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In this paper, we propose a method for detecting temporal trends of technical terms based on importance indices
and clustering methods. In text mining, importance indices of terms such as simple frequency, document frequency
including the terms, and tf-idf of the terms, play a key role for finding valuable patterns in documents. As for

the documents, they are often published daily, monthly, annually, and irregularly for each purpose.

Although

the purposes of each set of documents are not changed, roles of terms and the relationship among them in the
documents change temporally. In order to detect such temporal changes, we combined a method to extract terms,
importance indices of terms, and trend identification based on linear regression analysis. Empirical results show
that our method detected emergent and subsiding trends of extracted terms in a corpus of a research domain.

1. 0OoO0Oo0

gooooboooobooobooooboboobobobobooo
gooboooboboboboobbobooboobobooobo
gooboooboboboobooobbooboobobooobo
gooboogoboboooobobooboboobboboobobogoo
gobooobooobooobbooobooooboooboooo
gooboooboobooboobobooboooboboooboo
0000000000000 00000000 [Swan 0000
00000000ooO0oooooooooO (ETD: Emerging
Trend Detection)[Lent 97, Kontostathis 03] 0000000
goobooboobobooboboobooboooooo
gooboooooboooboooobooboobooobooo
gooboooboobooooobobooboobbooboooo
gobooboobooboobooobbooobobuooboo
goobooobooboobobooobooboooooooo
gooobooboboooboon

gooobooooboboooboooooboobooboog
goobooooobooobobooobooooobooboooo
gobooobooobooobboooboooboooboooo
goboobobooboobobooboobobobobooon
0000000 ICDM[ICD] O 2002000 200800000
goob00ooboobooboobooboboobobooboooo
gooboooooboobooboooooooboooobooooo
gobooobooobooobbooobooooboooboooo
goooboboboboboooooobo

2. ODoOOoobOOoobOoobooboobooobooboon

goon

gboobooooooobooooooboooooooond
gboooooogn:

1. 00oO0ooOooooooboooooo

000:00 O000O0000OD 693-8501 000000000
0 89-10 0000 (0853)20-21740 FAX(0853)20-21700
abe@med.shimane-u.ac.jp

2. 0000000000000000

3. 0ooooood

goboooodoooooboooooooooboooooooon
gooooooooboobooobooboooooboooooon
20000000000000O0O0O0C00O00O00O0O0O0O0DOOOO
ooooooooooooooooboooooooooboooo
gooooooooooooooooooooooooboooo
goboooooooooooooooooobooboooooon
goooooboooooobooboooooboooooooo
gobooo1bo040o

B s 1

OREDHH

XEBTORE

QEEEHED
HE

OIEM D FEE

01l dbobobooooboobooobooooooooooooo
oo

oooooooooooboooooooooboooooobooon
gobooooobobooooooooobooooooooooo
ddddddddddddoddoobo00oooooooao
jddddddooooooooooooooooooooon
gobooooooooboooooooooboobooooooon
00000 [?7j0000000o0o0DoUOUOooOooOoO



The 28rd Annual Conference of the Japanese Society for Artificial Intelligence, 2009

OL>100000CNOO0OODOOOOO FLR(CN)OO
gobooooooboooooooooooooooooooo
O0000000D00OD0UOOFL(N;)) OO0 N;OOOOOO
O0OUDO0OFR(N;,) O N;OOUOOOOUOOODOUOOOO

FLR(CN) = f(CN) x (] [(FL(N:) + )(FR(N:) + 1))

i=1

=

0000000000000000000 x*0000000
00000000 Matsuo 04 000000 O0DOODOODOO
gobooboo
gobooobooobooobooobooboobooooo
goooobooobooobooboooobooboobo
gobooobooboobooobooboobooboobo
O tf-idf[Jones 8]0 000000000000 Jaccard OO
[Anderberg 73] 0000000

00000 ¢t0 t-df0 TFIDF(t)0O0O0O0OO0OOOO
ooo

TF(t)

[D|

TFIDF(t) =
loge 5F(n

O00DTF() 00000 |P|0000D000¢t00000
O000D0DF(H)0¢000000000000. 00000
0L>200000¢0 Jaccard 000000000 w; O
00D0D000000D000000D000000000000
000000000000

h(wi,wa, ...,wr)

Jaccard(t) = h(wl )h(w2 ) . h(wL)

gooboooboboboboobooobooboobobo
0000000 n-gram[Shannon 48] 0000000 DOOOO
gooooooobooboobobooooboooooboo

gooboooooboooobooobooboobooooo
goobooobooboobooooobobooooobbooobogbo
gooboogboboboobooboobobobbobooon
gooobobobobobooobobo

00000 ¢t000 Deg(t) DO0ODODOOOOOODOODO
y, 00 000o0oogd z,...z, 00 000000O00C0OO0OODO
ooo

Z?:l(yi - 17) (ml - j)
iy (@i - 2)

000000000000 g,z0000 Int(p)000OOOO
gooooood

Deg(t) =

Int(t) = g — Deg(t)x

gboooooboooooooobooooooooboooooooon
gobooooooooooooooooobooooobonoo
gooooobooooooooon

gobooooooooooobobooooooooobooooo
gbooooboooooooboooooooooooon

3. 00O

gboobooooob20000000000000000
gooooooooooooooooooocoono.oooon
0000000000 0o000o0o0o0oooon ICbM O 2002

00 200800000000000000000000000
0000000000000000000000000000
0000000000000000000000000000
0000000000000000000

00000000D00000000000D0000000
00 [Nakagawa 00]*'000 0000000000

00000000000000000000 thidf0000
Jaccard 00000000 0000000000000000
0000000000000000000000000000
0000000000000 00000000000000
ooo

3.1 OOOOO
010 ICDMO 2002000 2008 0000000000
gbobooooooooooooooobooooooooo

O 1. ICbMO0O0O0O0O0O0O0O0000O0O000O0O0O0O0OO0
oono

a goooooon oooad

ooo ooo ooo | ooo
2002 112 18,916 112 960
2003 125 19,068 125 1,040
2004 106 15,985 106 840
2005 141 20,831 141 1,153
2006 152 24,217 152 1,307
2007 101 16,143 101 782
2008 144 22,971 144 1,136
oo 881 | 138,131 881 7,218

000 700000000000000000000000
0ooooooooooo2B3ionooooooo 21,599
UD0D0ODODOOOO0OOFLR() >1.000000000
0D0000D000D0000001,912000000000

3.2 ODOOO0OOODOOODOOODOOOn
gbooooodobooooooobooooooboooon
ooooobooboooooooooooooooooo 2009
gboboooooooboocobooooooobooOoooooon
gbooooobobooooobooooboobooboooog
000000000000 MeiO5)0000D0O0ODOOODOO
oono
gbooooooooooooobooobooooboooon
jdddoodooooooooooooooooooooon
oobooooobooooooobooooboog

e 00O

— booooooooo
— boooooboooobooobooooooa

e OO

— booooooodgo
— booooooooobooobooooboooo

*x1 0000000000 TermExtract 0000 O0Ohttp://
gensen.dl.itc.u-tokyo.ac.jp/termextract.html 00000
00o000o0oooUooooooooDoo



The 28rd Annual Conference of the Japanese Society for Artificial Intelligence, 2009

022002000 20080000 ICDMOOOOOOOOOOOOOOOOIOO0000O0O0O0O0O0O0 100000000

i) AEHE
g iz tf—idf Jaccardf& 3 tf—idf JaccardfR 3
k Des® _ Tnt@ It Des® 1m0 |k Doz Int@ It Degd It

1[[Experimental results 0.0050 0.0182 |collaborative filtering 0.077 0.284 |[data mining -0.021 0.222 [association rules -0.055 0.457

2||social network 0.0032 -0.0020 |upper bound 0.065 0.089 [[association rules -0.011 0.057 |association rule —0.053 0.421

3ftext mining 0.0028 -0.0014 |social networks 0.054 -0.035 [[experimental results —0.009 0.072 |web pages -0.043 0.480

4ffreal world 0.0027 0.0040 |social network 0.053 0.027 |[association rule —0.006 0.033 [nearest neighbor —0.042 0.501

5|[feature extraction 0.0024 -0.0029 |gene expression 0.051 0.479 [[data sets —0.006 0.084 [frequent itemsets —0.039 0.367

6|real-world data 0.0016 0.0054 [matrix factorization 0.047 0.043 [[frequent itemsets —0.005 0.039 [naive Bayes -0.034 0.266

7||background knowledge 0.0016 —0.0004 |Support Vector Machines 0.045 0.143 |[clustering algorithm -0.003 0.025 [experimental results -0.032 0.322

8||social networks 0.0014 -0.0015 |anomaly detection 0.038 0.027 {[mining algorithm -0.003 0.016 [dynamic programming -0.027 0.218

9||synthetic data 0.0014 0.0048 |random walk 0.038 0.057 |[clustering algorithms -0.002 0.025 |outlier detection -0.022 0.217
10||real datasets 0.0013 0.0016 Jcomputational cost 0.037 —0.024 [[association rule mining —0.002 0.012 [feature selection -0.017 0.268

032002000 20080000 ICDMOOOO00O0OOOOODODOMOCOCOOOOO0O0O0O0 1I0000O0DODO
T B ERIE
JEG | tf-idf Jaccardf& 3R tf-idf | Jaccardf& 2

it Deg(t) _Int(t) t Deg(t Int(t) It Deg(t Int(t t Deg(t Int(t)
1|[Data Streams 0.0010 0.0029 |Collaborative Filtering 0.125 0.101 ||Association Rules —0.00333 0.01638 [Event Sequences -0.107 0.607
2||Active Learning 0.0006 0.0000 |Nonnegative Matrix Factorization 0.095 —0.048 (|Data Mining -0.00111  0.01173 [Association Rules —-0.089 0.583
3[INonnegative Matrix Factorization 0.0005 -0.0007 [Random Walk 0.095 0.048 ||Data Sets -0.00104 0.00559 |Decision Trees -0.077 0.637
4f[Collaborative Filtering 0.0005 0.0002 |Dimension Reduction 0.089 0.018 ||Decision Trees —0.00057 0.00404 [Latent Semantic Indexing —-0.060 0.393
5|[Text Categorization 0.0005 -0.0006 [Hidden Markov 0.071 -0.071 ||Unsupervised Algorithm -0.00048 0.00206 |Experimental Evaluation -0.054 0.375
6/|Social Networks 0.0005 -0.0004 |Belief Propagation 0.071 0.000 [|Web Page Classification —0.00048 0.00206 |Bayesian Network -0.054 0.280
7|IDimension Reduction 0.0004 -0.0001 |Taxonomic Research 0.071 0.071 ||Dimensional Data —0.00040 0.00232 [Document Categorization -0.054 0.280
8|frequent itemsets 0.0004 -0.0002 |Similarity Measure 0.065 -0.077 ||Time Series -0.00038 0.00797 |Fast Algorithm -0.048 0.238
9|Document Clustering 0.0004 0.0003 |Pairwise Constraints 0.051 —0.068 (|Latent Semantic Indexing —-0.00037  0.00227 |Utility Itemsets -0.045 0.313
10|[Sequential Pattern Mining 0.0003  -0.0002 |Link Prediction 0.050 0.021 [|data mining —0.00037 _ 0.00207 [data mining —0.042 0.244

0000ooooooo0oOooooDooOoOooooooog 2
0000 30000000000000000000

0000d0o0oooo0dooooooooooooooooo
00doDoo0ooooooo0ooooooooooooon
ooood

“Social Network” 0 0 0O O “Social Networks” 00000
00000o0o0doooooooooooooooooogoo
0dddd0oDooo0oooo0o0o0ooooOoOooooDoooog
0000d0o0o0oo0o000oooooOooooooooogog
0000ooooo0OoooooooooooDooooooog
0o00oooooooooooon

0 00O “Matrix Factorization” OO0 00 00O 0O O O Jaccard
0000000000o00o00oo0ooooooooooog
0d00D000d000o0ooo0Oo0ooooOoOooooDooog
00000ooooooooooooooooooooooog
00000ooo0oooooooooooooogooooon
0000ooooooooooooOooooooooooog
ooooooo

00d000o0o00oooooooooooOoooooooo
00o00DO0DOo0o0ooooooooooooooogd
000dooodooDoo0OooooooOoooooDoooog
000000DoOo0oooooooooooooooooon
0000d0o0ooo0oO00ooooooooooooooooon
0000000o0oo000oooo0ooooDoooooOoOg
oooooooogo

4. 0O40go

oboooooboooboobooooooooobooooon
0000000000000 00000o0 ICcbMOOO00O
oooooooooooobooobooooooooobooOoo
ooooooooooooooooooooooooooo
oobooooooo

O0000000000000D00000000000 tfidf
OoooboooooooOoboooooooOoo0o0n Jaccard O
obooobooboooobooooooboboooogond

goooooboooooboooooooooooooooon
goboooooooooooooOooooooooobooOoo
ooboooooooooooboooobooo

goboooooboooooooboobooooobooooa
goboooooobooooooobooooooobooboooon
goboboooooboooboooooooobooooobooo
gooooooobooooboooooooobooooooon
goooooooooooboooooooooboooooooo
gooooood

goon

[Anderberg 73] Anderberg, M. R.: Cluster Analysis for Ap-
plications, Monographs and Textbooks on Probability
and Mathematical Statistics, Academic Press, Inc., New
York (1973)

[ICD] IEEE International Conference on Data Mining:,
http://www.cs.uvm.edu/~icdm/

[Jones 88] Jones, K. S.: A statistical interpretation of term
specificity and its application in retrieval, Document re-
trieval systems, pp. 132-142 (1988)

[Kontostathis 03] Kontostathis, A., Galitsky, L., Pot-
tenger, W. M., Roy, S., and Phelps, D. J.: A Survey
of Emerging Trend Detection in Textual Data Mining, A
Comprehensive Survey of Text Mining (2003)

[Lent 97] Lent, B., Agrawal, R., and Srikant, R.: Discover-
ing Trends in Text Databases, pp. 227-230, AAAI Press
(1997)

[Matsuo 04] Matsuo, Y. and Ishizuka, M.: Keyword extrac-
tion from a single document using word co-occurrence
statistical information, International Journal on Artifi-
cial Intelligence Tools, Vol. 13, No. 1, pp. 157-169 (2004)



The 28rd Annual Conference of the Japanese Society for Artificial Intelligence, 2009

[Mei 05] Mei, Q. and Zhai, C.: Discovering evolutionary
theme patterns from text: an exploration of temporal
text mining, in KDD ’05: Proceedings of the eleventh
ACM SIGKDD international conference on Knowledge
discovery in data mining, pp. 198-207, New York, NY,
USA (2005), ACM

[Nakagawa 00] Nakagawa, H.: ” Automatic Term Recogni-
tion based on Statistics of Compound Nouns”, Terminol-
ogy, Vol. 6, No. 2, pp. 195-210 (2000)

[Shannon 48] Shannon, C. E.: A Mathematical Theory
of Communication, The Bell System Technical Journal,
Vol. 27, pp. 379-423, 623-656 (1948)

[Swan 00] Swan, R. and Allan, J.: Automatic generation
of overview timelines, in SIGIR ’00: Proceedings of the
23rd annual international ACM SIGIR conference on Re-
search and development in information retrieval, pp. 49—
56, New York, NY, USA (2000), ACM



