0 (a) tf (b) tf-idf (c) normalized tf (d) normalized tf-idf
0.8 |
0.6
p 0.4
0.2
0 100 200 300 400 500 100 200 300 400 500 100 200 300 400 500 100 200 300 400 500
Topic index
04 LSADOOOODOOOOOOOOOOOTDT3OOODO
Fig.4 Interpretability of the topics extracted by LSA (TDT3 data set).
(a) tf (b) tf-idf (¢) normalized tf (d) normalized tf-idf
1.0,
08 1 I
06! [
p
04 J :
0.2
0 50 100 150 200 50 100 150 200 50 100 150 200 50 100 150 200
Topic index
05 PCAOUOUOUOOOOOUOOOOODOUOOODOUDOOD
Fig.5 Interpretability of the topics extracted by PCA (Newspaper Mainichi data set).
10 (a) tf (b) tf-idf (c) normalized tf (d) normalized tf-idf
08 l.
|
0.6
p fTm |
0.4
0.2

07500 200 300 400 500 100 200 300 400 500 100 200 300 400 500 100 200 300 400 500

Topic index

06 PCADDDDDOODOOOOOOODOOOTDT3OOOO
Fig.6 Interpretability of the topics extracted by PCA (TDT3 data set).

00 50000(a)0 (¢)00000000000(b)0
(000000000000 (d)O000 p> 0.50
>07000000000000000000000
4000 tfdf0000000() 0 (b)00000
00 () 0000000(Mb) 000 p>080000
00 2000000000000000000000

()0 () 00000000000 (¢)000000
()00 p>050>080000000000000
00000 (d)00000000000000000
OOTDT30000000000000000000
000000000000000000000000
00000000000000000000000



8 goooooooooooooooooo

04 0O00DOOOOODOOOOODOOOOOODOOOOO
0000 LSAO
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Table 6 The number of topics for each rank and the
maximum value of interpretability (Newspaper
Mainichi data set, PCA).
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