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<num> Number: 401

<title> foreign minorities, Germany

<desc> Description:
What language and cultural differences impede the integration of foreign minorities in

Germany?

<narr> Narrative:
A relevant document will focus on the causes of the lack of integration in a significant
way; that is, the mere mention of immigration difficulties is not relevant. Documents

that discuss immigration problems unrelated to Germany are also not relevant.
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, 0 0 6 Relevance Feedback System for WWAW Search Engine O .

Contral - Settings
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U1l.0000d1i0000b00dgdoon
:- ap(anchor,screening).

:- near(para,security,system),ap(title,airport).

:- near(para,security,airports),
near(para,security,access).

:- near(para,security,airports),
near(para,faa,system).

O200001800000000000¢0
:- ap(para,online),ap(title,quilts).

:- ap(anchor,online),ap(title,quilting),

)

p(anchor,quilting).

(
(
(
.- ap(para,block),near(para,quilt,block),
ap(anchor,fabric).

(

:- ap(title,quilting),ap(anchor,fabric).

O3 00001 000000o00o0o0od
.- ap(anchor,shipwreck).

:- ap(anchor,shipwreck),ap(anchor,salvaging).
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<h3> Car Manufacturers On the Web</h3>
<ul>

<li><a href="...">...</a>...</1li>
<li><a href="...">...</a>...</1li>
</ul>
<h3> Favorite Jetskies</h3>
<ul>
<li><a href="...">...</a>...</1li>
<li><a href="...">...</a>...</1li>
</ul>
(a)
<table>
<tr>
<td>
Car Manufacturers On the Web
</td>
<td>
Favorite Jetskies
</td>
</tr>
<tr>
<td><a href="...">...</a>...</td>
<td><a href="...">...</a>...</td>
</tr>
<tr>
<td><a href="...">...</a>...</td>
<td><a href="...">...</a>...</td>
</tr>
</table>
(b)
2:
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</ >
>
3 XML
XML
[10]
HTML XML
HTML
HTML
HTML
HTML
URL

CGI URL
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Perl
HTML-Parser
HTML
URL

5 URL

http: //www.nikkei.co.jp/, http://www.asahi.com/,
http: //www.yomiuri.co.jp/, http://www.mainichi.co.jp/,

http: //www.sankei.co.jp/

http: //www.yahoo.co.jp/, http://www.goo.ne.jp/,
http: //www.infoseek.com/, http://www.yahoo.com/,
http: //www.lycos.co.jp/

http: //www.melco.co.jp/, http://www.sony.co.jp/,
http: //www.nec.co.jp/, http: //www.ibm.co.jp/,
http: //www.toshiba.co.jp/

http: //www.jtb.co.jp/, http: //www.jal.co.jp/,

http: //www.knt.co.jp/, http: //www.nec.co.jp/,
http: //www.fujibank.co.jp/

http: //www.tv-tokyo.co.jp/, http://www.nhk.or.jp/,
http: //www.ntv.co.jp/, http: //www.tv-asahi.co.jp/,
http: //www.tbs.co.jp/index-j.html

http: //www.jaf.or.jp/, http://www.osa.go.jp/,
http: //www.motorshow.or.jp/, http:/ /www.j-sapa.or.jp/,

http: //oil-info.ieej.or.jp/

1: URL [12]

1 URL
TV URL

HTML XML
2 WWW

XML HTML
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URL XML
706 594 (84.1%)
180 108 (60.0%)
296 233 (78.7%)
1182 935 (79.1%)
2: XML [11]
XML
XML(HTML) XML
1207(27) 831 (68.9%)
57(11) 48 (84.2%)
105(23) 95 (90.5%)
1369(61) 974 (71.2%)
3: [11]
URL Web
URL
XML
URL Web
Web
1 WWW.Nec.co.jp
1
XML HTML
XQL XML WWW
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XML

WWW
ILP
[ J
[ J
[ J
. ILP
1] « Web ” Vol.
16 No.3 pp. 316-323(2001).
2] “Web ” (2001-

1CS-124) pp. 41-45 (2001).

[3] W. W. Cohen: “Recognizing Structure in Web Page using Similarity Queries” Proc.
of AAAT-99 pp. 59-66 (1999).

[4] Jon M. Kleinberg: “Authoritative Source in Hyper linked Enviroment”, Proc. ACM-
SIAM Symp. on Discrete Algorithms, pp. 668-677(1998)
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5]

[11]

[12]

Soumen Chakrabarti, et. al.: “Mining the Web’s Link Structure” ,IEEE Computer, vol.
32, no. 8 (1999)

Soumen Chakrabarti, et. al.: “Enhanced Topic Distillation using Text, Markup Tags,
and Hyperlinks”, SIGIR, 2001: http://www.cs.berkeley.edu/~soumen /

: “Web ” Vol. 16 No.4
pp. 525-529(2001).

Page, L. Brin,S. Motwani R. and Winograd T.: The Page Rank Cita-
tion Ranking: Bringing Order to the Web Online manuscript http://www-
db.stanford.edu/~backrub/pageranksub.ps (1998).

Kumar,R. et al.:” Trowling the Web for Emerging Cyber-Communities”, Proc. of the
8th WWW Conf. (1999).

“ HTML XML v
Vol. 16 No. 3 pp. 316-323(2001).

“ HTML XML ”
(2002)
44 WWW 2
(2002)
WWW

(2001-FAI-46, 2001-KBS-54) pp. 109-114 (2001).
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oot obuoogobooonon

00000 0000 (CoooOoooOoOooooo)

1 0000

00000000 (GIS:Geographic Information System) 0 000000000000
gooobbobbbbdodoobbboddob bbb oobbbobboo
guogubobodboobgoobooobobooobbooobooouoobouao
oottt ooobbooooob b o
(Data Warehouse) 0 OO [7|0 0 0000000000000 00OOOOOOOOODOO
O0000000000000000000000000000 80

gobobobooooboobooooobbobobbooooubboooouoo
goodbooobobboobbobogbbbbooboobobuooboooobboooa
B00000000O0O0O0OD0O0C00000CO0D0OU0OCODOO0D0ODoODOOoOOoOooOoOoo
guobbbobtoduoooouooobouooobobbooubobooboboboua
000000000000 0000000 (spatial data mining) 00O [12, 4, 15]0000
guobgooogoon

oo oo boboobooo
00000000000 30000 00R-Tree, OR*Tree, PR-Quadtree00 000 O
0000000 70O 000ooooooogo [9,10)0 TPR-Tree, 3DR-Tree 0 O
O000000O0O00000000 OLAP (On-Line Analytical Processing) 00 00O 00O

goboddbggouoobboouoobbobuob oo ooo
godtdioddddguddooouodooouoboubuobbobbuobooouaa
000 [4000000000000000000000000DO00D0D0DbOO00DO0O
000000000000 000000000000 2000000o0ooog 1joo
goodoobobbobobobbbbobooooobuoobbobuooobbobbon
000 GISO00000000000000000000 ojooooooo0oDooo
goobobbdouobooooboobtboooooboobobobUooo
gobboobobbbgggoboobobobbobboodouoooouoboobbooboua
goobbobbooddoooodoboobododoooboboobbbobo
guoobboooboobbodad

gofdbdoboobooooooooobboboboooobobbobooooooo
guouddgbooobouogooobuoooubbooobboooooboobobo
0000000 [1,200000000000ooO00ooooUoUDooooooooOO
400000000000000000000000000000O00O0O0O0O0O0O0O0
goooobboooooooboodbobooooboboboooouooboooo
gobboboobobooooooobogbooobboboboooooooooon

gofd200000000000000bb 000000 bbooobuoooboDbos
gboodboouoddoooobobbobbooodooobboboooobbobuonobo
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gbodgbobbuodgobbobooobobboodooboobbboouooboboobobo
goboboboobboooooboobobbobbooo40000DbD0d

2 Jooooobobooooobod

OOooopHSOOOO0OOOOOOOOOOOODOOOODODOODOOOODOODOO
ggodobodgbogooboobuobboobboobobobbbobobbobbod
gobbooougbobooooboobbobbuobboogobbooboooboo
gbbogogdoboooboobobbooboobbobbbooooobbbboooobn
gbodooobuoooogbboobuobbobbooboogobobogoag

ggbboobooooouboooganb
gobogobogoobdubbbobbuooboouoooboobbooboooooa
gbboodboooboouobbooobobobbobbooobooboobbbon
gogboboogbabubobbuogubooouoobboobobobbbobobooobon
gbobobobuodboboogouooboooobboooobboobobboobbodon
gogbbgbduboobbooboobibobbooboobboooobobbobabd
goooodogobbboboodbbodobobbbobbobboboobboooooob
gboouobuoogoboobbooodooobbooobboobbbobboboooobn
gbodbuodgbbtooduoobooobbboboboobouobboobbboon
gboodooobobooooboboboooon

gouoboobobouobooogon

0000000000000 0000000O0000000000O0O0O0 1/25000 0
000000000000 2000000 0000000000000 00OOOOCO0O
goboooodgouoobbobdsbebiboboboobbboobbOoon
gobobobbbobobobdoouooobbbooobbbououob oo bo
O00000000000000000000WGS-840 OITRF(International Terrestrial
Reference Frame) 000 00000000

ggoboboggggbobobbbboddooboboobobbbbooobboon
00000000000 100000 pDocooPbPHSOOOOODOOOOOOODOOO
guoogoobbbbobootoooobbbbooooobobbboooboooa
gl ouboobb bbb ooduuuob o
OoOOoOoCocoOOoDO20000 50000GPSO00O0DOOOOOOOFCCO E911000
godooobooboobooodb bbb booooo

gogboboooobodgoobon
gbbootobbobduoooboobouoobooooobboobboobbad
000000 (130000000000 oo0oboooooooooooooooooo
gobougobboobbobooboouobboobbdooboboooooobooooo
gbobobogouboobobbuoboooaooooboobobboobboon
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HEN

0 1. 00000000000 000000000000O0d m)

g oo |gboo ooboo (oob
PHS 188.7 187.2 41.7 71
GPS 244 20.9 10.5 29
DGPS 16.8 17.8 5.7 29

0 1: PHSOOOODO (DOODOOOOO01000000)6|0000

gbobbdbooobooboobbobbbuoobbbobobabobbbobobboob
gdodobbooboobbobooooboboooboboooa

gogogbbobbuoobooobbboobuoobooobooobbobooobn
gobbobodooboobobboboboouoboboooobbbobbobobobn
gboobobobobbooboboooboboubbbobbuooobbobobboon
googboouogbobbooboboobooobobodooooooobbobob o
gbboooooooobobuobbboobbuoboon

3 Uouuuooooooobbodad

gooobooboboobgboobogbbboboodbobbooobboobod
gbobuoubuodggbooooobobobbbougbboobbooobooogng
guogdboogobbobooooooooobboobotbooouooouoobobon
guodoooobboooouobouobobdoobbooboboboobobbbbood
gogoboooobbooboboboao

3.1 ODUuogobobboooon

000000000000000000000000000000000000000
00000 (bucket) 000000000000000000O00000O0000000
0000000000000000000000000000000000000000
00000 (17, 18]0
000000000000000000000000000000000000000
00000000000000000000000000000000000000000
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gdobgbbdogoobooouoobgooobbbboboooobbooboob o
oot bbobooooobbdobb b obbooo
gogogboodobobobboooobouobbobboobbobbobobnoon
R-treed Quadtree00 000000000 OODOOODOODOODOOOOOODOOOO
gogboobboboboooubdabbooobbobbboboboobbobbouooa
gogoobooooboboboboooobobobbobobooobobbbobouuuoua
O00000000000000 TPR-tree (Time Parameterized R-tree)[16] 0 0 00 O
00 (4000 03DR-Tree[19)0 000 000000000000
gogdoduugobboooboobooboooon

0 Quadtreed

Quadtree0 0100000000010 000O0O0DO00OO0OOODOOOOOOOOOO
0400000000000 0000DO0O0O00O00OOOUOUbDODbODOobOOOOOn
0000000000000 00000000Quadtree00000000O0O [log, N, O
00 [logy((s/d)-v/2)]000. 0000d000000000000000000000
didd00D000O0O0DOo0oooooOo0odo00o0ooooooD1o0oooooboon
00000000 e(>1)000000000000O00O0ODOOO0OO0ODODDOOOOOO
gooooooon

0 TPR-tree[16]0
TPR-treed R-tree 00000 000000000000d00000O0000OO0
00000000000 0000000000000000000000 R-tree0 00
000000000000000000000000000000000000000
000
D00O00TPRtree0 000 t=1t,,0000000 x,.,000vOOO0O000O00
00000t >t)000000x()00(1)0000000000

X(t) = Xpef + V(E — tres) (1)

O00000xO000vOOOO(x,v)DOOOODODOD0OOOO0O0OO0OODOODOOOO
gobooobbgobbogbogoobobbobboooboobbooobon
ggboooon

0 3DR-treeld

3DR-Treed R-tree 0000000000000 OOOOOODOOOOOODOOOO
00000000000 O0000000000 200000000 ¢+00000O0D0O0O
0doo0o0oOoO00d0ddoo0oo0dooDooO000obD00o0o0OooooooDOooo
0000000000000 000000D0O0O000000O00000oOooooon
0000000t 000oDoOo0o000o0000d+00o0o0o00obD000oOooDoOoog
000000000000 0000O0000000b000000o00ooDoo0o0oDoOoOon
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gbboobobbbboboouoobobobboboobboooboooooobon
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oboboooobobboooboosbgobooobbobobobobbobooon
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2000000000

Ooooo((@oooo)

0o oo 1D 0o
34.680616 | 135.506702 1999/09/13 14:32:16
34.680661 | 135.506702 1999/09/13 14:32:33
34.681065 | 135.506425 1999/09/13 14:32:52
34.681939 | 135.506843 1999/09/13 14:33:10
34.681310 | 135.506096 1999/09/13 14:33:33

QY x| W N~

g3 gbbuugaon

\ 000000 (000 10cm)

x00 |yO0O | ID oo

7593 8031 1 | 1999/09/13 14:32:16
7643 8031 2 | 1999/09/13 14:32:33
8092 7780 | 3 | 1999/09/13 14:32:52
9060 8168 | 4 | 1999/09/13 14:33:10
8366 7480 | 5 | 1999/09/13 14:33:33

ggbobogbbobbooobooobbbooouobuooobubboobboo
gdogbgobobbobooobbboobuooobboooooobooon
Screening 00 00000000000 0O0OD 200000000000000000OO
000000000 (000000000 MBR (Minimum Bounding Rectangle) ) O O
gubboobbbooobdogouobbooooobooobobbbouoooaon
goddobobobobodbuobboooooouobuoon
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1.000000 Q= (R,t): 03000000000000¢0000000 RO
00000000000000
(0)00000000000000000000000000000000000
00000000000000000000000

2.000000 Qun=(Ri,t,t): 040000000000000¢00 000
00 R 0000000000 DO0OOO
(0)00000000000000000000000000000000000
00000000000

3.000000000 Quew = (Ri,Ro,t1,t2): 0500000000 000000 x
000 ¢0 00 (x,t)000(Ry,4)0 (Re,t,)00000000000000000
o000
(0)00000000000000000000000000000000000
ooooooo

gboogboobobbgogbooobbobobboouobbbooooobobobobon
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000000000000 (Quadtree) 00000000 DOOOOODOOODOOOOO
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gobbobobuogbboobobobboboboobboobuoobbooooooobo
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4 0JUOdoOO
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gogoobodbooboboobobbbooboooobobboobobooooon
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gbooboooboboobbooboobobdoboouoboubooobbogoon
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gogbbobboboobbogbbobooobboobbobbobboooboobobn
gbooboooboooboogoooo
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gboboobbdo bug oo boouuobb 0L 0ob oboodoooooooooboo
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2

155



2 C, C,
C,
C
m=1,2 i C,
i C.,
a" =
i
2 by P
i
1 by
P(i.k)=af(k)/a?
2 by
bj (i k)
X
miny (1Y, (1.k)- )
X
2 b}
2 by
as(j,k) b

156

B, = {b,b3,...bL, | B, = 7.2,

C,
a’(j)
v
4)
b}
X
®)
v
v
by



association strength C, b’
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1 Introduction

Document clustering, the grouping of documents into several clusters, has been rec-
ognized as a means of improving efficiency and effectiveness of text retrieval. With
the growing importance of electronic media for storing and exchanging large tex-
tual databases, document clustering becomes more significant. Document clustering
helps the user to exploit large document collections in several ways, such as it enables
the user to select and tackle only part of the collection that is relevant to his/her in-
terest, or it assists the user from members and representatives of clusters to uncover
topics, hypotheses, concepts, or novel nuggets. However, document clustering is a
difficult clustering problem by a number of reasons [2], [4], [14]. The main difficulty
comes from the unstructured form and textual characteristics of documents. As
a consequence, the quality of document clustering not only depends on clustering
algorithms but also largely depends on document representation models.

Rough set theory, a mathematical tool to deal with vagueness and uncertainty
introduced by Pawlak in early 1980s [7], has been successful in many applications
[5], [8]. In this theory each set in a universe is described by a pair of ordinary sets
called lower and upper approximations, determined by an equivalence relation in the
universe. The use of the original rough set model in information retrieval, called the
equivalence rough set model (ERSM), has been investigated by several researchers [9],
[13]. A significant contribution of ERSM to information retrieval is that it suggested
a new way to calculate the semantic relationship of words based on an organization
of the vocabulary into equivalence classes. However, as analyzed in [3], ERSM is not
suitable for information retrieval and text processing in general due to the fact that
the requirement of the transitive property in equivalence relations is too strict to the
meaning of words, and there is no way to calculate automatically equivalence classes
of terms. Inspired by some works that employs different relations to generalize new
models of rough set theory, e.g., [11], [12], a tolerance rough set model (TRSM) for
text processing that adopts tolerance classes instead of equivalence classes has been
developed [3].

In this work we extend TRSM in [3] and introduce two TRSM-based hierarchical
and nonhierarchical document clustering algorithms, as well methods for cluster-
based information retrieval (IR). These algorithms have been evaluated and vali-
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dated experimentally on IR test collections. The results show advantages of the
model, particularly in improving precision in information retrieval.

Section 2 of the paper presents the TRSM for representing documents. Section
3 describes two TRSM clustering algorithms. Section 4 presents a evaluation and
validation of these algorithms, and section 5 addresses the TRSM cluster-based
information retrieval.

2 The tolerance rough set model

Given a set D = {dy,ds, ..., dy} of M full text documents. Each document d; is
mapped into a list of terms ¢; each is assigned a weight that reflects its importance
in the document. Denote by fy(f;) the number of occurrences of term t; in d;
(term frequency), and by fp(#;) the number of documents in D that term ¢; occurs
in (document frequency). The weights w;; of terms ¢; in documents d; are first
calculated by

wij = { (1 + ]'Og(fdj (tz))) x log #(ti) %f li € dj’ (1)

0 if t; ¢ d;

then normalized by wi; < wi;/(/%4, cq;(wnj)?. Each document d; is represented
by its r highest-weighted terms, i. e., d; = (ti;, wij;t25, Woj;. .. ;trj, Wr;) Where
w;; € [0,1]. A usual way is to fix a default value r common for all documents. The
set of all terms from D and queries ) are denoted with ¢; € 7 and w;, € [0,1] by

T: {tl,tg,. . -;tN}
Q = (q1, Wig; @2, Wag; - - -5 s, Wsq)

The tolerance rough set model (TRSM) aims to enrich the document represen-
tation in terms of semantics relatedness by creating tolerance classes of terms in T
and approximations of subsets of documents. The model has the root from rough
set models and its extensions [7], [11]. The key idea is among three properties of an
equivalence relation R in an universe U used in the original rough set model (reflex-
ive: zRx; symmetric: xRy — yRx; transitive: tRy A yRz — xRz for Vz,y,z € U),
the transitive property does not always hold in natural language processing, informa-
tion retrieval, and consequently text data mining. In fact, words are better viewed
as overlapping classes which can be generated by tolerance relations (requiring only
reflexive and symmetric properties).

Denote by fp(t;,t;) the number of documents in D in which two index terms ¢;
and t; co-occur. We define an uncertainty function I depending on a threshold 6:

Tg(t:) = {t; | fo(ti,t;) > 0} U{t;} (2)
It is clear that the function Iy defined above satisfies the condition of ¢; € Iy(t;)
and t; € Ip(t;) iff t; € Iy(t;) for any t;,t; € T, and so I is both reflexive and
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symmetric. This function corresponds to a tolerance relation Z C 7 x 7T that ¢;7t;
iff t; € Iy(t;), and Iy(t;) is the tolerance class of index term ¢;. A vague inclusion
function v, which determines how much X is included in Y, is defined as

XNnY|
X

v(X,Y) (3)
This function is clearly monotonous with respect to the second argument. Using
this function the membership function p for ¢; € 7, X C T can be defined as

M(tz,X):V(IG(tz)aX) = %

With these definitions we can define a tolerance space as R = (T,1I,v, P) in
which the lower approzimation L(R,X) and the upper approzimation U(R,X) in
R of any subset X C 7T can be defined as

(4)

LR, X)={t: € T | v(lp(t:), X) = 1} (5)
UR,X)={t; € T | v(Ip(t:), X) > 0} (6)

The vector length normalization is then applied to the upper approximation
U(R,d;) of d;. Note that the normalization is done when considering a given set of
index terms.

The term-weighting method defined by Eq. (1) is extended to define weights for
terms in the upper approximation U(R,d;) of d;. It ensures that each term in the
upper approximation of d; but not in d; has a weight smaller than the weight of any
term in d;.

(1+log(fq;(t:) x log Gy ti € dj,
Wi = minthjedjwhj X % t; € U(R,d]) \ dj (7)

0 t; QU(R,CZJ‘)

3 TRSM Clustering Algorithms

3.1 Algorithms

Table 2 describes the general TRSM-based hierarchical clustering algorithm that is
an extension of the hierarchical agglomerative clustering algorithm. The main point
here is at each merging step it uses upper approximations of documents in finding
two closest clusters to merge. Several variants of agglomerative clustering can be
applied, such single-link or complete-link clustering.

As documents are represented as length-normalized vectors and when cosine
similarity measure is used, an efficient alternative is to employ the group-average
agglomerative clustering. The group-average clustering avoids the elongated and
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MED_1: correlation between maternal and fetal plasma levels of glucose and free fatty acids . corre-
lation coefficients have been determined between the levels of glucose and ffa in maternal and fetal
plasma collected at delivery . significant correlations were obtained between the maternal and fetal
glucose levels and the maternal and fetal ffa levels . from the size of the correlation coefficients and
the slopes of regression lines it appears that the fetal plasma glucose level at delivery is very strongly
dependent upon the maternal level whereas the fetal ffa level at delivery is only slightly dependent upon
the maternal level .

MED_1: 21-0.178679, 44-0.094230, 48-0.228942, 57-0.235588, 110-0.257558, 198-0.328567, 299-
0.126899, 403-0.371317, 437-0.136658, 683-0.306114, 692-0.306114, 694-0.306114, 1840-0.289422,
2546-0.189904, 4546-0.321535.

Table 1: A document and its TRSM representation

straggling clusters produced by single-link clustering, and avoids the high cost of
complete link clustering. In fact, it allows using cluster representatives to calculate
the similarity between two clusters instead of averaging similarities of all document
pairs each belong to one cluster [6], [14]. In such a case, the complexity of computing
average similarity would be O(N?).

Table 3 describes the TRSM nonhierarchical clustering algorithm. It can be
considered as a reallocation clustering method to form K clusters of a collection D
of M documents [2].

The distinction of the TRSM nonhierarchical clustering algorithm is it forms
overlapping clusters and it uses approximations of documents and cluster’s repre-
sentatives in calculating their similarity. The latter allows us to find some semantic
relatedness between documents even when they do not share common index terms.
After determining initial cluster representatives in step 1, the algorithm mainly
consists of two phases. The first does an iterative reallocation of documents into
overlapping clusters by steps 2, 3 and 4. The second does by step 5 an assignment
of documents that are not classified in the first phase, into clusters containing their
nearest neighbors with non-zero similarity.

We consider two other issues that have an important influence on the clustering
quality (i) how to define the representatives of clusters; and (ii) how to determine
the similarity between documents and the cluster representatives.

3.2 Representatives of clusters

The TRSM clustering algorithm constructs a polythetic representative Ry for each
cluster Cy,k=1,..., K. In fact, Ry is a set of index terms such that:

(i)  each document d; € Cj has some or many terms in common with Ry;
(ii) terms in Ry are possessed by a large number of d; € Cy;
(iii) no term in Ry must be possessed by every document in C.
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Input D ={di,da,...,du}
a similarity measure S : P(D) x P(D) -+ R*
Result A hierarchical structure of D

1. Initially, consider each document of D as a cluster with one member C; = {d,}, and
H={C,Cy,, ...,Cur}.

2. Identify two most similar clusters in terms of upper approximations of their repre-
sentatives, (Cy,, Cn,) = argmaz(c, c,)euaxaSU(R,Cyu),U(R, Cy)

3. Form a new cluster C; = Cp, UCy,, and let H = (H \ {Cy,,Cyp,}) U{C;}.

4. If more than one cluster remains, return to steps 2 and 3.

Table 2: TRSM hierarchical clustering algorithm

It is known that the Bayesian decision rule with minimum error rate will assign
a document d; in the cluster Cj, if

P(d;|Cr) P(Ck) > P(d;|Ch)P(Ch), Vh # k (8)
With the assumption that terms occur independently in documents, we have
P(d;|Ck) = P(t;|Ck)P(t3,|Cr) - - - P(t5,|Ck) (9)

Denote by f¢, (t;) the number of documents in Cy that contain ¢;, we have P(t;|Cy) =
fc, (t)/|Ck|. Equation (9) and heuristics of the polythetic properties of the cluster
representatives lead us to adopt rules to form the cluster representatives:

(i)  Initially, Ry = ¢.
(11) For all dj € Ck and for all ti € dj, if fck(tz)/‘ck‘ > ¢ then Rk = Rk U {tz}
iii) Ifd; € Cy and d; N Ry, = ¢ then Ry = Ry U argmax, ¢, W;,.

j j sed; Wig

In case of group-average clustering, o could be 0 to ensure the use of cluster
representatives when calculating the cluster similarity. The weights of terms #; in
Ry, is first averaged by of weights of this terms in all documents belonging to CY,
that means wix = (Xg,ec, wij)/[{d; : ti € d;}|, then normalized by the length of the
representative Ry.

3.3 Document and cluster similarity

Many similarity measures between documents can be used in the TRSM clustering
algorithm. Three common coefficients of Dice, Jaccard and Cosine [2] are imple-
mented in the TRSM clustering program to calculate the similarity between pairs
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Input D ={di,ds,..., dy} and the number K.
Result K clusters of documents with their membership.

1. Determine the initial representatives R, Ro, ..., Rk of clusters C1,Cy,...,Cx as K
randomly selected documents in D.

2. For each d; € D, calculate the similarity S(U(R,d;), R;) between its upper approx-
imation /(R, d;) and the cluster representative Ry, k = 1,..., K. If this similarity is
greater than a given threshold, assign d; to Cj, and take this similarity value as the
cluster membership m(d;) of d; in Cj.

3. For each cluster C}, re-determine its representative Ry.

4. Repeat steps 2 and 3 until there is little or no change in cluster membership during
a pass through D.

5. Denote by d,, an unclassified document after steps 2, 3, 4 and by NN(d,,) its nearest
neighbor document (with non-zero similarity) in formed clusters. Assign d, into
the cluster that contains NN(d,), and determine the cluster membership of d, in
this cluster as the product m(d,) = m(NN(dy)) x S(U(R,dy),U(R,NN(dy))). Re-
determine the representatives Ry, for k =1,..., K.

Table 3: TRSM nonhierarchical clustering algorithm

of documents d;, and d;,. For example, the cosine coefficient is

N ] )
SC’(djn dj2) = Ek:l(wkh a wk”)

o N N
\/Ek:1 Wiy X D=1 Wiy

(10)

It is worth to note that the cosine coefficient (or any other well-known similar-
ity coefficient used for documents [2]) yields a large number of zero values when
documents are represented by r terms as many of them may have no terms in com-
mon. The use of the tolerance upper approximation of documents and of the cluster
representatives allows the TRSM algorithm to improve this situation. In fact, in
the TRSM clustering algorithm, the normalized cosine coefficient is applied to the
upper approximation of documents (R, d;) and cluster representatives U(R, Ry).
Two main advantages of using upper approximations are: (i) To reduce the number
of zero-valued coeflicients by considering documents themselves together with the
related terms in tolerance classes; and (ii) The upper approximations formed by
tolerance classes make it possible to relate documents that may have few (even no)
terms in common with the user’s topic of interest or the query.
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Collection Subject doc. query rel. doc.
JSAI Al 802 20 32
CACM Comp. Sci. 3200 64 15
CIST Lib. Sci. 1460 76 40
CRAN Aero. 1400 225 8
MED Medicine 3078 30 23

Table 4: Test collections

/ﬁ\ _____________________________________________________ o
\___\_\—'_'_4_,_/
P : Preprocess of document coIIectlc?n f'fe"?,’l‘.ﬁ‘.’,ﬁis
collection — Keywords and frequency extraction
(full texts) 1 ;
! " Ty
§ Keywords selection — Docimeat |
ot i / i | collection
o A : E (all keywords)
Document .|  Tolerance classes generation ;
collection | \f”——“‘\
{selected keywords) Approximation generation | Tolerance
: i | classes of
"""""""""""""""""""""""""""""""" terms
Hk_\_\_\_'_'_,_/
Queries Lower approximation
of documents
l w

Hierarchical and Non-Hierarchical Clustering for Documents

Figure 1: Conceptual architecture of the system

4 Validation and Evaluation

Figure 1 shows the conceptual architecture of the TRSM clustering system. Table 4
summarizes test collections used in our experiments including JSAI where each
document is represented in average by 5 keywords and four other common test
collections CACM, CISI, CRAN and MED [2]. Columns 3, 4, and 5 show the
number of documents, queries, and the average numbers of relevant documents for
queries. The clustering quality for each test collection depends on parameter 6 in
TRSM and on o in clustering algorithm. We can note that the higher value of
0 the large upper approximation and the smaller lower approximation of a set X.
Our experiments suggested that when the average number of terms in documents is
high and/or the size of the document collection is large, high values of 6 are often
appropriate and vice-versa. In Table 9 we can see how retrieval effectiveness relates
to different values of #. To avoid biased experiments when comparing algorithms we
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% average of relevant documents
0 1 2 3 4 5 | avg.
JSAI 199 | 19.8 | 185 | 185 | 11.8 | 11.5 | 2.2
CACM | 503 | 225|128 | 79| 42| 23| 1.0
CISI 454|258 | 1560 | 75| 43| 19| 11
CRAN | 334327192 | 90| 46| 1.0 1.2
MED 104 | 187 | 186 | 21.6 | 19.6 | 11.1 | 2.5

Table 5: Results of clustering tendency

take default values # = 15, and o = 0.1 for all five test collections.

4.1 Validation of Clustering Tendency

The experiments for clustering tendency “attempt to determine whether worthwhile
retrieval performance would be achieved by clustering a document collection, before
investing the computational resources which clustering the database would entail”
[2]. We employ the nearest neighbor test [14] by considering, for each relevant doc-
ument of a query, how many of its n nearest neighbors are also relevant; and by
averaging over all relevant documents for all queries in a test collection in order to
obtain single indicators. We use in these experiments five test collections with all
queries and their relevant documents.

The experiments are carried out to calculate the percentage of relevant docu-
ments in the database that had 0, 1, 2, 3, 4, or 5 relevant documents in the set of
5 nearest neighbors of each relevant document. Table 5 reports the experimental
results synthesized from those done on five test collections. Columns 4 and 5 show
the number of queries and total number of relevant documents for all queries in each
test collection. The next six rows stand for the percentage average of the relevant
documents in a collection that had 0, 1, 2, 3, 4, and 5 relevant documents in their
sets of 5 nearest neighbors. For example, the meaning of row JSAI column 11 is
“among all relevant documents for 20 queries of JSAI collection, 11.5 % of them
have 5 nearest neighbor documents are all relevant documents”. The last column
shows the average number of relevant documents among 5 nearest neighbors of each
relevant document. This value is relatively high for JSAI and MED collections and
vice-versa for the others.

As the finding of nearest neighbors of a document in this method is based on the
similarity between the upper approximations of documents, this tendency suggests
if the TRSM clustering method might appropriately be applied for retrieval pur-
pose. This tendency can be clearly observed in concordance with the high retrieval
effectiveness for JSAI and MED shown in Table 9.
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Percentage of changed data
% | 2% | 3% | 4% | 5% | 10% | 15%
2.84 | 562 | 7.20 | 5.66 | 5.48 | 11.26 | 14.41
3.55 | 4.64 | 4.51 | 6.33 | 7.93 | 12.06 | 15.85
097 | 2.65 | 2.74 | 422 | 5.62 | 8.02 | 13.78

=W N

Table 6: Synthesized results about the stability

4.2 Validation of Clustering Stability

The experiments were done for the JSAI test collection in order to validate the
stability of the TRSM clustering, i.e., to verify that whether the TRSM clustering
method produces a hierarchy which is unlikely to be altered drastically when further
documents are incorporated. For each value 2, 3, and 4 of 6, the experiments are
done 10 times each for a reduced database of size (100 — s)% of D. We randomly
removed a specified amount of s% documents from the JSAI database, then re-
determine the new tolerance space for the reduced database. Once having the new
tolerance space, we perform the TRSM clustering algorithm and evaluate the change
of clusters due to the change of the database. Table 6 synthesizes the experimental
results with different values of s from 210 experiments with s% = 1%, 2%, 3%, 4%,
5%, 10% and 15%.

Note that a little change of data implies a possible little change of hierarchy
(about at the same percentage as for # = 4). The experiments on the stability for
other test collections have nearly the same results as those of JSAI. It suggests that
the TRSM hierarchical clustering results are stable.

4.3 Hierarchical Clustering Efficiency

From a given collection of documents we need to prepare all the files before running
the TRSM clustering algorithms. It consists of making an index term file, term
encoding, document-term and term-document (inverted) relation files as indexing
files, files of term co-occurrences and tolerance classes for each value of 6. A direct
implementation of these procedures requires the time complexity of O(M + N?),
but we implemented the system by applying a sorting algorithm (quick-sort) of
O(N log N) to make the indexing files, then created the TRSM related files for the
term co-occurrence, tolerance classes, upper and lower approximations files in the
time of O(M + N).

The experiments reported in this paper were performed on a conventional work-
station GP7000S Model 45 (Fujitsu, 250 MHz Ultra SPARC-II, 512 MB). We can
note that the search for clusters requires in average log M, then the search will be
done with a subset of documents in the clusters. However, the time complexity of
the clustering is of O(M? + N), and the space is of O(M? + N) because of using an
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Size Nb. of Nb. of TRSM HC NHC Full 1-Cluster HM NHM
Col. (MB) doc. query Time Time Time Search Search (MB) (MB)
JSAI 0.1 802 20 2.4s 14.9s 8.0s 0.8s 0.1s 8 12
CACM 2.2 3200 64 22m2.2s 26m46.8s 2m26s 13.3s 1.2s 201 15
CISI 2.2 1460 76 13m16.8s 4m49.8s 18s 40.1s 3.4s 84 13
CRAN 1.6 1400 225 23m9.9s 3m6.9s 13s 20.5s 1.8s 71 13
MED 1.1 1033 430 0.1s 1m30.8s 4s 2.5s 0.3s 25 28

Table 7: Performance Measurements of the TRSM Cluster-based Retrieval

1.2% (0.18) 1.8% (0.16) 2.9% (0.14) 8.0% (0.11) 16.9% (0.09) full search

Col. P R P R P R P R P R P R
JSAI 0.950 0.472 0.948 0.485 0.949 0.502 0.939 0.541 0.938 0.559 0.934 0.560
CACM 0.048 0.037 0.096 0.068 0.100 0.084 0.116 0.194 0.105 0.262 0.160 0.241
CISI 0.181 0.043 0.180 0.061 0.180 0.089 0.130 0.183 0.112 0.261 0.155 0.204
CRAN 0.121 0.127 0.140 0.149 0.139 0.173 0.139 0.214 0.112 0.245 0.257 0.301
MED 0.477 0.288 0.530 0.324 0.565 0.375 0.518 0.460 0.422 0.531 0.415 0.421

1 cluster 2 clusters 3 clusters 4 clusters 5 clusters full search

Col. P R P R P R P R P R P R
JSAI 0.973 0.375 0.950 0.458 0.937 0.519 0.936 0.544 0.932 0.534 0.934 0.560
CACM 0.098 0.063 0.100 0.127 0.117 0.166 0.132 0.221 0.144 0.240 0.160 0.241
CISI 0.177 0.078 0.141 0.139 0.151 0.179 0.156 0.206 0.158 0.212 0.155 0.204
CRAN 0.204 0.219 0.238 0.278 0.250 0.290 0.257 0.301 0.261 0.304 0.257 0.301
MED 0.393 0.277 0.396 0.393 0.372 0.425 0.367 0.445 0.380 0.472 0.415 0.421

Table 8: Precision and recall of TRSM cluster-based retrieval and full retrieval

M x M-matrix to store the similarities/distances between clusters in the hierarchy.
Concerned with generating the TRSM files for the JSAI database, the direct im-
plementation with O(M + N?) required up to 6 minutes [14 hours for CRAN], but
the quicksort-based implementation with O(/Nlog N) took about 3 seconds (JSAI)
[23 minutes for CRAN] for making the files by running a package of shell scripts
on UNIX. Table 7 summaries the time for generating the TRSM files, clustering,
full search, cluster-based search, and the required memory size for each collection.
The clustering time included the time for reading the TRSM files into the RAM
memory. Thanks to short time for preparing the database files as well as shorter
time for cluster-based search in comparing with the full search, the TRSM-based
proposed method is able to be applied to large document collections.

4.4 TRSM Cluster-based Information Retrieval

We show the potential of the method in terms of cluster-based effectiveness and
efficiency in application to information retrieval [2], [14]. The quality of generated
hierarchy is evaluated in terms of information retrieval. The experiments evaluate
effectiveness of the TRSM cluster-based retrieval by comparing it with full retrieval
by using the common measures of precision and recall. Precision P is the ratio of
the number of relevant documents retrieved over the total number of documents
retrieved. Recall R is the ratio of relevant documents retrieved for a given query
over the number of relevant documents for that query in the database. Precision
and recall are defined as
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JSAI CACM CISI CRAN MED

6 P R P R P R P R P R
30 0.934 0.560 0.146 0.231 0.147 0.192 0.265 0.306 0.416 0.426
25 0.934 0.560 0.158 0.242 0.151 0.194 0.266 0.310 0.416 0.426

20 0.934 0.560 0.159 0.243 0.150 0.194 0.268 0.311 0.416 0.426
15 0.934 0.560 0.160 0.241 0.155 0.204 0.257 0.301 0.415 0.421
10 0.934 0.560 0.141 0.221 0.142 0.178 0.255 0.302 0.414 0.387

8 0.934 0.560 0.151 0.254 0.138 0.172 0.242 0.291 0.393 0.386
6 0.945 0.550 0.141 0.223 0.146 0.178 0.233 0.271 0.376 0.365
4 0.904 0.509 0.137 0.182 0.152 0.145 0.223 0.241 0.356 0.383
2 0.803 0.522 0.111 0.097 0.125 0.057 0.247 0.210 0.360 0.193

VSM 0.934 0.560 0.147 0.232 0.139 0.184 0.258 0.295 0.429 0.444

Table 9: Precision and recall of TRSM and VSM full retrieval

|Rel N Ret| |Rel N Ret|
P=""Tga = IRl (11)
where Rel C D is the set of relevant documents in the database for the query, and
Ret C D is the set of retrieved documents. Table 9 shows precision and recall of the
TRSM-based full retrieval and the VSM-based full retrieval (Vector Space Model)
where the TRSM-based retrieval is done with values 30, 25, 20, 15, 10, 8, 6, 4, and
2 of 6.

After ranking all documents according to the query, precision and recall are
evaluated on the set of retrieved documents determined by the default cutoff value
as the average number of relevant documents for queries in each test collection. From
Table 9 we see that precision and recall for JSAI are high, and they are higher and
stable for the other collections with # > 15. With these values of #, the TRSM-based
retrieval effectiveness is comparable or somehow higher than that of VSM.

4.4.1 Hierarchical cluster-based IR

We carried out retrieval experiments on all queries of test collections. Each query in
the test collection is matched against the hierarchy from the root in the top-down
direction in order to determine a subset D' C D. The subset D' is union of all
clusters each has the similarity between the query and its representative greater
than a threshold . The cluster-based retrieval is carried out in D'.

Table 9 reports the average of precision and recall for all queries in test collections
using the TRSM cluster-based retrieval with various proportion (%) of |D’| to |D|),
and full retrieval in whole D (accordingly, values of ). The results show that in
several cases (JSAI, CISI, and MED) just searching a small part of D, says 1.2% or
1.8%, TRSM cluster-based search reaches precision higher than that of full search.
Also, the TRSM cluster-based search achieved recall higher than that of full retrieval
on most collections when |D’| is about 17% of |D|.

Table 7?7 reports the effectiveness of TRSM cluster-based retrieval (TRSM) ver-
sus VSM cluster-based retrieval (VSM) when |D’| is 2.9%, 8.0%, and 16.9% of |D|
. It shows that TRSM cluster-based retrieval often achieves precision higher than
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that of VSM cluster-based retrieval thought its recall is somehow lower. The results
suggest that TRSM can be used to improve precision of information retrieval, and
so in a certain tasks of text mining.

4.4.2 Nonhierarchical cluster-based IR

The lower half of Table 8 reports the average of precision and recall for all queries
in test collections using the TRSM cluster-based retrieval with 1, 2, 3, 4 clusters,
and full retrieval (15 clusters). Usually, along the ranking order of clusters when
cluster-based retrieval is carried out on the more clusters we obtain higher recall
value. Interestingly, the TRSM cluster-based retrieval achieved higher recall than
that of full retrieval on several collections.

More importantly, the TRSM cluster-based retrieval on four clusters offers pre-
cision higher than that of full retrieval in most collections. Also, the TRSM cluster-
based retrieval achieved recall and precision nearly as that of full search just after
searching on one or two clusters. These results show that the TRSM cluster-based
retrieval can contribute considerably to the problem of improving retrieval effective-
ness in information retrieval.

5 Conclusion

We have proposed document hierarchical and non-hierarchical clustering algorithms
based on the tolerance rough set model (TRSM) of tolerance classes of index terms,
and developed a TRSM cluster-based method for information retrieval. Careful
experiments have been done on test collections for evaluating and validating the
proposed method on the clustering tendency and stability, the efficiency as well as
effectiveness of cluster-based retrieval using the clustering results.

There are still many further works to do in this research: (1) to investigate the
parameters of TRSM and their influence on text mining algorithms; (2) to incremen-
tally update tolerance classes of terms and document clusters when new documents
are added to the collections; (3) to extend the tolerance rough set model by consid-
ering the model without requiring a symmetric similarity or tolerance classes based
on co-occurrence between more than two terms; and (4) to combine TRSM-based
hierarchical and nonhierarchical clustering for very large text collections.

References

[1] Baeza-Yates, R. and Ribeiro-Neto, B., Modern Information Retrieval, Addison
Wesley, 1999.

[2] Fakes, W. B. and Baeza-Yates, Information Retrieval. Data Structures and
Algorithms (eds.), Prentice Hall, 1992.

174



3]

[10]

[11]

[12]

[13]

[14]

Ho, T. B. and Funakoshi K., “Information retrieval using rough sets”, Journal
of Japanese Society for Artificial Intelligence, Vol. 13, N. 3, pp. 424-433, 1998.

Lebart, L., Salem, A., and Berry, L., Ezploring Textual Data, Kluwer Academic
Publishers, 1998.

Lin, T. Y. and Cercone, N., Rough Sets and Data Mining. Analysis of Imprecise
Data (eds.), Kluwer Academic Publishers, 1997.

Manning, C. D. and Schutze, H., Foundations of Statistical Natural Language
Processing, The MIT Press, 1999.

Pawlak, Z., Rough sets: Theoretical Aspects of Reasoning about Data, Kluwer
Academic Publishers, 1991.

Polkowski, L. and Skowron, A., Rough Sets in Knowledge Discovery 2. Appli-
cations, Case Studies and Software Systems (eds.), Physica-Verlag, 1998.

Raghavan, V. V. and Sharma, R.S., “A Framework and a Prototype for In-
telligent Organization of Information”, The Canadian Journal of Information
Science, Vol. 11, pp. 88-101, 1986.

Salton, G. and Buckley, C., “Term-Weighting approaches in automatic text
retrieval”, Information Processing & Management, Vol. 4, No. 5, pp. 513-523,
1998.

Skowron, A. and Stepaniuk, J., “Generalized approximation spaces”, The 3rd
International Workshop on Rough Sets and Soft Computing, pp. 156-163, 1994.

Slowinski, R. and Vanderpooten, D., “Similarity Relation as a Basis for Rough
Approximations”, Advances in Machine Intelligence and Soft Computing, P.
Wang (ed.), Vol. 4, pp. 17-33, 1997.

Srinivasan, P.,; “The importance of rough approximations for information re-
trieval”, International Journal of Man-Machine Studies, Vol. 34, No. 5, pp.
657-671, 1991.

Willet, P., “Recent trends in hierarchical document clustering: A critical re-
view”, Information Processing and Management, pp. 577-597, 1988.

175



176



Mining Minority Classes
From Large Unbalanced Datasets

Head of group Tu Bao Ho (Japan Adv. Inst. of Science and Technology)
Collaborator ~ Duc Duc Nguyen (Japan Adv. Inst. of Science and Technology)
Collaborator  Saori Kawasaki (Japan Adv. Inst. of Science and Technology)
Collaborator ~ Trong Dung Nguyen (Japan Adv. Inst. of Science and Technology)

1 Introduction

Learning minority classes in unbalanced datasets is a significant problem in both
research and applications. It happens that in many domains the user wants to
learn only one particular class, and this target class is represented by only a few
examples while the others are represented by a large number. Examples of this
learning problem are the detection of fraudulent telephone call [4], the detection of
oil spills [8] or learning with biological data [11]. Facing with unbalanced datasets,
common learning algorithm usually produce unsatisfactory classifiers. It may be
caused by the fact that the fundamental assumption of the same class distribution
and measures of learning performance built in these learning algorithms are not met
or suitable in unbalanced datasets.

Learning minority classes in unbalanced datasets is among issues that were not
much previously considered by the machine learning community, is now coming
into light [12], [7]. The main approaches to this problem include rebalancing the
training data and cost sensitive classification with or without boosting. Naturally,
rebalancing techniques include up-sampling of the minority classes [9] or down-
sampling of the majority classes [8]. The cost sensitive classification is usually
(though not strictly) applied to the divide-and-conquer approach [14], [15]. Methods
in this approach typically bias decisions in different directions, as if there were more
or fewer cases in a given class, by raising or lowering the cost of a misclassification.

In this paper we introduce a method called LUPC (stands for Learning Unbal-
anced Positive Class) that can learn minority positive classes in unbalanced datasets
with high performance. The main features of LUPC are a combination of separate-
and-conquer rule induction [6] with association rule mining [1]. The strength of
LUPC lies in its use of the property of unbalanced datasets and adaptive thresh-
olds on accuracy and coverage of rules associated in its different search heuristics.
Careful experimental comparative evaluations show that LUPC not only be well-
suited in learning a target minority class but also it can learn all classes with high
performance.
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2 Learning Unbalanced Positive Class

2.1 Preliminaries

Let Aj, Ay, ... A, denote attributes with domains dom(A;),dom(As),...dom(A,)
that can be categorical or numeric. The instance space X defined by A, Ag,... A4, is
the Catersian product dom(A;) x dom(Ay) x ... x dom(A,). An instance is denoted
by < z,c(x) > where x € X and c is a function defined over X and has values in
a finite set C of classes. In case of supervised data, values of ¢ over X are given a
priori. Consider the target class in C' as the positive class C* and all other classes
as the negative class C~, we then have the training dataset as union of the positive
instance subset (denoted by Pos) and the negative instance subset (denoted by
Neg). We consider the case when CT is minority, i.e., |Pos| < |Neg|, and the
problem is seen as learning a minority class in a unbalanced dataset.

A prediction rule for the positive class C* is defined as a conjunction of m
attribute-value pairs AJL;(A4;;, = v;) — CT where i; € {1,2,...p} and v;; €
dom(A4;;). Denote by cov(R) the set of all training instances covered by a rule
R. This set is divided into two subsets of covered instances in Pos and Neg, de-
noted by covt(R) and cov™ (R), that means cov(R) = cov™ (R) U cov™ (R). For the
purpose of prediction/classification, the task is to find a set of prediction rules for
the target positive class, R* = {R{, Ry ,..., R}, so that Pos C U{_, cov(R]) and
the discovered rules are “best” in terms of high sensitivity as well positive predictive
value, and low false positive rate.

When evaluating the classifier performance, there will be some a positive in-
stances correctly classified as positive, but some b positive instances incorrectly
classified as negative. On the other hand, some ¢ negative instances will be incor-
rectly classified as positive and some d negative instances will be correctly classified
as negative. These quantities a, b, ¢, and d form the confusion matriz. Different
functions using these four basic quantities have been used to measure performance

. . .y - . _ a . .. _ d .y - . .
of classifiers, typically sensitivity = ?, specificity = i, positive predictive value
_ a . .y _ . .
= 2%, negative predictive value = 3. Performance of learning from supervised
datasets is customarily evaluated by error rate = - +Zi‘é —q- However, the unbalance

of datasets often hinders performance of standard classification methods. When
checking the confusion matrix learned by standard methods, we can observe that
classifiers induced from unbalanced datasets usually have false negative rate much
higher than average error rate, and sensitivity as well positive predictive value are
considerably lower than average accuracy.

The accuracy acc(R) of a rule R € R™ is estimated by acc(R) = cov (B)]

|cov(R)| ~
error of rule R is defined as err(R) =1 — acc(R) = |Tg:v_(g\)|' This accuracy acc(R)
. . + .
and the positive cover ratio W in fact are antecedent confidence and support

of the rule R in the terminology of association rule mining, respectively (Agrawal
et al., 1993). Association mining algorithms work with two given thresholds o and
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(B on accuracy and cover ratio of rules, 0 < «,8 < 1. A rule R is af-strong if
acc(R) > « and |CO?"+(‘R| > 3.

The following property that we skip the proof will be used to reduce time of
scanning the large Neg in generating and selecting candidate rules for C*. A can-
didate rule will be eliminated without continuing to scan though large set Neg if
at some point this condition holds. Note that cov + (R) can be quickly determined
because the size of Pos.

Proposition 1. Given threshold «, a rule R is not afB-strong for any arbitrary 3 if

1l -«

cov™ (R) > cov™ (R)

«

2.2 Algorithm LUPC

LUPC is a separate-and-conquer rule induction method that follows the generic
separate-and-conquer scheme (Furnkranz, 1999) with improvements to learn minor-
ity classes in unbalanced datasets. Firstly, it carries out a search biasing alterna-
tively on accuracy and/or cover ratio with adaptive thresholds. Secondly, it focuses
on doing separate-send-conquer induction in the target class with exploitation of
the unbalanced property of datasets that allows trying the beam search with a large
beam search parameter and one-sided selection. Additionally, it integrates preprun-
ing and postpruning in a way that can avoid overpruning.

2.2.1 Basic ideas and search bias

As the computational quality of rules is measured by two independent measures of
accuracy (antecedent confidence) and support, there is not any total order among
rules that we can use to guide the search. However, if we fix a threshold for one
measure (for example 90% for accuracy) and let the other varies, we can partially
order the goodness of rules. An af-strong rule R; is said better than an af-strong
rule R; with respect to « if R; has support higher than that of R;. Similarly, we
define that an af-strong rule R; is better than an af-strong rule R; with respect
to B if R; has accuracy higher than that of R;

The task of LUPC is not to find all rules satisfying given min_acc and min_cov
but to find a subset of “best” rules that cover Pos. The iterative process of finding
the best rule among af-strong rules and selecting promising non af-strong rules
depends on the search heuristics specified by the user or by a default strategy. If
both min_acc and min_cov are set to high values we can generally find high accuracy
and cover ratio rules but they can often cover a small part of Pos. If both min_acc
and min_cov are set with low values then discovered rules from the huge set of
acceptable rules can cover Pos completely but they are often of high redundancy.
LUPC distinguishes three alternatives that occur in practice and that lead to the
three corresponding types of search heuristics:
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1. Bias on rule cover ratio. It is to find sequentially rules with accuracy equal
and greater than min_acc but the cover ratio is as large as possible. LUPC
sets parameter « as the user specified min_acc and varies adaptive parameter
B from highest possible value to the user specified min_cov.

2. Bias on rule accuracy: It is to find sequentially rules with cover ratio equal
and greater than min_cov but accuracy is as large as possible. LUPC sets
parameter 3 as the user specified min_cov and varies adaptive parameter «
from highest possible value to the user specified min_acc.

3. Alternative bias on rule cover ratio and accuracy. In this case, LUPC starts
with two highest values of o and # and alternatively reduced each of them
when fixing the other and applying the corresponding procedure in the above
two cases until reaching the stopping condition. This search heuristic is applied
when the user do not specify any bias on accuracy and cover ratio.

2.2.2 The Algorithm

The procedure Learn-positive-rule

Figure 1 presents the scheme of algorithm LUPC that learns consequently a rule
set from Pos and Neg given user-specified minimum accuracy threshold (min_acc)
and minimum cover ratio (min_cov).

The procedure Learn-positive-rule starts with an empty RuleSet (line 1) and
two adaptive parameters a and (3 on rule accuracy and rule cover ratio, initialized by
subroutine Initialize (lines 2). This subprogram specifies « or 3 given the thresholds
min_acc, min_cov, and the user specified bias on accuracy or cover ratio. They are
set as big as possible (1 for & and the maximum cover ratio of single attribute-value
pair available on Pos) and always bigger than or equal to min_acc, min_cov. If the
bias is on one accuracy, then § will be set to min_cov, and vise-versa. If the bias
in on both accuracy and cover rate or there is no bias specified by the user, then
both « or § are set as the biggest value. Lines 3-8 describe a recursive procedure
to learn one the best rule among «af-strong rules, to add it to the RuleSet, to
remove positive instances covered by this rule under some conditions, and to change
adaptively thresholds a and g.

If there are any instances remain in Pos, and « and (3 are still equal or greater
than min_acc and min_cov (line 3), Learn-positive-rule calls the subroutine Be-
stRule to learn a new rule that is “best” with respect to the user-specified search
bias (line 4). If such a rule can be learned successfully (line 5), some positive in-
stances covered by it will be removed from Pos (line 6) and the learned rule is added
to the RuleSet (line 7).

The instances removed from Pos, which are covered by the new rule, are those
previously covered by o — 1 learned rules in RuleSet. If this rule is unsuccessfully
learned, o and/or 8 will be adaptively reduced by the subroutine Reduce (line 8).
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Learn-positive-rule(Pos, Neg, min_acc, min_cov)

1. RuleSet = ¢

2. a,f < Initialize(Pos, min_acc, min_cov)

3. while (Pos # ¢ and (a, 8) # (min_acc, min_cov))
4 NewRule < BestRule(Pos, Neg, a, 3)

5. if (NewRule # ¢)

6. Pos < Pos \ Covert(NewRule)

7 RuleSet < RuleSet U NewRule

8 else Reduce(q, )

9. RuleSet + PostProcess(RuleSet)

10. return(RuleSet)

BestRule(Pos, Neg, a, 3)

11. CandidateRuleSet = ¢

12. AttributeValuePairs(Pos, Neg, a, (3)

13.  while StopCondition(Pos, Neg, a, 3)

14. CandidateRules(Pos, Neg, a, 3)

15. BestRule < First CandidateRule in CandidateRuleSet
16. return(BestRule)

Figure 1: The scheme of algorithm LUPC

The loop between lines 4-8 is repeated until the stopping condition (line 3) holds.
The obtained RuleSet can be optionally post-processed by PostProcess(RuleSet)
(line 9) before the procedure returns the final RuleSet (line 10). The removing
of only positive instances covered by new rule (line 6) is an one-sided selection.
This one-sided selection differs from that in (Kubat and Marvin, 1997) as it re-
moves instances from the minority target class satisfied constraints while leaving
the majority class untouched. This strategy is an appropriate adaptation of the
separate-and-conquer scheme in learning a minority class as it can keep the accu-
racy of candidate rules generated from Pos by CandidateRules as all information
of the negative majority class is kept.

The procedure Reduce(a, 3) gradually reduces « or 3 by ratio Aa and Ac that
can be changed in applications. The default quantity Aa for reducing « is set as
2%. The default quantity Ac for reducing 3 is set as 1% of the biggest value of
covt(A;; = vi;) for all available attribute-value pairs (A;;, vi;) in Pos.
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The procedure BestRule

The procedure BestRule conducts a search in the rule space to find the “best” in
the subset of generated af-strong rules given a and 3. The BestRule is composed
of the subroutine AttributeValuePairs (line 12) for determining the ordered set
AttributeV alue Pair Set of candidate attribute-value pairs to be used for generating
candidate rules, and the subroutine CandidateRules (line 14) for determining the
ordered set CandidateRuleSet of candidate rules that is set empty at the begin-
ning (line 11). The CandidateRules is repeated until StopCondition holds and
returns the first Candidate Rule in the ordered Candidate RuleSet as the BestRule.

The AttributeValuePairs determines candidate attribute-value pairs from in-
stances remained in Pos as follows. Each attribute-value pair available on Pos is
considered as condition part of a rule with a single premise whose conclusion part
is C*. This pair will be considered as a candidate attribute-value pair only if it
covers more than o X # x D instances of the actual Pos (a necessary constraint for
being an af-strong rule). All candidate attribute-value pairs will be then checked
on Neg to see if some of them correspond to a-strong rules. Lastly, n candidate
attribute-value pairs that form «a(-strong rules, ordered by their accuracy or cover
ratio depending on the specified search bias, will be selected and added to the or-
dered set AttributeV aluePairSet where n is a parameter specified by the user. If
the number of such attribute-value pairs is still less than 7, the attribute-value pair
corresponding to a non «af-strong rule but with the highest accuracy or cover ratio
will be selected. The process is repeated until obtaining 7 attribute-value pairs in
AttributeV aluePairSet or no more attribute-value pairs can be considered.

The subroutine CandidateRules generates the ordered set Candidate RuleSet
of v rules from AttributeV alue PairSet as follows. The order of rules depends on the
specified search bias on their accuracy and/or cover ratio. The set Candidate RuleSet
in fact consists of two changeable parts, one contains ordered af3- strong rules and
the other contains ordered non af-strong rules. Of course, non af-strong rules
with cover lower than 3 will no longer be considered in next steps and so cannot be
considered to add to the non af-strong rule part. When StopCondition does not
holds LUPC continues to improve AttributeV aluePairSet in the following way: (1)
generating new rules by combining each non af-strong rules in Candidate RuleSet
with attribute-value pairs in AttributeV alue PairSet, (2) if any of new generated
rules becomes a3- strong it will be inserted to the ordered part of a3-strong rules in
Candidate RuleSet. The StopCondition holds if one of the following constraints
is matched: (1) there is no change in non af-strong rules in the previous run of
CandidateRules, (2) there are already v af-strong rules in Candidate RuleSet.

The subroutine CandidateRules may require a lot of checks on Neg to see
if a generated candidate rule is af3-strong. Fortunately, thanks to the property in
Proposition 1, many candidate rules are quickly rejected if they are found to match
the condition cov™(R) > =2cov™(R) during the scan of Neg. It is easy to count
cov™ (R) for each candidate rule R as Pos is small, and we need only to accumulate
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Data Size  Pos Overall Accuracy Sensitivity Pos. Pred. Value
(%) | Seeb SeebC TLupc | Seeb SeebC TLupc | Seed SeebC  Lupc
ann 898 0.9 0.90 092 0.94 | 0.00 0.50 0.50 | 0.00 1.00 1.00
gla 214 4.2 | 0.69 049 0.79 | 0.33 0.00 1.00| 0.33 0.00 0.60
hea 10,000 10.0 | 0.90 0.84 0.86 | 0.52 0.53 0.86 | 0.83 0.39 0.76
hyp 3,613 4.1 | 0.93 0.97 0.98 | 0.98 0.98 0.98 | 0.89 0.65 0.69
inf 2,380 1.1 | 0.95 0.94 0.86 | 1.00 0.76 1.00 | 1.00 1.00 1.00
sat 6,435 9.7 | 0.83 0.74 0.84 | 0.57 0.64 0.68 | 0.71 0.62 0.62
seg 2.070 14.1 | 0.94 093 083|100 1.00 1.00|1.00 1.00 1.00
smo 28,550 5.2 | 0.87 0.67 0.77| 049 0.63 0.45| 0.92 0.27 0.95
sic 2,800 6.1 | 0.98 0.96 097 | 0.77 0.84 0.81 | 0.88 0.71 0.72
fla 1,666 3.6 | 0.81 0.79 0.81 | 0.40 0.13 0.47 | 0.75 1.00 1.00
edu 10,000 6.1 | 1.00 097 0.99 | 1.00 1.00 1.00 | 1.00 0.95 0.98
sto 6,773 4.5 | 0.69 0.51 0.66 | 0.01 0.00 0.12 | 0.25 0.00 0.27
Avg 0.88 0.83 0.87| 0.61 0.61 0.74 | 0.73 0.65 0.79

Table 1: Performance on the minority target class (with misclassification costs)

the count of cov™ (R) when scanning Neg until either we can reject the candidate
rule as the constraint holds or we completely go throughout Neg and find the rule
has a satisfied accuracy.

Two parameters 7 and 7 can influence on the findings of LUPC. Generally, the
higher value n and v the higher chance to discover better rules.

3 Evaluation

This section reports our experimental comparative evaluation of LUPC. It aims at
evaluating the performance of LUPC on (i) learning one target minority class in a
unbalanced dataset; and (ii) learning all classes as a classification method.

After inducing a set of rules, LUPC matches testing instances (or unknown
instances) in the following way: If a testing instance matched rules of more than
one class, LUPC then predicts its class label by the majority vote weighted by the
rule confidence. If a testing instance does not match any rule, it will be classified
into the default class that is taken as the class of the majority among unclassified
training instances.

3.1 Performance in Learning Minority Classes

We carried out an comparative evaluation of performance in learning one target
minority class from a unbalanced dataset between LUPC and other methods using
cost-sensitive and rebalancing techniques. The aims is to show that LUPC can
improve the sensitivity and positive predictive value when learning minority classes
and competes with other techniques.
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Sensitivity Pos. Pred. Value
Data | Seebup | Seebdown | Lupc | Seebup | Seebddown | Lupc
ann 1.00 1.00 0.50 1.00 0.33 1.00
gla 0.33 1.00 1.00 0.33 1.00 0.60
hea 0.94 0.88 0.86 0.61 0.52 0.76
hyp 1.00 1.00 0.98 0.74 0.46 0.69
inf 1.00 1.00 1.00 | 1.00 0.78 1.00
sat 0.61 0.76 0.68 0.58 0.53 0.62
seg 1.00 1.00 1.00 | 1.00 1.00 1.00
Smo 0.98 0.98 0.45 0.55 0.34 0.95
sic 0.82 0.84 0.81 0.72 0.72 0.72
fla 0.80 0.71 0.46 0.48 0.33 1.00
edu 1.00 1.00 1.00 | 1.00 1.00 9.98
sto 0.28 0.63 0.12 0.16 0.14 0.24
Avg 0.82 0.87 0.76 0.69 0.61 0.79

Table 2: Performance on minority target class (with up and down sampling)

The experiments were designed as follows. LUPC is compared with Seeb, the
PC commercial descendent of C4.5 [13], and Seeb using cost-sensitive and rebal-
ancing (up and down) techniques. The experiments were done on 12 UCI datasets
containing minority classes. These datasets include 11 UCI datasets (in parentheses
are the dataset abbreviated name and name of the positive class: anneal (ann, 1),
glass (gla, tableware), headache (hea, 2), hypothyriod (hyp, hypothyriod), inf (inf,
1), satellite (sat, 4), segmentation (seg, sky), smoking (smo, 1), sick (sic, sick), flare
(fla, F), education (edu, 2), and the stomach cancer dataset (sto, dead<90days)
collected at the National Cancer Center in Tokyo. The first three columns of Table
1 summaries the name of datasets, the size of datasets, and the percentage of size
of the target minority class in each dataset. Each dataset is randomly divided into
a fixed stratified training data (2/3) and a testing data (1/3) for the common use
in Seeb and LUPC.

There different ways to assign costs of misclassification. We tried three com-
mon ones and chosen the following that gave the best performance of Seeb with
cost sensitive: the cost of misclassifying members of class C; to class Cj is set as
% For comparing LUPC with rebalancing techniques, we run Seeb on each
training dataset and its two derived ones by down-sampling and up-sampling. For
a fair comparison, Seeb and LUPC are run on all datasets with their default param-
eters: Seeb with min CF = 25%, min_cover = 2, and LUPC with min_acc = 80%,
min_cover = 2, the number of candidate attribute value pairs n = 100 and number
of candidate rules v = 20. it is easy to try LUPC

Table 1 shows experimental results concerning cost sensitive learning. Columns
4-6 present the overall accuracy on all classes obtained by each method. Columns
7-9 and 10-12 present the sensitivity and the positive predictive value, respectively,
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Figure 2: Scatter plot of sensitivity vs. positive predictive value

of each method on the minority positive class.

Table 2 shows experimental results concerning rebalancing techniques. Columns
2-4 present the sensitivity obtained on the minority positive class by LUPC and
Seeb with up and down sampling. Columns 5-7 present the positive predictive
value obtained on the minority positive class by LUPC and Seeb5 with up and down
sampling.

Recall that the sensitivity is probability that a positive instance will be classified
to the positive class (recall), and the positive predictive value is probability that an
instance is positive if it is classified to the positive class (precision). The following
conclusions can be drawn:

e Columns 7 and 9 in Table 1 show that the overall accuracy of See5 and LUPC
are very comparable (and they are both somehow higher than that of See5 with
misclassification costs, column 8), but columns 7, 10, 13 show that the sen-
sitivity and positive predictive value in minority target classes are decreased
considerably with Seeb (as with some other classification systems in our ex-
periments). It is particularly clear in some datasets such as stomach cancer
data (sto).

e Columns 10-12, 13-15 in Table 1 show that See5 with costs improves the
sensitivity in minority target classes but it is not clear for positive predictive
value. LUPC, however, achieves in many domains sensitivity and positive
predictive value higher than those of Seeb and Seeb with costs.

e Columns 2-4 in Table 2 show that the rebalancing techniques can generally give
sensitivity higher than those of LUPC, and down sampling attains somehow
sensitivity for minority target class higher up sampling in many domains, but
vise-versa for positive predictive value. Columns 5-7 show that LUPC can
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Data Lupc Seeb See5Rules CBA
anneal 96.68 =+ 2.68 91.86 =+ 0.7 92.78 £+ 0.8 97.9 £+ 1.32
australian 82.34 £+ 4.42 84.6 + 1.28 | 86.52 + 1.2 85.94 +4.19
auto 80.10 £ 13.6 81.20 +£2.62 | 7946 +248 | 75.60 £94
breastcancer 94.57 £ 2.74 95.04 £ 0.6 95.96 + 0.68 944 +6.23
cleve 83.77 +£6.24 78.6 £ 2.36 | 80.08 + 2.24 81.1 +6.71
crx 84.37 + 4.32 86.8 +1.08 | 86.94 +1.16 | 83.91 =+ 4.65
diabetes 78.55 +4.41 78.18 +£1.22 | 76.56 =+ 5.2 75.61 + 5.51
german 73.9 +3.76 7258 +£1.02 | 72.46 +£132| 73.58 +4.36
glass 75.74 £ 14.7 76.0 +£2.56 | 7402 +£3.18 | 77.48 =+ 6.09
heart 84.82 + 2.18 81.26 £ 2.74 | 82.82 +2.28 | 82.58 £ 10.87
hepatitis 85.3 =+ 8.19 79.74 £+ 2.84 83.5 +25 | 85.58 +7.18
horse 81.4 +4.37 85.16 + 1.86 | 85.48 + 1.66 | 82.00 =+ 3.79
hypothyroid 97.79 £+ 0.93 99.2 +0.16 | 99.18 £+ 0.16 | 99.05 =+ 0.61
ionosphere 92.23 £ 3.7 89.74 £ 1.86 91.5 +1.46 | 93.12 + 3.88
iris 93.33 +64 93.44 + 1.66 94.0 +1.44 | 93.25 +£7.12
labor 89.25 +£13.36 | 83.58 £ 5.62 | 84.14 £ 4.76 | 94.99 =+ 8.07
pima diabetes 78.5 £ 3.53 7794 £ 1.32 76.8 +1.22 | 75.35 + 4.82
sick 97.11 +£1.81 9792 +£0.26 | 97.98 +0.26 | 96.92 + 1.84
sonar 83.2 +7.46 81.12 £243 | 81.12 +2.2 80.22 £ 9.76
vehicle 70.71 + 3.44 71.6 £132| 7122 +1.38 | 72.67 =+ 3.28
waveform 84.55 =+ 1.45 7548 +£0.52 | 77.86 +£0.52 | 81.88 £+ 0.99
wine 97.82 + 3.15 9266 +£1.94 | 8.62 +133|98.33 £3.75
Avg 85.73 £5.31 84.26 £ 1.76 | 84.36 =+ 1.79 | 85.52 £ 5.20

Table 3: Comparison of accuracy in learning all classes

generally achieve a positive predictive value higher than that of Seeb with up
or down sampling in the minority target class. LUPC somehow can improve
these two measures and balance well these two measures.

e From both Table 1 and Table 2 we can see that LUPC deals well with a
minority target class in comparison with cost sensitive learning and rebalancing
techniques

Figure 2 gives intuitively views on sensitivity versus positive predictive value of
LUPC and See5Cost (right), LUPC and See5 with rebalancing (right) by the scatter
plot of these values taken from Table 1 and Table 2, respectively.

3.2 Performance in Learning All Classes

The task of the experiments is to show that although it is developed to learn minority
classes in unbalanced datasets LUPC can also achieve performance comparable to
the other methods.

We do an experimental comparative evaluation of four systems LUPC, See5,
See5Rules and CBA [10] )http://www.comp.nsu.edu.sg/~dm2) on 22 UCI datasets,
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some of them are unbalanced as used in the previous experiments, and others are
not necessarily unbalanced. The datasets include anneal, Australian, auto, Wiscon-
sin breast cancer (breastcancer), cleve, cxr, diabetes, german, glass, heart disease
(heart), hepatitis, horse, ionosphere, iris, labor, pima diabetes, sick, sonar, vehicle,
waveform, and wine. The experiments were carried out with 10-fold stratified cross
validation. Note that the accuracy of a classification system estimated by stratified
cross validation is a random variable, and its value varies with different trials. To
have a good estimation of accuracy, we run 10 times of stratified cross validation
of Seeb and LUPC for each dataset, and take their average as the estimation of
accuracy. Though CBA does not make a random partition of a dataset into subsets,
and we could not obtain a better estimation of its accuracy on each domain, the
objective of our experiments is to show that LUPC can achieve a very comparable
performance evaluated on all classes as these well-known classification systems.

Table 3 summarizes the accuracy of four systems on these 22 domains. It can
be observed that these systems have a comparable performance. The accuracy of
LUPC and CBA are lightly higher than those of See5 and See5Rules but See5 and
SeebRules are somehow more stable with smaller standard deviation.

The system LUPC and the datasets used in these experiments can be found and
verified at the Web site http://www jaist.ac.jp/~dungduc/LUPC.

3.3 Discussion

There are two main reasons among others that make LUPC performs well the task
of learning positive class in unbalanced datasets.

First is the focus of LUPC on learning positive class and its exploitation of
the unbalanced dataset property in different ways: (1) The thresholds on accuracy
and cover ratio are determined adaptively to the “hardness” and size ratio of the
positive class during the learning process. This contributes to the avoiding of the
phenomenon that small classes are blocked by big classes. (2) LUPC selects can-
didate attribute-value pairs and generates rules from positive instances and uses
negative instances to evaluate and select these candidates. The necessary constraint
on attribute-value pairs to cover more than ax §x D instances in Pos can be verified
efficiently. The constraint on a3-strong rules allows LUPC to eliminate considerably
candidate rules as cov™(R) is often small. Recall that it has been experimentally
verified that generated rules discovered by beam search with CN2 [2] are often supe-
rior to those found by an exhaustive best-first-search. (3) The conditional removal
of only positive instances covered by learned rules (one-sided selection) allows LUPC
to reduce errors of rules found in further steps as all information on negative class
is kept. This cannot be done when learning classes all together. RIPPER [3] learns
classes in the order of their prevalence but differs from LUPC as it removes all
instances covered by each learned rule.

Second is the effective search of LUPC based on its combination of separate-
and-conquer learning and association rule mining. Along the process of separate-
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and-conquer induction, LUPC changes adaptively thresholds o and 3 according to
the remaining positive instances so that in each step the best rule is mined in a
promising part of the rule space. The chosen heuristics plays an important role in
allowing LUPC to vary thresholds on accuracy and cover ratio alternatively from
maximum values until the user specified min_accuracy and min_coverage in order
to discover a rule as good as possible in each step. This feature is different from
other separate-and-conquer induction methods. Moreover, LUPC does not generate
all possible rules as CBA in its first phase [10], and this makes LUPC applicable to
large datasets.

4 Conclusions

We have introduced the method LUPC developed to learn target minority classes
from unbalanced datasets. LUPC is a separate-and-conquer rule induction method
using dynamic multiple thresholds on accuracy and cover ratio and the property of
unbalanced datasets. Experimental comparative evaluation show that LUPC can
learn well a target minority class as well all classes.
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% 2: CAMLET 2 X 58 & StatLog 70Y =7 b TORER & o Hg

Data Set CAMLET StatLog
& B4R R C4.5

IEMESR (%) | AR | B (sec) | AR | B#M (sec) | IEMEZR (%) | 7NV T YU XL | IEfEER (%)
Australian 87.3 7 17700 7 17700 86.9 Calb 84.5
Diabetes 76.4 21 2031 | 100 20551 7.7 LogDisc 73.0
DNA 95.0 20 19569 | 100 381689 95.9 Radial 92.4
Letter 82.0 53 151444 | 100 174106 93.6 Alloc80 86.8
Satimage 83.3 | 13 214208 | 108 423704 90.6 KNN 85.0
Segment 96.1 41 71250 | 100 108608 97.0 Alloc80 96.0
Shuttle 99.8 3893 3893 99.0 Newld 90.0
Vehicle 79.2 23 4034 | 100 41451 85.0 QuaDisc 73.4

‘ Average ‘ 88.0 ‘ ‘ 85.1 ‘

ZRTHBE, sHEEF THBEIIEROAERESZENL T b, ZOH THRMAFHIbI
BRODFERESIZEL S Voting Z#FHVTVE DI 1 DT ER->TWS, BEODES
LEZHEML, BMARFHETIXERSNICAFHRES OFHEZ 1T D % TiE " bootstrap” 74
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Tele TN EZEZLONS,

A ZBDHDIEREHIV—IVER

EREOFERIZBOTIE, T XLAREEHRL 2N, MEOT— 2Ly MIXT5
REOHREENEISERTEANALNMBELRS, 22T, GRS IEMIRIZ
57— 22 EEL, HREFMATERE AREFEEREERIIRTIILIT -2ty
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AT, BIRHNCIE, StatLog Dd 57— Xty b (Credit Research for Credit Cards in
Australia) 20U, BEHELU SV 1000EQIFAT 77D Fr— a v OHkkE 7> ZLIZERK -
FEITL, hRE EMRIZE T 5 FHATER & EHRERORT SRS T — Xy b
EERL, 779AVT7INT) ALCE VMBI -V 2EEEE, RAT—Xty MI#E
HLUT, ToER%zMRELL. DT, ZOFEMIZ O TRENS,

EREFHIL-ILZBORDOOIET -5ty FOER HEEFIIL -V E2EZEHTED0
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OHFEEVHL, T 5 ZEHRILRE Specl, EHHEMAME Spec2 ET 5, K14 1IR3 T &
I, BERIZY A MTRESN, F1ERIHEEED XA THESTHO, Fo2~8HE
RITHEABEICEEZNS Ay FESHE Y ToNS (FIEAFEEZ 7TEDO Ay Fafs
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DELTVER, METIERIIAY Y FWFEELZVHERZ0NE L TSENS) . £
DK, 2DDYAIDSE, ST LEREZMELIHL WY R F2IERRL, HAREHL —
WEBERAOIMT — 295 (EELR, SEREBMELL, BE-—EEEGELT, T
REtENT ) .

Specl: 1,15,24,31,0,0,052 — 80.3%

Spec2: 4,13,26,31,0,0,4954 — 84.6%
F—4 1 1->4,15->13,24->26,31->31,0->0,0->0,0->49,52->54

X 14: AREEFHIN —NVEZHO =D DIHT — 2 DiEE

7720, HREHIN —INVIZIERRE L2 HIEL TV 5720, Specl DIERE XD H Spec2
DIEBRNE R T IZREL THlET — 2 246U, SE, 1000 EOEMEE &KL
T, HERREHL—VEBEM T — &L O — FEIE 500,000 AFIZZ 2T 5, &7z, &L
BN S & HEEMRLIC B TBTTEZ2HBIEE N THY, BEMIIHESES
HAMETHEEEAL, K150 & 5T Specl DIEMHKIZ & - T, HAEEHIL—IL % HEH
THRODAT—VEREL, T — 2ty FEEFHAMEROERRIILVEAT—Y
WAEILT., 51, TROERRDODEAEIZLH->T, 77 AMEEN5T5. D EofEE
EETLT, ERENLIBET -2y b O IADMEREE L3 ITRT.

o A7 =Y OXEDFERLATOER (EFE - /)
o 27—V OXMNT, A7 —YXHEOFnLAED EF (EFIE - &)
o TNLAED EF (ERIE - K)

%3 T — 2ty b DMK
HL%E-k\iﬁ@-*\iﬁ@-¢

QA > AR AR |

AT —=V1 23,537 70,737 94,274
A7 =V 11 1,530 94,212 145,109 240,852
A7—V 1 80,963 21,294 11,035 113,293
AT =Y IV 40,919 2,014 2,722 45,656

EREFIL-ILOFEERE AFEH I 2B T 501, SHEIE, MEEL—-IL &%
B95779FIV7NVaAVALEHO, &/NEFE (minimum supoort) &, AT —
VDAV ARY AR T HEEGEL T, £4 DXIITHREL, &7 7 AEEERICHT
ODN=INEE/LLOIZ, FAT—VDT—Xty ML T, ZNZFNIIN—I)LOFEEET
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9. minimum support ZZ DK I IZEBLSEEDIX, 7T ARMHIZ L 582D DT
57 TH 5. minimum support D ZNEFNDEIKX, AT —IHD” ERE - /N DI F
AEZRFEDA VAR ZAHE 1 ELT, ZOMD I 7 AEIZDNW TR, &7 F A EEZFD
A VAR ZBDOHIZIIG U TREL 2. 7838, 7 EFIE - /N O minimum support, (Z{A[[H]
MOEBRIZE > THEBLIETH S, ByMEHEE (minimum confidence) &, EDTFT—X
Y MIBOTH, 5% L LI,

£ 4 A7—Y - FFIEIZ X % minimum support
| | LS8 - K (%) | E5WE - (%) | EFE D (%) ]

AT =1 734 0.33 1.00
AF =Y 1 0.65 0.65 1.00
27— 11 1.93 1.00
AF—Y IV 15.03 0.73 1.00

CDREREBONIIN—NVEEELESIIRT.

B 16 12, RREFHIN—ILoflE ZzoEFEEZKNA L 72bDz2Rd., SROUAD
ok, EREEFIN —INHNERTHHEEEICEENZVERITHD, " O EE
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AT—V1 12 0 416
AT —V 11 8 0 0
AT —V 111
AT—Y IV

EREFI—IVOFHE "R DEERD 585 N AHREHIL — )L % StatLog 70 =7 b
TIRsh T athorF—2ty MIEFAL, FHiizE~. HL, BENEL HEI,
ERRO EFBNEREREIN—INVEEHATHHEIZLY, BEMEEIIN-. £/, H
MEEMRIX, EMAROERER & FRE, StatLog 70Y =27 b THREEEN TV BETFT— X
Y MIERESNTVAREEMRRE L, BERSEREM 1718107 (KH, EBHE
TV X LEFHOIEERDOZE, TBRISARES ) —IVEHREOIEREDOE(LZRT).
171280 Tk, ABEEFV-IVEHAROSN T XLEF LY, GRAFOREIE
fRR L RREREORHDT/NL T05E, LALENS, HEEEHIL—IVTEIZEFERE
M ESETHWBERTRL, £, 50RFEEHFSETH, BEEMRERE LH 542 R
D BHEETERN o, —F, KIS TIE, 32EEHOEFEEHRIZ, BEEMREK (97.0%)
WERETE 2 (K 18H, *EIN97.1%). LALZAHNS, 030, HEEFIL—ILIXEIZ
EfEzZA LI TOERTEL, FEROMHEESR D ERREO M EIZERHKL T3,
PLEDOFERN S, BHIEETE, EEFIL—IVICE D R ERE#IE, ThizEks
BMREDH T TOBRAETIE RV, BE, COMBEEZRRT 5701, IHFEFIL—-ILD
KB AZIIRL D0H 5., T72bb, HREEFZETT IRIZ, BEDMHRKIZT TX
, GETOEFFEBBEHFMELT DI IHEFTH 5.

HHDIC

ARTIE, {ERNSEHEBL TERBWT 7V =2 a v HEEEY - IZaI vy T 1%
BAYVy FEBIMT AL EHIZ, BRIV MKED StatLog 7Y =7 M LI TN S
STEEDT—Xty bEFIHLT, W7 7V 75— a> OEHEBEREREZITL, O
B, Y =) TERINLIR/AT 77— ar OFFEMREIX, StatLog 70 = b
THESN 4 BEORENLZIBHT IV TV ZLDEDEHEMRRIV EWVEEZRT
e ot E61Z, MEBEMRAKEFZEHT 57012, HENL—IIZEONT, &
HEFIN—ILO¥EERAR, FTORE, TV XLERIVILEL LHBERFNERTE
5 ENHERESNLD, RREOAKEHRILKESDTHT IOV TEATSTHY,
BEHIL—IVEEOERIERC OV TEHRENE -T2, T/, XY =)L, BT 7)) r—
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IF "generating a classifier set"
= "decision tree generation gwith entropy" -> "if-then ruleset generation with random"
and
"modifying a classifier set"(outer loop)
="nothing" -> "synthesising (weak) classifiers"
THEN improvement = large
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Oroooobobob0 240000000b0b00ob0bOOobOobLDoDbOoOoDoOTTIT O
OO0000 GpTOOOOOODODOODDOOODODOODODODODOODDODOODOOOODOOD
gbobobooogobbouoogoobood:

218


okada
長方形

okada
長方形


OOobooooooGpTOOODOODOOOD-ODO0ODOOODOODOODOODO
gbogobogbuogoboboboooboboboobuoobobobboon
OO0 GpTOOOOODOOOOOODODOODOOODOOOODOODOODOO
gboggbogobodgbbouogbobbuooobooobooboogon
gboboodboggooobogoubooogoboooboooogos
woboogoboobooobobboooobobboon

T T T T T

[predicted pattern] range: 31.06, GPT: 24 ———

. range: 0.96, TTT: 24 -——---—-

15 F T average: (-, 0.70],D-BIL: 24 —+— |
range: 13.73, average: (96.65,+ |, GPT: 24

05

05 |

15 1 1 1 1 1
-25 -20 -15 -10 -5 0

month

25
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gbogboooobogoboobbobboobobuooboogobbobobad
gbobboogoogbobobooooobobboooobobbbooooboboboan
gbobobooggbbooooboboogobbooooboobood

goosbbgobbbgobboobbobboobboobboobbuooboa
goobobooggoob 3gobobbbodooooooboboboboooooonoo
gbggbbogbogobobbboooboobboooobooobooboag
goboboogoboboogbooogobobboooooboooooobobon

0d

gbogbuobobobogbogbougbbooobbogboooboobobad
gbbouogbbuogbbuoouoooboooboobobboonouogobooobboon
ooooGpTOOOOO0ODODOOOODODODOODOOOODODOOODOODODOD
gbogoogobbooboooboobuogoboobooboboobuoobbooonoag
gooo

gboggbogobodgbobobobuogubbooboobuoobboogobbobobad
gobouogbbuogbbuoobbobbooboooboobooobooobobon
gboggboogbodgbobooboub—0boobboboogoboobobbooboban
gboggbood—-gobobbudgboboobuooboogobbooobuoouoooag
gboggboggbogboooboobuooboboobuooboboobobobooboag
guogdbogbgobobbbobbbboboboboboooouoouooooooon
gboggbboboogbobobbuobuoooboobbobobobooobuoobobag
gobooo

220


okada
長方形

okada
長方形


Ooon

(1] 000D: 00000D0D000000000000000000 JSAI '99, pp.21-38
(1999).

2 00 00000 O0O0O0OO0 ODO0:0000000C00OO000DOO,00 BoooOO
0000000000000 00000000A020A03000000 (2002).

[3] Das, G., et al.: Rule Discovery from Time Series, Proceedings of KDD-98 (1998).

[4] Cheeseman, P., et al.: A bayesian classification system, In Proceedings of the Fifth
International Conference on Machine Learning, Morgan Kaufmann (1988).

[5] Smyth, P., et al.. An Information Theoretic Approach to Rule Induction from
Databases, IEEE Transactions on Knowledge and Data Engineering, 4 (Aug. 1992),
301-316 (1992).

[6] John, G.H.: Enhancements to the data mining process, PhD Dissertation, Computer
Science Department, Stanford University (1997).

77 00 000:EMO0OO0OOOCOOOO,0000 Vol37No.l,00000O0O (1996).

[8] Gunopulos, D., et al.: Time Series Similarity Measures, KDD 2000 tutorial (2000).

221


okada
長方形

okada
長方形


222



Joooooogoodgoodn

00000 00000 (D0oooooooooooon)
goooog god o (00O0O0DO0Ooooo)

googd

gooobooobobboobboobbooboobboobbooboboobon
goodooboobobbbobbbbbobobbbootbdodoooooooooon
goodbooboobobbbobbboobobobotbdoooooooooooon
goooboobobobodoooobobobooooooobooboboooooobobobboooon
0000000000000 000000O00000O0O0000OO0O00O WBoooo
gboogbooobooboooboobobobboobobobbuoobboobon
goobooo

gobobobooooboobooooobobobooooobbbooooobbobboooon
0000000000000 0000O0O000O0O0O00OO0O00OOOOOOoOO (11,
16,1700 000000000000 0OCOOO0OOOOOO0DODOOOOOOOOOO
0000000000 [19,20,21,22,23,24,26)000000000000000000
O000000000000000000 [12, 36)0

gbogboooboobooboobooobbobbuoobbooooobbobbon
OO000b00ooboboboobOboboobDoboobob0obobobobobUdFayyad
000000 KDbOOOOOOOOOOOO Boooboooooooooooooo
gbooobooobooobboboboobbobboobobobbuoobboobon
gboooogbboooobbobboobbooobbobboobooobobobobon
gboogbooboobbooboboobbooobbobboobbooobobobobon
goodooboobobbobobbbbbobobbbootbdoooooooooooon
gooboooobod

Ooon
goobooon

o00odbd nO00O0O0OO0OO0ODOO0OLOOObOUODODOOODODOODOODbDObDOODOO
gboogogboobbooboooboobboobbooboobboobboon
gbogboboboobbooboooboobboobboboobbooobobobobon
goboboooobbooooobobod

000000000000000000000000000000000 19, 20, 21,
22,23,240 00000000 r(x,2,Y,,Z,)00000000000000O0O00O00O0O

) L
o0ooo00oo0 Y, —-2z000000 VY, ANZ —2'000000

r(x, 'Y, Z,) ={Y, =z, Y, NZ, — 2’}

) L
000020 200000000000 00O0DOOO0O0O0O0O0OOOOOOOO0O0O00A0
O0000000000000000000Y, =y AypA Ay, Z, =21 N22N N2,
ogoooooon

223


okada
長方形


gbbbooobbbooooobbbooadn

Pr(Y,) > 63, Pr(z|Y,) > 6%, Pr(Y,, Z,) > 65,
Pr(e'|Y,,, Z,) = 05, Pr(a'|Z,) < 6}

000 Pr(x) 000000000000 00000000 68,6F,65,65,6,00000
000000000000000 Pr(Y,), Pr(z]Y,), Pr(Y,, Z,), Pr(2'|Y,, Z,), Pr(2'|Z,) O
000000000000

gobooood

gbgbobodgobouodbooboogboobooboboobodobboobad
gbgbodgboobboobboodoboobbuoobboogbboooboboobbad
gboobooobodbbobbuoobbooboboooboobbobboobobd
gbodobboooobbooboodboobbuooboobobboogboboobbad
gbbobbooodgbboobbooobbboooobbbboooobboooon
gbgdgboogbodgbbobobooobbboooboobbooboooboad
gbobbbouogobboboooobobboboooobbbooooobbboooan
gbboudgbbouodgbbobboobuobobboobobboooboooboooobd
000000000000000 [BU0000D0000D0D0OO0O0D0OOOOO0OOOO
gbdbodgbouodgbboobbooboobboobboboboobbooboad
gboobdobouodgbboobbobboobboobbooboooboobbad
gbbbooodgbbooooobbon
gbogbobooboobboobbobbbbooboobbodgbbobboad
gbooudgboobbooboodoboobbuoobdoboobooobbobbad
gboubodgbobobbogoboooboaoboooboboobboobboon
gbbouogbboobbobboobbuobbuoobboobbooobobboon
gboguoboogbogobooboooobbuooboooboboogboboobbad
gbouboooboguoboooboobboobboobobboogboboobbad
gbobobooodgoood

gbbobooodgbbodooan

gbogdgboogbogboboobbobbboooboobboboboooboad
gboobooobodobooboboobuoobbooobbobboobboobad
gbgobooobogooboooboobbbbobboobbooobobobbad
gbobbooodgbogbbboooobbbboooobobbboooobbboon
000000000000000000000000000000 2|0

Dougherty DO O DO OO0OODOOO0ODOOOOOOOODOOODLOOODOOODOODLDOODO
0000000000000 00000000000O0000O0OOUOoOoOoOOO [BO
gbbouboobbodbbobbdoobbuoobboobbbboobbooboad
gboboboboooabobon

224


okada
長方形

okada
長方形


gbobobodgobobboobbboogbooboooboobodobboobad
0 2300000000000 00000C00O000C0O0O0000OoOO0OoOoOOoOoOO
000000000000000000000000000O [foooooo

gbobobooooobod

0000000000000000000000000000000000000
0000000000000 00000000000000000000000000
000000000000000000000000000000000000000
0000000000000000000000000000000000000000
000000000000000000000000000000000000000
000000000000000000000000000000000000000
Pr(Y,), Pr(z|Y,), Pr(Y,, Z,),Pr(«'|Y,, Z,), Pr(+/|Z,) 0000 000000000000
D00000000000000000 sl,¢l,52,¢2,¢3 000000

000000s10 ¢10000000000000000000000s20 2000
00000000000000000 300000 Z, 0000000000 2/ 000
00000000000 «300000000000000000000000000

00000000000000000000000000000000000000
0000000000000000000000000000000000000000
000000000000000000000000000000000000000
(0,21 000000000000 00000O00000000000000O0E 000
0000000000000000000000000000000000000000
000000000000005000000000000¢2,52,¢l,s1,e3000000
000000000000000000000000000000000000000
0000000000000000000000000000000000000000
00000000 2000000000000000000000000 200000
000 200000000s200000000000000000 20000000
0 ¢2,52,¢1,s1,6300000000000000000000000O0000000O0
0000000

0O
gooo

0000000000 (25,34 00000 3300000000 1400000000
000000000000 [23]00000000000000000O0OODO 100000
p=r=1000000000000000067=0.2060F =0.750605 = 5/14006% = 0.80
0006 =040000000

00000000000000000000000000000000D0000000
000000000000000000000000000000D000000 100 5
00000000000000000000D00000000000D0D0000000

01000000000000000000 16900000000000000000
00000000000000000000000000 2902.00200000 270

225


okada
長方形

okada
長方形


gbodgbooobdobooboodgboboobboobboobbooobobobbad
guodbobbbuoooobbboogbbbbuoooobbboogbbboooan

O 1. 0000000000000 0b00b0obob00 wobooobooboboo
goboood

00 4 000 000 000 000
00 169 2.9 2.0 2.0 2.7
CULT_FIND 4 33 4.0 4.0 35
CTFIND 36 33 3.0 3.0 3.2
EEG_FOCUS 11 3.0 2.9 2.9 3.3
FOCAL 18 3.1 2.2 2.7 3.0
LOCDAT 11 25 1.8 1.8 2.5
Diag2 72 30 1.1 1.1 2.6
KERNIG 420 3.0 3.0 2.0
SEX 1 20 3.0 3.0 2.0
Course (G) 8 18 2.0 2.0 1.8
2

1

1

CULTURE 1.0 1.0 1.(
C_COURSE 1.0 1.0 1.(
RISK 1.0 1.0 1.(

00000000000000000000000000000 400000000
000000000 250000000000000000000000000000
0000000 (CULT-FIND, CT_FIND, EEG_FOCUS)D0 000000000000
000000000000 (FOCAL, LOC.DAT, Diag2)0 0000000000000
000000000000 (KERNIG, SEX)0000000000000000000
000000 (Course (G), CULTURE, C.COURSE, RISK)OOOOOOOOO00OO
00000000000000000000000000000 2000000000
CTFIND 00000000000000000000003500000000000
0000000003 00000000000000000000000000000
0000000000 (000 200000)0000000000000000000
0000000 (00 400000)00000000000000000000000
000 (000 200000)0

gboboboogood

gbobobooobobbodobbouogbooboooboobodobboobad
gbooboogbodgoboobooobobuooboooobooobobobbad
00000000000 200000d00o0000oooooooooooooooo
oboobg1b00b0oobooboobooboobooboobono 30000
obooboboooboooog s1goobooobooobooobbooboon

226


okada
長方形

okada
長方形

okada
長方形


O2:.00000000000000D0O00D0O00DO0OD0OODO0O0O CT_FIND=normal
00000000000 CTFIND=abnormal 000000000000 r(x,2’,y,2) 0
good

y oo z OO0 # 000 OO0 OO0 OO0

(00O) 36 3.3 3.0 3.0 3.2
Cell _Mono CSF_.GLU 2 2.5 3.0 3.0 2.0
Cell Mono  CSF_CELL 20 3.2 3.0 3.0 3.2
HEADACHE CSF_PRO 5 3.6 3.0 3.0 4.0
NAUSEA CSF_PRO 3 4.0 3.0 3.0 4.0
Cell_Poly Cell_ Mono 1 4.0 2.0 2.0 4.0

1

3

1

WBC CSF_GLU 4.0 2.0 2.0 4.0
AGE FEVER 2.0 4.0 4.0 1.0
FEVER Cell _Poly 3.0 4.0 4.0 3.0

gooboooooooobobbbbooooooboobobbooooobbobobno 30
gobobooobooobbboobobbboobbob3-s00bbooboboboon
goobooooboboooooboboboooooboboa
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goboooooooog wsoboodgob s00bb 2000b0000bobod
oo00obOooooooooooooboboooboo0 4+ 0bbbbo0o0o0o0oon
god

51=0.26,c1=0.75,82=0.043,c2=0.83,c3=0.36
37.6=<BT=<38.8 -> EEG_FOCUS=-
+126=<CSF_PR0=<474 -> EEG_FOCUS=+

goobo3anoboo40bo00040000no4

goooboobogoooobooobob 40b0obobooboobbobooa
gooboooobobooooobbboooobooob

No.1
s1=0.20,c1=0.75,82=0.043,c2=0.83,c3=0.40
35.5=<BT=<38.9, 2=<COLD=<9 -> EEG_FOCUS=-
+105=<CSF_PR0=<474 -> EEG_FOCUS=+

No.2
s1=0.26,c1=0.76,s2=0.050,c2=0.86,c3=0.35
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Cell Poly AGE EEG_FOCUS 1 30 40 40 3.0 0 0
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Cell Poly CSF_PRO CULT_FIND 1 20 40 40 20 13076 31
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35.5=<BT=<39.0, 196=<Cell_Mono=<712 -> EEG_FOCUS=-
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35.5=<BT=<39.6, 44=<CSF_GLU=<56 -> EEG_F0OCUS=-
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No.4

s1=0.20,c1=0.75,82=0.043,c2=0.83,c3=0.36
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+126=<CSF_PR0=<474 -> EEG_FOCUS=+
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LD AEBEMIT K U TR 22 s o B b et 2 R L, (2) Fillofbs
BB BT D ARMOAREMEEZ TRILC, fARZE#RET 52 2 HET 5.

AAEEDOWFIILL T O 2THBEIZOWTEE L=, THE Z &1, ZOMRGAER L O%E
REBEEBRRD.

(1) BRI V— NIRRT A B LTI A — RET L OHRE

(2) ZRJFMR L OFY IS S LA DR

1. BEBSGGIL—ILEREZBELEZHARTYT—FETILORE

BRERAE
(1) EDESTIL—ILREBHIHMY DT LvH

FBINL—Z K D~ A =2 7 TlE, ZREREEANLOT — X FEAE L, Thv %
=L LTRBTHZENTED (1] K, FERICEHA LG EE, EFICEZED
=B &, FIRFICE > TRHRIRDIREEC2 2 Z & B AMOFEFETH L.

FHR L — VA RE ST D A r— RET A TIE, XFE EEEICRb- T, L—b
FRIE %A BSS &\ ) —ODEME TER DT, L—LREOMRNERNICES LD
2,3]. LU, FIRHEY A RONGEAHTHIE, 1TV ZE < OA— VDB HE WAL LT
F—H ORISR T 5720, T2 O AT HNENOIIRMERD 5.

2 BT CIE, Z2EMICHBEOEWS OBFEET 5 & S ICEEF R, fREICE
WCHRORBENE Z 2 2 &2, EREOMBEE L TEL<MbRTWDS. ZOMITRE
RIZBWTHRILTHD. HEL—AH AT — RET BN TIE, FEEAEMALIZ
WO T EBRITREE 22 520, K, F—FRE2EEON—NVNRET 52 &
2725, ZDOXEITEZDE, V=N EDLI L W)~ A = 7 OB, EHTENTE
EEZTHEN-LDELEZD.

EFIL, T X O2KG % datascape L 4T, ZHAEFIHENESICREL, Z0
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A ZTRE CELL IRV AT LAOEELZRAIEL CWD. 77T 4 T~ A =2 7 DFE
BDO—21Z, [RIEINT-H#HE 22— L > TREEL DORS IR A[RE/RTE THoR
L, RE~OBMRZIRD, MBBNEMEZ R L, £l X0 B Rk 0% 0 256
BTDH., | DD, ZOHMOERIZIE, datascape & 52 H VAT ABKE LA,

AHITIEL, Z® datascape ZAIET D LT D570, WA —RETLICH &<
N—NHERBUCN O OFHERBEAZRET L. LTIV AT — RET VB LOED
N NVBERBUEZ fHICH Lo, Bl Rf T oV — VBRI T 5. &%,
ZOFEZ X OBEER T — 2y &I LIRREH L L TiRRT 5.

(2) HRT—EFETIL

ET VORI
ZDOFET VL, B —L L RERIZ itemset DT T 4 AEIEREL, TT 4 AN T
HO@mWNY 7 Z—)L & UTERLIERT 5. ZOE, item & L TIET T [attribute:
value] DIEREZRMT 5. ZOFTAVOHE 1 OFEIE, 77 + ANDOHIKIZ potential %,
U272 power xEFTHZ EITHD. Gini (IZXD AT TV —EHIZHT 2T
(SS) DEFE (1) N HEMNN DIy % potential &5z, (2) KU X B0 THILD (3)
D BSS (Between-groups sum of squares) % U > 7 @ power & LT\ % [5, 6].

SSi =Z(1_pr(‘1)2j > @

1SS, =Y (Wss¢ + BSSE) @)
4

Bsst =2 Y(p'la)-p! )] . ¥

22T, pla)lTBYE i DfEN a THLERERL, g NI N—T%, UXTNV—TIT5
FIRTOHIA, LITnEI%OHi R A RT.

B A-E 2B HET, K11 DX HIIZ[A y]DT A T LEFO EfiS E[Ay, B y]
ZEFOTHIA, BLOZFEOMOY 7 25 2 L 9. HiSo itemset IZEHLAILZ2 1V Vitem % veiled
item &£ FES. ZILZ D itemset Z WA — K725 instance D4 veiled item & 2 Ui,
SHEORITRT IO, Hifd WSS, V7D BSS #illiT 22 &N TED. K&ER
BSSHEIZXIST D J@MEN Y > 71> TREINE U7z item: [B: y] & RE R AAEHZ R
ME, ZhEL—NL e LTERETIUT L.

ZOFNZEBT = ARBUL, KPP ARIONANDO XI5 2 b5, 22T, LHS
L TFHEIS B itemset (25 415 item R L, FTOFTH/L—L U 7 IZBWTHIN
Ehizitem [B: y] AESRMLE LTINS, i)y, RHS #OEHRIL, fTHM
WZE ST BEF NS BSSTEORE 2 D ERINL TRRT 5H.

LIAT, T4 AZHMEL LTIV AT LTI, WICHEHISEOMAE HEBRRENRI-E
LB, oL, RifiCiR~7= BSS i % minimum support Sef & FECTHWAH Z LTk
0, BhEROREIFY 2 TEXDHIENTTITREIN TN D [7].
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y n WSS o
B | 60( 9.6)| 40(14.4)| 240 | 24
Aty C | 50(125 | s50(125 | 250 | 25
D | 60( 9.6)| 40(14.4)| 240 | 24
E | 40(144)| 60(9.6)| 240 | 24
BSS IF [B: y] added on [A: y]
B | 9.60 THEN [D: y; E: n]
C | 0.00 Cases: 100 2 60
D | 6.67 [D: y] 60% > 93%, BSS = 6.67
E | 540 [E: n] 60% > 90%, BSS =5.40
y n WSS G’
) ) B | 60(0.00) 0(0.00) | 0.00 | .000
C | 30(750)| 30(7.50) | 15.00 | 250
D | 56(0.25) 4348) | 3.73 | .062
E 6(4.86) | 54(0.54) | 5.40 | .090

X 1. BAFZ—RETVIIBITE) 7 E—L

N—NVRKE L FEA

A — RET LTI, FHEOREMU LD BSS 28550 7 FENG, RITIZAZ)
EEZLNDLDEN—IVE L TERT D, L= VEHTEE OV — L v My T
REND. ZIT, —20N—ty ML, ZOFRDONL—VRERT —F =22 KkDH
Bl TZXDHRYJIAS AN—FT B L HITBIREINS.

=Lty MRIRO T LT U X A% Algorithm 1 (2R"7. 22 C, &MICEZBND
links 2 K Z WV BSSEZFFSOU 7 DU A RNTHD. select-voted-links TIEaIIZH 272
foetli & b s link #3R$ 2. 2 2 TIEA 6128 max-votes Ea R, ZhxH LR
KT DV R TBSSTEARENSDONOIEICHET S, 1 B THLEELHZY 70
FFe, W= NVEERIRO G L35, ZORER, ]V o7 OBEDVEIZRD Z L LD,
DIBROFENEF(L SN D, BRBREIZY > TUE, FFHNLR—DOEFMEHT D
Ur I ~OFERELL, Phko720) 71300 08N8IREND Z L& HNTW 5.

BETEIENT- U 7B (voted-links) 75 1 BED/L—/L % select-rules TERT 5.
Z 2T 1D select-rules DELITH, 1{HDONL—LEy NEEKRTH. ZOE, eBSS A
DEWIEIZV— v & UTCRIRT 5. 2 OfEIX BSSEIZ, RIEMMD/L— /L OFHTHIH &
NTW2WEFIOEISEZR LD THD. ZHUTLD, DOV — ) TRFEH %7
TLE RN —NVFHOREADGEOND.

FBIFEHOL— LTy NERRDZLICLY, BEEHEBN O DDOREN T —H
DM ZMD ZENTED. £, 2HFBUEOL—LE Y ML, BlRRo72HEND
DR — VB E LN TEY, TN LAENRFPIGFONDLIEE B,
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L, W=V EEMICREL X5 &F
X, LT XS e ERBFET D,

() AESRHFEOHANE TEE STV —
JUDSHER.

(b) Bipotz—ty MIET HL—
JUVRI T SRR B O E 72 D A3

(c) ZEDI— IV W O R O BEEME AR
HrEEidEnd.

(3) Datascape % 3K ¥ T

N—N D&

AKEi T, ERoMERZMEEL
datascape DBl Z 52 5 HAYT, Algorithm
2 VIR THIBIC KO V= VA SRINT 5.
Z 2T, Ha— i siEibtk, BRI
W (ridges), BEH L — LVRENEH (relatives) %
L, #Fr—namiEl L TRERT 5.
o TR DL —t v AT L
. TH|Y EF7Z 3OERIZHONT
LIFRiA3 %.

J— v DAk

J—v D TG & BITRSRAM Z AT D Hf
NEEOEEREEECE D EoICL, Zhb
SN DI 22 2 72 N D BSS A3HKAE %
5 X 912 greedy (2l 9 %. T
WAL B%20%, (1) ERMICHEN 5%,
(2) ARSI BN D A HEE, (3) ArsLlish
DOUABERE, OFT_TITblZ>TITH.
DOFER, Bl lZhiREUERFINEn 2546
R0, A BEAF O RMHRSEEDHIFR S D5
ENRHD. 7B, trivial ZREHESIENBE N2

- >
— —

- >
— —

-
—

create-rule-sets (links)
voted-links select-voted-links (links)
loop changing rset from 1 until max-rset
rules (rset) select-rules (voted-links)
voted-links -= rules(rset)
print (rules (rset) rset)

select-voted-links (links)
links sort-by-BSS (links)
loop for link in links
employed nil
loop for case in supporting-cases (link)
if #votes (case)<max-votes and
added-item(link) ¢votes (case)
push added-item(link) to votes(case)
employed t
if employed=t
push link to voted-links
if #votes (case)<max-votes in all cases
return voted-links

select-rules (voted-links)
rules nil
loop for link in voted-links
copy BSS & cases to eBSS & eCases of link
loop until null (voted-1links)
voted-links sort-by-eBSS (voted-links)
rule pop (voted-1links)
if #rule(cases)=0
return rules
loop for link in voted-1links
ecases (link) -= ecases(rule)
eBSS(link) := (ecases(link)/cases(link))
*BSS (1ink)
push rule to rules

Algorithm 1

create-structured-rules (links)
ls := sort-byBSS(select-voted-links (links))
rules nil
final-rules nil
loop until null(ls)
rule := pop(ls)
rule := optimize (rule)
unless member (rule rules)
rule.ridges add-ridges (rule)
rule.relatives
= add-relatives (rule rules)
push rule to rules
rules sort-byBSS (rules)
loop for rule in rules
push rule to final-rules

remove rule.relatives from rules
return final-rules

Algorithm 2

WE DT D7D, 5%LLE BSS EH 2B R &2 O RSN T o b B L.

FRVNL— VICHTfR RIS TT&E 2
NRBUTPGR L, MR E L TOr— 5w

JL—IV DR

VL —ILE, Z OEEIC XY [R—D—
THZ LM TE A,

WD R Y X723, 258 —7 LZDAMORRHICE > TR TWD L, 2fE
DOHIE % B Lod . B O fai b Sz b— X, A OZEEAERR D70 D B —

JNEEZERT. TUTIIRRG &M TH A
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fE LY, BSSEOPB/FLE NN/ S WK D Bt &) EEFRLES.

7o & 21X, WV VORIEREMEITH T R 2 N L2 R, 2O m3 Tlor—LRE
HZAFAET D880 & FRICHBI 2 R 70 WGE X, I A—F 2 FH BB OBAITIE T T,
BSSEHIAT 5. LinL, FHEIL40%EDT 203, K0y —T ey —r2iE8<
72012, BSSTEOBIIZ10%ICEEDHERHD. 20 K 5 epitedtfix, Ed1—
NE I DESHMIETIND. KD, L—LORHEEFOEREZ ST A2 L2k b
HHEDIEIMT 255 TH, BSSHOBOBRENVIWGERH 5.

Z 2T, ZEERIEES —ERELLE (default: 30%) HEWL L 7-55E, & D WILETTES:
PEERDSHIBR S L7235 C, D BSSTEOBD 370 X9 72 5:F i %, BARRG ED T
bHEBEZXD. ZDX D REMERBE BSSTEOWBD BV 72 OIRIZN DR T 5 2 &
IZ&kY, V=V OBEBICETHZ LT .

BEE L — LB

T4 R HiT O X FFREBIRENZIEE AR D 2O —UiE, B E L TUIRE—DFES
DEST-MAZFRTHEOTHD. ZNHIXBSSTEORE WEMEL—L L, ZHISHT D
B L— L L LTERRTHIEN, FAFEICE > TERTHS. 2HEOL—LRE-T
SHEpSTEHAER TRIN TV TYH, IO OMOMBENEFICEWEARIE, b
ZRE L — L & LCRIFFICHEIE CE D Z LI D,

FITIE, FEHRMEHRTOFFEFIREIREIC R 220, @HABITERLIGELZ LD
BZTORWTHAI 00?2301, FRUEABZOFFIRHOELRVREIT NS LY,
ZIHDOERY PNEEBIC THEDEABMRICH OGHITE D THAH I N2

FHELIL, TNOOBRETRTHEET L= THDHLEEZ, BSSHNKE WS
BIEMEL— L L L, 5 2 BE L — L & L CERT S, B L — LRI OB E LT,
2D N—/V A, B OESMEA%OFFFEFIT, @)XNOMEBFIHE ORRET 5 B
(default: 0.7) % BB & X2, BHEAL—ILENEDITTZ. 72, BEEL—/LVH DA
Frld 50 H et o EFIRET, (5)7UD Tanimoto FREA KR EWIEE L7-.

max[sup(A N B) sup(Ar 3))

sup(4)  sup(B) “4)

sup(4 N B)/(sup(4)+ sup(B)—sup(4 n B)) )

HBRBEIUVEER

~A =2 7 OFREIC L HELY I 5315 Meningoencephalitis 72 (bacteria 4
virus PEOHRI) 12, BIEI TR — A RELZEH T SH[8]. ZORBET/NNT A —H

(thres=.05, min-support=.01, thr-BSS-print=.02) # 5§ L CatH 35 &, 48,675 HisidD 7
T A APERIS I, ZOHND 250 fHO Y 7 (BSS>2.8) MA— /Ui & 7. [HEK
DHFETIZ 25 DL —/L B3 H J1 &35 (max-votes=3, max-rule-sets=3) . ZiL5H 3T
P RICRRETT 2 DIIREETH Y, Flo, XNTA—KEEEETLHE, L—AELED
HEWOIARZEISHREL 2D,
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BN LTz — v %, K2 IR LTINS > TR 5. B 117132 o —
VO FEZME AR OFEFIEE BSSEZ /R L, 52108 ERM L aiesMt 2R d. 31T
H2S BHZE$ToH 5 Diag2 @ BSSl & 3 DEA b ZE RS Z DHE[Cell_Poly: 41D 54+
(2 & 0 Bacteria PEDFEIZ N 29%025 100%IZ EF- L TWAHZ ERNHD. RO 21715,
BN CESRMEAIC LD AP KE S EDDELIONT, FEOF#RE LT
Z ZTlE, CSF CELL DfEREWI~SKELSE(LLTWD Z &5,

Ridge information (ZBIRATDIEM TH Y, SFEOFHERME Z ML 7=5HE D BSS
EIARENTWD. 728 201E, AGER0-3 DA T IV —IZHD &) RS2
L7e8t, S5m0 A% O FHIEILENEI 79%, 70%I2H 32 Dok L, BSS B
£ 12.0 THDHD5 T8%IZ LD L2 &3 5.

Relatives information |XBE# /L — LEEER CTH Y, T 2 TIEZDHRMD L D DI % IR
. MO 2ATII SR EFIRE OB LINE 2 FERYIZ R Tanimoto £R%EL, 38 K OVEFHIHER]
DOERVE (R&S), BHE/L— /LD H%E IFFT HHEFE (R-S), KAHIZHEEL— L DB %
XFFT 5 EHIER (S-R) %, FERMEA O CRT. RITEE 0L —LREID < .

ZOBITIE, E4EE AT CRE L — L 111 T 95 | (86%) A, E7-iEM
Bl 16 FHHIT D 14 F5) (88%) NEAEL— /L L B> TS, ZOREEND, L —
b F ol L B B GMER RO Z OBE L — VL, L — L TR S D F T o
MR ST, BRHEENLHPATILOTHL EWVWR D, SVELNIE, o
=i, HEUEL— L CESMAE % O 30 FHIF OV T 7 T AKX —14 FHOFE R
L7zbDER>TND.

TT A4 AERDIRT A —H (thres, min-support) =AW LT, Z OREEMENT L7215
B, EREINDNA—NVENED L DD g, £1IRT. 22T, fHIIANIEREHE
N—NVBOEFHERT. Ik, Mo/ F A—F X thr-BSS-print=.01, max-votes=3 % £¢H

Rule 1: Cases: 119 -> 30; BSS= 15.3

IF [Cell Poly: 4] added on [CSF _CELL: 1 - 4]

THEN Diag2: BSS:15.3 0.29 0.71 ==> 1.00 0.00

THEN CSF_CELL: BSS:4.96 0.00 0.18 0.18 0.27 0.37 ==> 0.00 0.00 0.00 0.13 0.87

THEN Cell Poly: BSS:10.5 0.19 0.15 0.22 0.18 0.25 ==> 0.00 0.00 0.00 0.00 1.00
Ridge information

NEWPRECOND : [CSF_PRO: 0 - 3] BSS: 12.3 up-cover: 0.857 low-cover: 0.700
NEWPRECOND : [AGE: 0 - 3] BSS: 12.0 up-cover: 0.790 low-cover: 0.700
NEWPRECOND : [ESR: 0 - 1] BSS: 11.8 up-cover: 0.832 low-cover: 0.667
NEWPRECOND : [Cell Mono: 2 - 4] BSS: 11.7 up-cover: 0.697 low-cover: 0.800
NEWPRECOND : [FOCAL: 0] BSS: 11.5 up-cover: 0.773 low-cover: 0.700
**Relatives information for Rule 1

[Upper] Tanimoto: 0.70 R&S: 95 R-S: 16 S-R: 24

[Lower] Tanimoto: 0.44 R&S: 14 R-S: 2 S-R: 16
Rule 1-1: Cases: 111 -> 16; BSS= 7.716

IF [CRP: 3] added o [FEVER: 0 - 3] [SEIZURE: 0]

THEN Diag2: BSS:7.50 0.32 0.68 ==> 1.00 0.00

THEN STIFF: BSS:1.47 0.23 0.05 0.36 0.16 0.19 ==> 0.19 0.00 0.19 0.06 0.56

THEN WBC: BSS:2.82 0.09 0.38 0.22 0.14 0.18 ==> 0.00 0.00 0.19 0.19 0.62

THEN CRP: BSS:8.62 0.54 0.20 0.12 0.14 ==> 0.00 0.00 0.00 1.00

THEN CSF_CELL: BSS:1.09 0.14 0.12 0.14 0.23 0.37 ==> 0.12 0.00 0.00 0.19 0.69

THEN Cell Poly: BSS:3.89 0.25 0.15 0.18 0.16 0.25 ==> 0.12 0.00 0.00 0.00 0.87
Ridge information
PRECOND: [FEVER: 0 - 4] BSS: 6.11 up-cover: 1.189 low-cover: 1.437
NEWPRECOND : [HEADACHE: 0 - 2] BSS: 5.87 up-cover: 0.703 low-cover: 0.687
NEWPRECOND : [AGE: 0 - 3] BSS: 5.75 up-cover: 0.820 low-cover: 0.625

X 2. /L—/LH
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L, BSSTER 42 L EDONV—NDHEHTI L TWD. EREFHDINNST A — X ENR %
SON—=NEEZTHLH, BiLIRIMESNTZbDOZRTIE, §NTH—D1—/L£E
[CHIRLTEY, ZOFENLERWMREGAD T ENHS.

£1. 774 AERAT A= DR
min-sup thres
0.03 0.05 0.07 0.10
0.01 | 9(12) | 8(11) 6 (7) 4 (6)
0.02 | 9(12) | 8(11) 6(7) 4 (6)

WIZ@ATHRET HBE L — L OHE (ridge-ratio & FES) A AH L72LEAIC, £
DEIBRNV—NVHEOEENEZ DN EHFHLH. NTFA—=XFfEL L T thres=0.05,
min-sup=0.01 THOHND T T 4 A& HNZED &, %< D/L—/VE THWII S FFFGIRED
B BEWIEL RBREICEZ > T 7e®, Bl — L ~OfibORED, 20
LI EDL-TL 5.

K12, max-votes, thr-BSS-print Dij/XT7 A —X Z AL ST IGH DNV — NV EHR 3 &
AVRT. D7 L b ZOBIBEICB VT, votes T E o7 AR RICHE L 5 %
72y, UL, thr-BSS-print DEIZH AL —VEIC KR E B 52 B2 5. %E DI,
TT A ADBERY 7 BRINT DD BSSHEOEELZEDDH LD THDH. mHER %
T CEEOBEMY v 7 28T &, fRE L THERIZHON—ANERINLD Z
&N

# 2. BIEMBEOLETIZ LD
ridge-ratio
0.9 0.8 0.7 0.5
15 (4) 13 (6) 8 (11) 3 (16)

7 3. Votes B2 D% Fz4. Y 7 BIR AR L DR
thr-BSS- max-votes thr-BSS-print
print | 1 3 5 10 Max-votes 351 [ 0.02 | 0.03
0.02 | 8(11) | 8(11) | 8(11) | 8(11) 3 15(108) | 8(11) | 2(3)

B

VB OEL S NIV —VEEEZSD &) BIZERT 2 Z &N T, UL, Al
i D% IZFEHE L 7= thr-BSS-print OfE % 2 (b S 72356 OV — VEZAL OFERIX, #ilz
R2MEOMBEREZBZNIDRERLETWS. F1oRESIL, £-LTHETE5/0—1
ORETH Y, ZEOBEL— LD AMEDOIR N L — L E2 RET 5 & DI EEN
VL 72D, ZOBEOHRIIISRFRIRECSMT O X0 B 2 bl s S gk 5 Z &
DTEXLHE e, HEEAEOA Y ba P—IKFT DD GFETHTHA . FFIZ,
RESE L — L D S EFRGIRED & L — L L B Dy HIBR L7258, 780 o6 M5
MBEN) Z R 2L, ZOEL— VERITERRR LD EBZZXHZENTED. 2
DEZTFITHST, A% S IV —AEOYIHE RS TETHD.

H2DEIE, RTORFEMETLNT T 4 AERERTERVRE TH-Th, TERA
REZR T T 4 AND Y 7 LR LT, WA — L E RNET 2 LN ATRE/R AT
H5. BSS MR E LTRSS, WA —RETATHREBEINEY V7 & %
JRE L THAMZRIIBRVIEIZLY, ZHOBRE~BETEZ LI 2R LTWAH. EMME
MHEZT, EEREEZ T HATREENH 5.
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2. ZERUESLUET VHEICEET HILEWIHEORHE

BRERE

T A — RET A L DTS, EEIALE Y OEBIEM 258 5 72012 EORE
BNONERET D ENVETHD. ZOTDIZLLTFTO 2MOT—X xtg b LTHE
BRI RRAT 2 2 T L 72,

a)%ﬁﬁ:humA%®%£Eﬁ?~&

Q) R ARINTHKT DRI MO ET — ¥

OB, AL L TOFEL, MEXD T T 7IbERSNOEZHDT T 7 A
v NERFIET 20BN TEBLT D LIEIZ, LogP . UK « A7 &% 7 — 1V orEeE) <
HOMO 72 & DRFERI 2B L FHOMEE 2§ B AdLiz.

HBRRUEER
RV HR T 2R RN,  [HER= 2 {EEW T ortho (LEHIE DA M H
RN T LD LD KO BARE &F%ﬁ%%ﬂk.ik,%ﬁy@mwﬁ%%%
Molx, TAEER G OTENE L KE-EZBRROAERL LU0+ O L OO
RVIAB ) 72 &, BE LS OAMBRMRAE/GL Z LN TE . Th b OBITHIERIL, L5
WG DOFEMIC DT D& B 7o, KA ORRBI i E LT R 2 BoOmL e
(1) T. Okada: Discovery of structure activity relationships using the cascade model: the

mutagenicity of aromatic nitro compounds, J. Computer Aided Chemistry, Vol.2, 79-86
(2001).

(2) T. Okada: Characteristic substructures and properties in the chemical carcinogenicity
studied by the cascade model, Proceedings of the international workshop on predictive
toxicology challenge 2001, Freiburg (2001).

284


okada
長方形

okada
長方形


AT AMEOENT & TR, EEEY — 2 > 3 v 7 Predictive Toxicology Challenge 2001 (Z
ZMLTHEELELDTHL. ZOV—2 v ay 7T, EEFICIVSNEDOET LV
R Tz, LLFIZY —27 v a v T OME L bbbl O R~OFHli 2 #3095 .

TU—7vay TIEREIRT 3 B

R AT,
(1) Data engineering: NTP (Z L U §{i~ 5 '
NI B A1 TR 238 T —
B TEENE L CABL, Zhbic el = |
T BRI AN BEE L. ZD
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The cascade model is a rule induction methodology that uses the level-wise expansion of a lattice. An
attribute-value pair 1s expressed as an item, and every node in the lattice is specified by an itemset and its
supporting instances. If the distribution of the class attribute values suddenly changes along a link in the
lattice, the link is represented as arule “IF item-along-link added on itemset-on-upper-node, THEN class-i”.
The strength of the rule is measured by the BSS value of the link. In the SAR (structure activity
relationship) study, we generate many linear substructure patterns like “NH-C-C-C-OH” from the data set
of molecular structures. Matching between a pattern and a molecule leads to an item [pattern: y or n]
depending on whether the pattern exists in the molecule. Application of the cascade model to this item data
set gives us SAR rules. The resulting rules are examined by referring to the supporting molecular structures.
Several rules have led to valuable working hypotheses, including the importance of steric hindrance to the

coplanarity of NO, to the activity level.

Key Words: data mining, cascade model, fingerprint, SAR, mutagenicity, aromatic nitro compounds

1. Introduction

The SAR (structure activity relationship) between
chemical structures and biological activity has always
been an important research field in chemistry and biology.
Recent innovations in high throughput screening

* okada@kwansei.ac.jp

technology have resulted in a vast amount of SAR data,
and new data mining technology is expected to facilitate
the drug development process. The principal aim of this
paper was to discover SAR rules from the mutagenicity
data of some chemical compounds, but we also expect
that the mining process used here will be widely
applicable to the qualitative SAR recognition problem.
The KDD Challenge 2000 Workshop was held to
bring together researchers and practitioners interested in
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discovering knowledge from real-world databases.! One
of the target datasets was the mutagenesis activity of 230
aromatic and heteroaromatic nitro compounds compiled
by Debnath et al.? Their structures and various descriptors
were provided by the author (also included in the
supplementary materials of this paper).

We analyzed the data set to obtain rules that help in
understanding the mutagenicity of chemical compounds
at the workshop.® The descriptors used were limited to
those directly derived from structural formulae. In this
paper, we add some physicochemical properties to the
descriptor set, and inspect the resulting rules referring
structures of the supporting compounds.

The basic mining scheme consists of the following
three steps. First, we generate thousands of items from a
set of molecular graphs, where each item denotes whether
a specific linear substructure pattern is contained in a
molecule. Then, we describe each molecule as a set of
items like [pattern-1: y, pattern-2: n, ...]. Some items
representing activity and physicochemical properties are
also added. The second step is to apply the cascade model
to mine SAR rules. The method can detect specific
combinations of substructure patterns leading to high or
low mutagenicity. The last step is to polish the rule
expression by consulting the compound database so that
biologists and chemists can evaluate the results.

Section 2 briefly introduces the cascade model used
for the mining process;, Section 3 explains the item
generation scheme used. The computation procedure and
the results obtained for the challenge problem are shown
in Section 4, along with the scheme of rule interpretation.
Section 5 compares the current results with previous
works, and discusses possible improvements in the
mining process.

2. The Cascade Model

The model examines an itemset lattice in which an
[attribute: value] pair is used as an item to form itemsets.
Links in the lattice are selected and expressed as rules.*
Figure 1 shows a typical example of a link and its
expressed rule. Here, the problem contains five attributes:
A - E, each of which takes (y, n) values. The itemset at the
upper end of the link has item [A: y], and another item [B:
v] is added along the link. Items of the other attributes are
called veiled items. The tables attached to the nodes show
the frequencies of veiled items.

To evaluate the strength of a rule, the within-group
sum of squares (WSS) and between-group sum of squares
(BSS) are defined by the following formulae,>®

WSS, —g(l—zﬂ:pi(a)Q] , o)

BSS, =3 (p!@)-p @) . @

where { designates an attribute, the superscripts U and L
indicate the upper and lower nodes, respectively, 7 is the
number of cases supporting a node; and pi(a) is the
probability of obtaining the value a for attribute i.

Figure 1 shows the WSS; and BSS; values along with
their sample variances. A large BSS; value is evidence of a
strong interaction between the added item and attribute 7.
The textbox on the right in Fig. 1 shows the derived rule.
The added item [B: y] appears as the main condition on
the LHS, while the items in the upper node are placed at

y n WSS o
B | 60( 9.6)| 40(144) | 240 | 24
| Ay C | 50(125 | 50(125)| 250 | 25
D | 60( 96)| 40(144)| 240 | 24
E | 40(144)| 60( 9.6)| 240 | 24
BSS IF [B: y] added on [A: y]
B | 9.60 THEN [D:y; E: n]
C | 0.00 Cases: 100 = 60
D | 667 [D: y] 60% = 93%, BSS = 6.67
E | 540 [E: n] 60% => 90%, BSS = 5.40
y n WSS o°
B | 60(0.00)| 0(0.00)| 000 | .000
L 30 (7.50) 30(7.50) | 15.00 [ .250
D | 56(025)| 4(348)| 373 | 062
E 6(486) | 54(0.54) | 540 | 090

Fig. 1 A sample link, its rule expression and properties of the veiled items.
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the end of the LHS as preconditions. When a veiled
attribute has a large BSS; value, one of its items is placed
on the RHS of a rule.

We can control the appearance of attributes on the
LHS by restricting the attributes in the itemset node. On
the other hand, the attributes on the RHS can be selected
by setting the minimum BSS; value of a rule (min-BSS;)
for each attribute. Items on the RHS of a rule do not need
to reside in the lattice. This is in sharp contrast to
association rule miners, which require the itemset, [A: v;
B: y; D: y; E: n] to derive the rule in Fig. 1. These
characteristics of the cascade model make it possible to
detect rules efficiently.’

However, the most important problem when we use a
mining method based on lattice expansion is the
combinatorial explosion in the number of nodes,. The
pruning method based on the constraint of BSS values can
overcome this problem to a certain extent.® This is
especially important in a problem with thousands of
attributes. The cascade model was implemented as
DISCAS software using lisp, and is used in this work.

3. Item Generation from Graphs

Our objective is to provide an itemset expression of a
molecular structure. The items generated are handed to
DISCAS, which gives us SAR rules. The items do not
need to restore the original structural formula. However, a
chemist needs to understand the meanings of the items,
and must be able to use the resulting rules to guide the
process of molecular design. Since some specific
substructure is often necessary for a biological activity to
appear, it is natural for an item to have a meaning,
whether or not a substructure pattern exists in a molecule.
That is, we must provide understandable fingerprints.

The number of all possible substructure patterns in a
set of molecular graphs is usually too large to be used in
the analysis. We introduced the method of relative
indexing of vertices to limit the number of patterns.

3.1. Relative indexing of vertices

This method was originallgy proposed to generate
items from syntactic parse trees,” but has been extended to
provide linear connected subgraph patterns from
chemical structural formula. Figure 2 shows an example
of a structural formula and a set of substructure patterns
derived from it. Hydrogen atoms are regarded as
attachments to heavy atoms. Here, every pattern consists
of two terminal atom parts and a connecting part along the
shortest path. For example, the pattern at the bottom of the
left column uses atoms <1> and <6> as terminals, and the
connecting part is described by “=C-C-C-”, which shows
the sequence of bond types and element symbols along
the path, <1>=<2>-<3>-<5>-<6>. An aromatic bond is
denoted as “r”. The description of a terminal atom
includes the coordination number (number of adjacent
atoms), as well as whether there are attached hydrogen
atoms.

In this example, we require that at least one of the
terminal atoms is a heteroatom or an unsaturated carbon
atom. Therefore, no pattern appears between tetrahedral
carbon atoms <3> and <5> in Fig. 2. Patterns consisting
of a single heavy atom like C3H and O2H have also been
added to the items. The itemset based on these patterns
can be regarded as constituting of a kind of fingerprint of
the molecule, and is similar to the descriptor set Klopman
used in the CASE system.”

3.2. Substructure pattern generation using
various schemes

The substructure patterns in Fig. 2 are just examples.
The coordination number and/or hydrogen attachment in
the terminal atom part may be omitted. The connecting
part is also subject to change. For example, we can cut
element symbols or bond types, and use just the number
of intervening bonds as the connecting part. Conversely,
we can add coordination numbers and/or the hydrogen
attachment to the atom descriptions in the connecting part.
There is no a priori criterion to judge the quality of
various substructure pattern expressions. Only after the
discovery process can we judge which type of pattern
expression is useful.

= C3H=C3H
e ¥ C3H=C-C4H
C|H<3> < C3H=C-C-02H
<asto”” \S/ C3H=C-C-C4H
e C3H=C-C-C-N3H

C3H-C4H C4H-N3H
C3H-C-O2H C4H-C-N3H
C3H-C-C4H N3H-C-C-02H
C3H-C-C-N3H C4H-02H
C4H-C-O2H

Fig. 2 A structural formula and the derived linear substructure patterns.
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Table 1 Effects of Item Generation Schemes

Connecting part

Element names &
bond types

Terminal atom part

Number of bonds and

Bond-gpesonly terminal bond types

Coordination no. &

2044 — 77, 107 7
hydrogen attachment &

1710 > 85, 13.0  (8) 822572, 141  (10)

Coordination no. 1678 > 46; 9.8 @)

1198 > 59, 142 (9)  531—47, 114 (4

Element name only 1587 —51: 85 )

1062 — 57, 14.2 (10) 412 — 51; 11.6 )

Each cell depicts the number_of generated_items — number_of _items_used, sum_of squares_explained

(number_of _rules_in_the_first_rule_ser).

As a preliminary survey to check the usefulness of
various expressions, we used 3 schemes for the terminal
atom part, and combined them with 3 schemes for the
connecting part. The names of the columns and rows in
Table 1 show this scheme used for item generation.

We applied this item generation scheme to the
mutagenicity data set described below. The number of
generated patterns ranged from several hundred to more
than two thousand. Most of the patterns appear in a few
cases or in almost all cases. Such patterns with an
unbalanced distribution are automatically omitted in the
actual computation process of DISCAS, because the
pruning condition always prevents such items from
entering the itemset of a lattice node.

Each cell in Table 1 depicts the result of computation
from a combination of the row and column schemes. The
first number to the left of “—” shows the number of
substructure patterns generated. The second number to
the right of “—” shows the number of patterns actually
used in the cascade model calculations. Preliminary
cascade model calculations result in a set of rules that
does not use items derived from LogP or LUMO. The
number of rules in the first rule set and the sum of squares
value explained by these rules are shown to the right of
each cell. Here, we set the pruning parameters to minsup =
0.1 and thres = 0.1.

We can see that the number of patterns generated
increases as the pattern description goes into detail.
However, there is no general tendency in the number of
patterns used or in the explained sum of squares values.
When we inspect the resulting rules generated by the
cascade model, rules using a simpler item description are
very hard to interpret, as the item expressions are very
different from those in the language of chemistry. On the
other hand, we can easily associate a rule with the
structures of the supporting compounds, if the item is
expressed in detail. Therefore, we use the item generation
scheme shown in the upper left corner of Table 1 in the
rest of this paper. This leads to linear substructure patterns,
like those in Fig. 2.
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4. Results and Discussion

4.1. Details of computation

Debnath et al. compiled mutagenicity data on 230
aromatic and heteroaromatic nitro compounds.” The SDF
dataset in the supplementary materials 1s used for the
SAR study (see attached files). Each record contains a
chemical graph with activity, LogP, and LUMO values
attached.

The cascade model cannot treat continuous variables
directly. Therefore, we categorized numerical attributes
by visually inspecting histograms using splitting values:
activity (-90, 0, 3); LogP (2, 4, 6); and LUMO (-2.5, -1.5).
The four categories of activity are inactive, low, medium,
and high, and their respective percentages are 15.2, 44.3,
30.9, and 9.6%. The BSS value of the categorized activity
was calculated assuming that each category is nominal.

The item generation process provided 2,044
substructure patterns, as depicted in Table 1, and the
items corresponding to these patterns constitute a feature
vector for every molecule. The item dataset was analyzed
using DISCAS software, with the pruning conditions set
to minsup = 0.05 and fhres = 0.1. Seventy-seven
substructure patterns remained to be used for this pruning
condition. DISCAS generated a lattice containing 1, 98,
2,240, 6,324 nodes at lattice levels with 0-3 items,
respectively. It took 147 seconds to create all 8,663 nodes
using a PC equipped with a 266-MHz Pentium I1.

A link was selected as a candidate rule if its BSS
exceeded 2.3 (1% of the number of instances). There were
229 candidate links, and they were expressed using three
rule sets to facilitate inspection by the user. The rules in a
rule set were selected so that their supporting instances
did not overlap and the rules were maximally independent
of each other. The first rule set contained 11 rules, and
these are expected to be the most interesting; the second
and third rule sets contained 14 and 13 rules, respectively.

Two rules can be regarded as different sides of the
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same reality if they share the same supporting instances.
Although there appeared to be many rules in the second
and third rule sets, their supporting instances were the
same as for some of the rules in the first rule set.
Therefore, the results shown in the following subsections
are drawn from the rules in the first rule set.

The BSS value of the strongest rule is larger than that
in the previous work,® and we can judge that the current
results can give us deeper insight for SAR recognition.

4.2. Interpretation of rules

Rules derived from itemset representation are not
directly understandable. For example, the third rule in the
first rule set is

IF [C3HrCrC-CrCrCrC-N3: y]
added on [C3rCrCrCrC3: n]
THEN Activity = low
40.8% — 14.0%; BSS: 3.25; Cases: 157 — 43
0.100.41 0.41 0.08 — 0.000.14 0.58 0.28

The precondition states that there are never 4
consecutive aromatic bonds as in I, while the main
condition reveals the importance of substructure IL The
RHS indicates that there is a large decrease in the
percentage of compounds with [Activity=low]. The
fourth line of this rule shows that only 43 of the 157
compounds selected by the precondition satisfy the main
condition. The percentage of [Activity=low]| decreases
from 40.8 to 14.0%, and the BSS value of this rule is 3.25.
The bottom line shows the detailed distribution of the
activity levels (inactive, low, medium, high) for the

compounds before and after applying the main condition.
In this rule, we can see that the main condition has shifted
the distribution to higher activity levels.

DISCAS can write optional RHSs on request. A
sample of an optional RHS for the above rule is shown
below. An attribute-value pair and its change in
percentage are depicted if it has high correlation with the
main condition.

THEN C3rCrCrC-N-O1 =y
68.2% — 100.0%; BSS: 4.36
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This substructure pattern is shown as I As its
percentage becomes 100% after applying the main
condition, the conjunction of patterns II and IIT should be
regarded as the real main condition. Retrieval of the data
set showed that these patterns can be unified to give a
larger pattern, IV. Consideration of other optional RHSs
led us to conclude that V should be the substructure
pattern for the main condition of this rule.

The retrieval of substructure V showed that all 43
compounds supporting this rule share substructure VI,
while none of the excluded 114 compounds contain it.
Therefore, this rule can be stated as “After we exclude
fused polynuclear aromatic compounds, IF a 4-nitro-
biphenyl (VI) substructure exists in a compound, THEN it
is expected to be more mutagenic than otherwise.”

Another interesting interpretation scheme was
necessary for the main condition of the following rule.

IF [C3HrCrCrC-N3: n]
added on [C3rCrCrC-N-O1: n]
THEN Activity = medium
39.3% — 88.2%; BSS: 3.13; Cases: 56 — 17
0.18 0.43 0.390.00 — 0.00 0.12 0.88 0.00

Nitrogen atoms in the pre- and main conditions mean an
NO, group. Then, this rule tells us that there is neither a
CH group nor a substituted carbon atom at the para
position from the NO, group in an aromatic ring. Actually,
NO, substitution occurs at the nonaromatic 5-membered
rings in all 17 compounds supporting this rule. Therefore,
reference to the database is essential to interpret a rule.
We used Spotfire structure visualization software to
access structural formulae indicated by a rule.

4.3. Structure activity relationships

Table 2 shows the main conditions, as well as the
preconditions of the 11 rules in the first rule set. The
number of compounds and activity distributions are
shown before and after applying the main condition. They
are ordered by the effective BSS values, defined by BSS'«
#new_cases | #supporting_cases. Here, a new_case means
a compound that has not appeared in the supporting cases
of the previous rules.

The main condition of the first rule, a high LUMO
level, applies to the compounds with substructure VII
resulting in decreased activity. The same main condition

appears in rule 6 without any precondition. That is, the
effect of a high LUMO in decreasing the activity is
stronger with this precondition.

Figure 3 shows the distribution of the activity
concerned with the first rule. Here, the upper and lower
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Table 2 Rules Obtained from Aromatic and Heteroaromatic Nitro Compounds

No|  Main condition Preconditions Characteristics Perc'entage?s oL Graeiive, IOW; BSS]
medium, high) / #compounds*

| [[LUMO: high >-1.5)]| [C3rC-N-O1:y] See text (LI20.17) _ (20.63.17.0005 g4
) ) Nonaromatic 5 membered rings |(.18 .43 .39.00) (.00 .12 .88 .00)

2 | [C3HrCrCrC-N3: n] |[C3rCrCrC-N-O1l: n] with NO, group 56 = 7 3.13

3 [C.)HrCrCl-CrCrCrC-N [C3rCrCrCrC3: n] p-mtroblpheny_l W}lhout fused |(.10 .41 .41.08) = (00.14 .58 28), ¢

3:y] aromatic rings 157 43

41 [C3rCrCrCrC-N3: y] none Fused aromatic rings with NO, L1 '3213'814 15) = Lo '096548 340 69
. Substituted nitrobenzenes and [(.10 .31 .44 .15) (.12 .61 .27 .00)

3| FogP:lont=2.0)] none heteroaromatic nitro compounds 230 = 51 s

6 |[LUMO: high (>-1.5)] none Rule 1 without its precondition a '3213'34 13} = L2 '519§3l 03) 3.64
A PN R [C3HrCrCrC-N3: vy, . N (.12 .22 .42 .25) (.14 .71 .14 .00)

7 | [C3rCrCrCrC-N3: n] C3rCrCrCrCrC3H: v] No characteristic substructure 69 = 7 2.70

8 {[C3HrCrCrCrC-N3: y]|  [C3-CrC3MH: y] 7 (00 .2%;5 25) _ (00 .0(1429 T 3

X
9 [LUMOE eI [C3rCrCrC-N-O1: n] | No characteristic substructure (18 '43_ -39.00) => (05.16.79 ‘00)2.34
(-2.5:-1.9)] 56 19

) e } [p-nitrobiphenyl & p-nitrophenyl|(.10 .41 .41.08)  (.00.19 .55 .26)

10[ [C3-CrCrCrC-N3:y] | [C3rCrCrCrC3: n] ketone without fused aromatios 157 > e, 2.54

ortho substituted nitrobenzene
11| [C3rCrCrC-N3: n] [C3rC-N-Ol:y] | with no substituents at the para L1 '3122';;0 A1) = s '593;9 '00)2.57
position

* The left and right sides of the arrow show percentages and #compounds before and after applying the main condition.

[

Histogram

! Q
¥

L =2 I
3768 --2508 -2508 - -1.499 -1.499 - -0.529
Binned LUMO

Fig. 3 Activity distributions changing LUMO (x-axis)
[Left] and sample compounds with a high LUMO level
and substructure VII [Right].
Upper chart: compounds with VII,
Lower chart: compounds without VII,

Il inactive, [l low, []: medium, [ll: high.

bar charts correspond to the compounds with and without
VIL respectively. A bar chart illustrates the distribution
of activity levels using LUMO categories as the x-axis.
We can see that the effect of a high LUMO level is
stronger in the upper chart.

Some of the compounds supporting this rule are
depicted to the right in Fig. 3. Red circles indicate
substituents at the ortho position from NO,. As they share
no characteristic electronic property, we can suggest
steric hindrance as the reason for the lower activity. That
is, if a substituent violates the coplanarity between an
aromatic ring and NO,, LUMO with a high energy level
might lose mutagenic activity. The compound in the
upper left corner of Fig. 3 does not have any steric
hindrance, and the above hypothesis seems not to apply.
However, another molecule may coordinate the nitrogen
atom in the pyridine ring and it may cause some steric
hindrance.

Table 2 shows the characteristics obtained using other
rules. Of these, rules 2, 3, 8, and 11 give us meaningful
substructures and narrow activity ranges. Rule 10 shares
most of its conditions with rule 3, and the difference in
their  supporting compounds shows the lower
mutagenicity of p-nitrophenylketones. These results
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should be regarded as material for further studies to give
fruitful ideas for toxicologists.

5. Concluding Remarks

Let us compare our results with those obtained by
regression and ILP (inductive logic programming)
methods. Debnath et al. performed a regression analysis
of this data set, and pointed out the importance of LogP
and LUMO.? They introduced two indicator variables
representing characteristic substructures in order to attain
reasonable adaptation of regression formula. One was
whether three or more fused rings exist, and the other
indicates the presence of aceanthrylene substructure. The
importance of these fused rings has been recognized in
rules 3, 4, 8, and 10 in Table 2. The importance of LogP
and LUMO was also detected by rules 1, 5, 6, and 9 in our
study. Regression analysis of a set of compounds selected
by rules may lead to more precise results using LogP and
LUMO.

King et al. used the ILP method to detect substructures
affecting the mutagenicity.'"" They included partial
charges of atoms calculated by a semi-empirical MO
method. Their results contained 6 substructures, four of
which used the partial charge to express the characteristic
substructures. The resulting substructures contained
naphthalene rings, biphenyls, and five-membered rings.
Our results include these substructures, and enabled more
detailed analysis. Consequently, the current method gives
more suitable results for interpretation by chemists and
biologists.

The structural diversity of the compounds in the data
set forced the division of the compound library in the
regression analysis, and this was inherited by the ILP
study. However, it is not always easy to divide
compounds into several libraries in a reasonable way. The
current method treats all compounds uniformly, which 1s
another benefit. Apriori-based graph mining is another
method used to analyze this entire data set. Its results also
suggested the importance of steric hindrance in nitro
benzenes to the mutagenicity.'?

The scheme employed in this paper was first proposed
in our previous paper.® Recently, a quite similar approach
was employed to analyze HIV data, using linear fragment
features and modified association rule mining scheme."
Further studies are necessary to judge the adequateness of
descriptors and mining schemes employed in these works.

Last, we must note that the pruning condition used in
our study is too tight to mine all meaningful rules. Since
the DISCAS system simulates a database in memory, the
number of nodes in the lattice is limited. As a result, we
could not obtain links with fewer supporting instances.
For example, the current computation could not perceive
17 compounds with an NH, group, although all of them
have low or medium activity levels. Further developments
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of the DISCAS system are necessary to scale up the
computation size.

Part of this research is supported by Grant-in-Aid for
Scientific Research on Priority Areas (B) 13131210 and
Grant-in-Aid for Scientific Research (B) 12480088.
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Abstract The cascade model is a rule induction methodology using the levelwise expansion of the
lattice. An attribute-value pair is expressed as an item, and every node in the lattice is specified by an
itemset and by its supporting instances. If the distribution of the class attribute values shows a large
change along a link in the lattice, the linkis represented as a rule "IF added-item-along-link added on
itemset-on-upper-node, THEN class-i". The strength of the rule is measured by the BSS value of the
link. In this study, we utilize linear substructure fragments and several physicochemical properties to
describe a rule. A fragment leads to one of the two items [frag-i: y] and [frag-i: n]| depending on
whether or not the fragment exists in a molecule. Application of the cascade model to these items
data set gives us rules about carcinogenicity. We could find several rules with large BSS values.
Substructures and properties that appear in these rules are expected to provide a starting point for
further chemical and biological study. Several rules with classification capability are used to predict
the carcinogenicity for the compounds in the test set.

1 Introduction

The importance of SAR (structure activity relationship) study between chemical structures and biological activity
is well established in the medicinal sciences. Moreover, the innovation in the high throughput screening technology
resulted in the vast amount of SAR data, and a new data mining technology is expected to facilitate the drug
development process. The principal aim of this paper is to acquire SAR rules from the Predictive Toxicology
Challenge dataset [1] that lead to valuable hypothesis generation for further chemical and biological studies. The
process employed here will be widely applicable to the qualitative SAR recognition problem.

We use the cascade model to extract valuable rules. The condition of a rule is represented by the combination of
items. An item denotes the existence or the absence of a molecular fragment, or it may be a category of a numerical
property.

Section 2 gives a brief introduction of the cascade model. The computation procedure for the challenge problem
and its results are shown in Section 3. However, accurate classifications are not the aim of this paper. Rules with
large BSS values do not always lead to accurate classifications, but they provide interesting viewpoints to analyze
the data and to proceed to further research. Some of these rules are referred in Section 3.4. The last section gives a
discussion on the preferable improvements in the mining process.

2 The Cascade Model

The model was originally proposed by the author [2]. It can be considered as an extension of the association rule
mining. The method creates an itemset lattice where an [attribute: value] pair is employed as an item to constitute
itemsets. Links in the lattice are selected and expressed as rules. That is, we watch the distribution of the RHS
attribute values along all links, and if there appears a sudden change of distribution along some link, then we bring
the two terminal nodes of the link into focus. Think that the itemset at the upper end of a link is [A: y], and an item
[B: n] is added along the link. If a sharp activity decrease is found along this link, we can write a rule with the
following expression,

IF [B: n] added on [A:y] THEN [Activity: low].
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where the added item [B: n] is the main condition of the rule, and the items on the upper end of the link ( [A
are considered as preconditions. We can put any number of items in the RHS of a rule, if its distribution sho
strong interaction with the main condition.

In order to evaluate the strength of a rule, the within -group sum of squares (#SS) and between-group su
squares (BSS) are defined by the following formulae [3, 4],

WSS, :g(l—;pi(a)z) , (1)

L
858 == (pHa)-pl @) . @
where i designates an attribute; the superscripts U and L indicate the upper and lower nodes, respectively; n sl
the number of supporting cases of a node; and pi(a) is the probability of obtaining the value a for attribute i.
BSS takes a large value when the cases at the lower node show exceptional distribution compared to that o
upper node. Then, we can set our focus to the main condition part.

The formulation of the model was extended to cover the mining of classification rules and characteristic :
in a unified framework [5]. When we employ a mining method using the lattice expansion, there always apy
the problem of combinatorial explosion in the number of nodes. A new pruning criterion opened a way to
with this difficulty [6]. The cascade model was implemented as DISCAS, and it has already been applied tc
analysis of chemical mutagenicity problem successfully [7].

3 Results and Discussion

3.1 Computation by DISCAS

We need to provide an itemset expression of a molecular structure. The itemset does not need to restore
structural formula. However, an expert needs to understand the meaning of items. We employed all li
fragments in four class_blind 0.10_fragment table's by Kramer [1]. The number of fragments is categorized
(presence) and 0 (absence). Also included are 9 physicochemical properties given by Treymer [1]. Their names
categorization thresholds are CLOGP (0 4), FLEX (0.05 0.25 0.50), VOLUME (150 300), SURF_AREA (150
HBD (0 2), HBA (0 2), LUMO (-0.15 -0.10 -0.05), HOMO (-0.25 -0.20) and Dipole (2 4). We select them, as
are easy to understand. Categorizations are simply done by the visual inspection of histograms.

Four datasets for male (female ) rat (mouse) were analyzed by DISCAS software, where the pruning condi
were set to minsup = 0.01 and thres = 0.1; their meanings are in [6]. DISCAS generated a lattice containing 4
to 60000 nodes after 7 to 12 minutes using a PC with 450MHz Pentium III. A link was selected as a rule cand
if its BSS is larger than 1.7 (0.5% of cases). The rule selection process chose 134 - 919 candidate links, and
were represented as three rule sets with 10 to 30 rules.

3.2 A sample rule

The strongest rule, the first rule in the first rule set, has the following expression in the application to the :
mouse data set,

IF [HBA = 0] added on [FLEX > 0.5] THEN [MM = p]
43.0% -> 94.7%; BSS: 5.08; Cases: 79 -> 19

The precondition means that a molecule is very flexible, while the main condition reveals the absence of hydr
bond acceptors. The RHS denotes that a large change is observed in the percentage of compounds with [MM
(positive carcinogenicity for male mouse). The second line of this rule denotes that only 19 compounds satisf*
main condition among 79 compounds selected by the precondition. The percentage of [MM = p] increases
43.0% to 94.7%, and the BSS value of this rule is 5.08.

Figure 1 shows a pie chart illustrated by Spotfire software. It shows the distribution of positive and neg:
cases for categorized HBA (y-axis) and FLEX (x-axis) values. Red and blue areas denote positive and neg:
cases, respectively. Yaxis categories are HBA=0, I=HBA=2, and HBA=3 from the bottom. X-axis categorie
FLEX=0.05, 0.05<FLEX=0.25, 0.25<FLEX=0.5, and FLEX>0.5 from the left.
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We can recognize the characteristic increase of positive PigChart

compounds in the solid box compared to that in the dotted box. :
This kind of visualization is effective to understand the nature of @ ‘ Q

the distribution, and to detect nonsense rules coming from the
9 - o

accidental distribution changes.
THEN C-C-Cl = y 26.6%-> 78.9%; BSS:5.21 Q ® Il @

DISCAS writes an optional RHS terms upon requests. That is,
it denotes an attribute value pair if i has a high correlation to the
main condition.

HBA

THEN O = n 34.2%->100.0%; BSS:8.23

The absence of O is inferred directly from the absence of HBA.
The presence of G-C-Cl is also highly correlated with the main

condition, and it may be a point to be considered in further FLEX
research. Figure 1. Distribution of pos/neg cases

against categorized HBA and FLEX in
male mouse data set.

3.3 Prediction of test data

Rules by the cascade model do not intend to give high classification accuracy, but their aim is to give valuable
insights for further study. In fact, it is an interesting rule if the positive probability decreases from 0.9 to 0.5, but it
does not work in the classification task. However, some rules possess enough accuracy to be used for classification.
For example, the rule in the previous section can be interpreted in the following form.

IF [HBA = 0] and [FLEX > 0.5] THEN [MM = p]
Cases: 19; Accuracy: 94.7%; BSS(root): 6.09

Here, BSS(root) is the BSS value when we employ the root node as the upper node of a rule. We calculated
BSS(root) values for all rules. Five classification rules with the largest BSS(root) values are selected for positive
and negative classes, respectively. If no new compounds in the test data set match the rule condition, we select a
rule with the next largest BSS(root). The sample rule described above has a large BSS(root) value, but it could not
find applicable compounds in the test data set.

The results of classifications are shown in Table 1. "?" means that the test compound has not matched any of

1"on

the rules condition. When rules give conflicting classifications, "pos", "equ", or "neg" are assigned depending on
the accuracies of the applied rules.

Table 1. Number of classifications in the four test data sets.

pos equ neg ?
MR 18 30 111 26
FR 29 2 61 93
MM 11 9 123 42
M 38 6 71 70

3.4 Strong rules

Table 2 shows rules with BSS >3.0. We could find no such strong rules in the rat data sets. When plural rules share
the same main condition in an application to the same data set, weaker rules are shown as comments to the
strongest rule. We think that this expression is useful to develop hypotheses for further study. Another interesting
information comes from the strength comparison of the same rule among different species. For example, the
distribution changes along FM-1 rule are MM: (.40 .60)/228 = (.69 .31)/49, FM: (.42 .58)/227>(.73 .27)/48, MR:
(47 53)/1227> (.61 .39)/44 and FR: (.35 .65)/234->(.48 .52)/44.
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Table 2. Strong rules (B55>3.0) derived from four data sets.

No. Main condition Preconditions Changes in distribution i BSS
[HBA =0] [FLEX > 0.5] (43 .57)/79 = (95.05)/19 5.08
MMI If no precondition is applied, (.38 .62) / 336 = (.65 .35) /55, BSS=4.03.
If [C-c:c:c: n] is the precondition, (.40 .60) /228 = (.69 .31)/49, BSS=4.26.
If [c:c-N: n] is the precondition, (.39 .61) /227 = (.65 .35) /55, BSS=3.79.
v HECL ] [ [C-0:n] [ (40 .60) / 214 > (68 32)/ 44 [ 356
The percentage of [HBD = 0] also changes 52% = 98%, [c:c-N =n] changes 62%—>98%.
MM3 | [Dipole >4] [Cly] (54 46) /94 > (07.93)/14 3.11
[HBA =0] [Cc:ciciein] (42 58) /230 > (73.27)/48 4.54
FM1 The percentage of [c:c : n] also changes 58% = 90%.
If[C-c:cicicicic < n] is the precondition, (.42 .58) /238 = (.73 .27)/ 48, BSS=4.46.
If [C-c:c :n]is the precondition, (.43 .57) /227 = (.73 .27)/ 48, BSS=437.
FM2 [ [N:vy] [c:c:c-N:n], [O:n] (57 43) /79 2> (16.84)/19 322
FM3 | [HBA:vy] [C-O:n], [c:c :n] (57 43) /72 2> (16.84)/19 3.22
M4 | [C-C-O:y] [CCliy]. [N:n] (60 40) /52 = (.00.10)/9 320

" n (pos neg)ltcase, pos and neg show the probabilities of positive and negative cases, respectively. #Case
denotes the number of cases. Distributions before and after the application of the main condition are shown.

4 Concluding Remarks

Detailed discussion of the individual rule in Table 2 is beyond the scope of this paper. But, useful insight for the
carcinogenic mechanism is expected if we inspect the 2D and 3D structures of the molecules cited in the strong
rules.

Lastly, we have to note that the pruning condition is too tight to mine all meaningful rules. Further
developments of DISCAS system are necessary to scale up the computation size and to make things easier in the
interpretation process of derived rules.
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(XA F V) (Tg) . Cosine tR¥ (S¢) . BT YV U OREFMEARE (Sp) [OWTHE &{TR~>7-, =
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#1  F—33 U %&Query & L7=FE 4 OFALLEBIFC X 2 FERIMEMEAT O fE 5.
Rank No. ID Value Rank Act
Ser I  Te S S
1 549 DOPAMIHCL 0.000 T 1 1 1 1
2 553 DOPAMINE 0.000 2 2 2 2 1
3 538 DEOXYADRE 5.385 14 3 4 4 0
4 539 DIMEDOPNN 6. 325 - 4 3 3 1
5 557 ACDOPAMIN 1. 348 - 5 7 9 0
6 961 DHOACET34 8. 544 - 1 14 14 0
7 544 MEDOPAMIB 8. 602 - 6 5 5 1
8 962 ISOVANILL 9.695 - 10 - - 0
9 3456 ALCLOFOLA 9. 849 - 13 - - 0
10 2232 DOPAMSUL3 9.899 - 16 - - 0
11 1477 HEPTYLRES 10. 050 - 11 18 20 0
12 542 RACEPINEP 10. 488 - 8 8 17 0
13 2238 ADRENAASC 10. 488 - 9 9 8 0
14 1039 NBF027 10. 536 - 19 - - 0
15 2231 ADRENSUL3 10. 583 - 12 12 13 0
16 3411 VANITHIOZ 10. 724 - 15 19 - 0
17 547 DIETDOPAM 10. 909 - 17 - - 1
18 541 METHYLADR 10. 954 - 14 10 10 0
19 957 ANISATEPA 11.000 - - - = 0
20 965 SALICYMME 11.180 - - - = 0
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HRBRERE G2 TNWDZEBG0d, ZOE, KOox—2 Uy NiE#EZ AW 86 OMEER L o
BRI 1 FIRETH o7, 2O i, BRI TolXAST ML OB (BHE) 1@ FIH
LTCWARNWZEIZEDLDEEBEZDL LR TED,

£, 22 TOHEELMMBERIC Query & L THWZ R— "2 IR EEME L L TOER%Z
AT ZENRBNTND, ZOZ b, ERROBKMEEL b &ICHE b LI MEREEEMIZ OV T D
R—= R GO FEE WDl 7 —F RXR—=Z 2O THRITHIE 2 A, BEROICAWNRIEEZ A
LD THDHZENALNE RS2, ZHHDFRERIZOVTHEADETHE 1R L, Query BIAMTH
R=_2 UiEE 2 AT HIAMN 3G ENTWD Z LRG0 5,

2. 2 ZUNIE=ZRITEERBORE

b N7 AFHEIOBERE, W OND & 237 BRI EHIR OMESR OGO 7 — 2 132N
LTRY ., TOWIET —Z X—R 35 37 B O L HRE & OBIRMI 72 &0 AW+ LR 785
EROTOOEABER L L TEZOEENEEFETETEHESTWVD[4,5], L, ¥ XV EfEDE
REIRBEHES . S OITITEFEORMRT — ZHO¥ERNI S FEN L DE T — 7 OMEBERZ O RFSFEAT
FIEEAERARRE RS TVND, 2D, ZRHDOT —XX—AZGHIEH L, = IRICHERE O
RO IR 24T 72 D T2 O D FIEFROMESL, WA 22 v B a—2 Y — LORBENYLIN TN 5,
ZDEOEECIIINETIT, 77 77 E R R Bk 2 J5 il & Ul Zkoee F— 7R R
THAIY XA ESITITERMEGEORE & FR LW Y 37 B O =ot SLEE SR CIrdlE
F— T GAHEAL) O BEREEFRIC T COREART L ITY XL NCHIET DV AT AORRREEED &z
(6,7, —Ji. 7 X RS L0 CORHSENTIZ A < B & T Y . Zd H 6 Bairoch 1AL
L~ DFF— T FRZ R INE L TEFL L2 F—7FE PROSITE Z1ER. 2B L T\ 5[8],
ARFFETIE, Z ORBEFOHF#H~N— A & H V2 D PROSITE (28GR S TV L ESIE T — 7 /8% — U (2E
H L., ZAUZHHGT D =R oeE oS 2 M BT 2700070 77 A0 EZR AT, £12.
SRR U 72 kb ST o R R E A T BRI EREE - B L, BESIE T — 71Tk 5 AR Zon iR
2=V ERTET DHTODFIEIZHONTH I THRET L7,

%2 PROSITE F OESFEF— 7 D,

EF—T4 IRB—

Kringle [FY]-C-R-N-P-[DNR].

Zinc finger C-x(2,4)-C-x(3)-[LIVMFYWC]-x(8)-H-x(3,5)-H.

C2H2

EF-hand D-x-[DNS]-{ILVFYW}-[DENSTG]-[DNQGHRK]-{GP}-
[LIVMC]-[DENQSTAGC]-x(2)-[DE]-[LIVMFYW].

* SE— T[] NIZZOHROERNOOT I L. () NIZZORUADT I )
ELx(mEn l@ND mBEOEEDCT I /B~y FTHI L E2EZNENERT S.
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<HE>

(1) EHIEF—7HR

PROSITE Tid, BAIETF—7 % —FOTEMERZH N TRZ = L LTERLTWD (£F2) . AHFET
I Protein Data Bank (PDB [9]) |28 $k 417 —IRoTHERERN D & /3 7 B g E G A 552, PROSITE TiE
TINTEINET — 7N EZRE L. ZORIGT 2 R DEEZ T —F X—A 7 7 A L~EFET D, =
T E RO ZRTEIEERIZE O T X BRI A RS LTIV BN AT I BOT VT 7
RF(COFTDIEFETRFE L TRHENERT L2 L & Lie, 2B OHFRLDZDIZ, HENTH PDB 7 7
AN HEEHEALTT 2 ISR OB 2R LIz 7 7 AV L. ZTOZRTHEER R AR 2hhit
L7277 A ND 2% ER LRIR L=,

AAFFETIE, 2=V DO HNC L > THEEHIDH 2 WIF Ny FHZREN T TE D L H 1T, ROI>DHE
17— F%&EZE L. Microsoft Windows | T VisualBasic 6.0 Z W TR T 0 7T LAOEELIT/R -7,
a7 LOFATHE G A X 4 127,

. S S 5= — ‘o E¥PDB¥pdb2000.2.100pdb alv
@ 3@ é DI 7 = @ﬁﬂﬁJT JrAILEY REER FTW T
XX BIT, BHDH—DODOESIE 2l 8| 8| &l
F—T5RETELHRRERTHE—F SINGLE-SINGLE T MULTI-SINGLE T SINGLE-MULTI I MULTI-MULTI
(Single-Single) Motif(PROSITE FILE): «-OPEN
N . . y [T R VBT = Ly ¥l Lo e T — J18 % #FROSITES
@ T—HFRX—RRFENTEED o = —
rotein:

N g |5 — % z [ ALYA] i
A I R
HB—DODOEINEF — T KT ANMDSOTTGKLGFEE FRYLWNHIERMG

et I
5E— K (Multi-Single) SCLURLDAMF RAFKSLDKDGTGRIRVN i
o
e B s
@ —oODEIT—H BRI, B EEVROFRRLF AGLAGDDMEYSATELM
‘ NILNKATRHPD LKTDG FGIDTGRSMY PKO. PHOSPHO SITE
OESNEF—7 BT HE— R AYMDSDTTGKLGEEEFKILWMNIKENS 1 H GKe PHOSPHO_SITE
nele Shebamientts fl neeeris:
(Single-Multi) SobuRLDANT MYRIST YL
@ HEHEOEIT—H BRI, B
. X eF— ®=a 7T AOFEITHE .
DEFIEF— 7 2Tt 5T — R B4 EFIET—THRET 07T LOFAT I B

(Multi-Multi)

Ny FE=FTOBRETE v b LY L7 BROIEHERIZ 7 7 4 /L (MS-Access JERDT —4
ReRAT 7 V) (TBERSN, BB LTI 22 bR o — SRRk L7 7 A (A>T v
AT 7AN) R, BRI AIEEORER 7 7 ANER{GTHIENTED, 2T AT I AT 74
JIE—ATBIZ A~y Z1E# E L CTEF—7 D PROSITE 1 CTOD ID F5. *USEOHEER., 2OV 4 X (#k
REED) O EEONRE, AT H LRI EICOWT, = vy L E S PDB a— R (W
BTG U THEA ZAN) | A X B R O TIER 542 Lz (£3) .
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o, BONTEZRTHANEEE T T 7 4 v I ARTRT HI2DDA v F—T == AT 07T b THE
L, MREZERMICRIETE 2 X5 TR L, ERICIEIHIETSPDB 7 7 A L EBR L, KRy — b L
T MDL #:® Chemscape Chime 77 271 > % | SISELOFEEIZIT RasMol 27 U 7 Mz vz, fER L
e7a 77 LTI, RO A T v 7 AT 7 AN &AL, RRETNVEOIREZIT/RV, HIML 7 7 A /v
O N ZEITe D, RorEEFZK 512, 2—FRREARRRA =a—D—EE2 L TIZRT,

O 1T % “ oD E .
@ ForRE—FOHEE

(G, EootE, W)
@ RRETNVOEE

(Ball&Stick, Spacefill, Ribbons %)
@ WO A R LSy ERL

1ALVA(DI50-F162)

£33 AT I AT 7 ANLDH.

5y p—d“.
PS00205 14 2 9 10 ) :.‘-g'.:.
0 TA8E 9—Y 96-D 104 1;&;,;:;::-»#-«
118 10 -—Y 95 -D 104 S gt RS
12 1CE2A 10 — Y 92 - G 101 IRECOD110-V122) \ 25CPADL04-V116) I
13 1CE2A 10 — Y 433 - A 442 e =

X5 R ZIRITCERIEE D T T 7 4w 7 AR,

(2) W& T A5 %8

U ETEMESNTLBORSI NS — 2 RO IR S 2 Mk L2 R, TOMENRRKREERD S
DR DPFE LTz, & 2T WIS T D O =R/ % 0 A Heig - 58T 2 HIEIC DWW TRt L
T RTRO L350 | AR TIE =R oz 7 I BEEEAL T ), TR Calfi1 O ERE TR
KLTRIAT DL, 2O L TR LI ZoOFEENOXIET 2 2 8 (CaJii 1) MO (lkt
i) OSEIEZ KD, 2k T b O OREER OFERIE (FHEE) O RE L EFR L7 U7) ., 723, PROSITE
DFFRIp NS =V ERITE Y, A X (T X BFRES) MR D mEENRAE LHEaE, Lo/
SWH O EEZ AL U, BSIEF 2R Lo £ E RS b 22 THI%T 5, LT, T
N EFROMHBEDMHAFR L, 209 bOKR/IMEZ Z b ZDOMEDOHER &L E&R LT,

anZnN(dA(i, J)=ds(i, )’
FHIE (A, B) =— e (7

ST nEESWEOY A X (T I BRIER) | difi ), dsli, JIET TS EE A, B
DI FAORIEL | & E OBEOMOEE T T
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2PVE [D51-L63)

1ALYA (D150-F162) 1GAl (D403-L415) 25CPA (D104-%118)

6 el 520 = RICE S
(EF-hand & F— 7 s BB > —44)

4 FEEITINC X DS T AR,
A B C D
A 0 811 101 62
B 811 0 802 786
C 101 802 0 56
D 62 786 56 0

* 77 A1) ACD, 77 A2): B

D —HED L LRI EH G (ERORS|NRY — o BRO L D) ARRIT, BTOT W OFERE %K
D, FHEETHNZ AR T D, Bl 21X, £ 413 6 1R T US>OIMSHEEIT T 2 MHEETY O T D, Z 2
ThHHEME (FlZIX 100) Z&ETIUE, EOBEUNOHEERLIZFECZ Z AR L, Tl REND
DRILEFMNA D7 Z AT HHDEHRRTIENTELH MEOCHEXHFICLVFRE L TELNIHEEY
T ADERY A RN TR D0 @7 T AGT LR DL RBEEH LN UOREL THBL T &IFE LV,
Z ZTAMETIX, HHEE LHANTRIELZZLI Y, TO/RGEOND 7 7 ADNRE —EHERTTD
A—PAL U F =T =R - T a T T LERIEL KFENICY T AGEETRZA D KO TR

(3) RERKM T = DIRE

PLEIZE D WS O OE 7 7 AT D, RICK T 7 AZRET H—20 =IRITEi N — 2 &k
ET D AT, FHHEIZONT, Yi%T 7 AFOMOETOH S L OHEEOfZRHT L, £
DERMENRANE R DD EZD 7 T ADRE NS —2 (Thbb, 77 ADERE KM 5 5 EHN 7
SRTHES) THDHLER L. R4 DOBFIDOBHE.ACD D= ODEIEENET D27 T A)DNRFEH —
EID, 7T AQIZOWTIEB (HH) tvESND,

<FERBLUOBZE>

PDB (Rel. #89)/> L L 7= % /X7 8 (902 ) 7 A b7 —& -t > MMZxf LT, PROSITE (Rel. #16.0)+H D
PoRY = (T272 L, N-, C-M R DREIGFEE & & T Rek e /X2 — A3BRAN) 1,299 1% %1522 Multi-Multi
E— RNICED=ZRIEEET — 77— _X—RADERERE AT, TOFREE, D72 &b —2D =WILH

305


okada
長方形


okada
長方形



IREENE B LIEBAIETF — 71T 464 1 ThH o7, RIS, ZD OB b LICEDHEGEED 3~50 DH D
IZOWNWT Y T A5 HEARFE N H — /%ﬁ%%%ﬁ%ﬁ%ﬁﬁoto

Z® 955, $iz1E EF-hand & — 7 (ID PSO0018)IZ Xk hia ™2 IR ICER /T HE IFIER 12 F (—D2DH Xy
ERETICEBOETFT —T7HMAE v T 2000 ET) BRI, #E7 7 A0HET/8 5 L. BiED
BIZED 1 ~4 D7 FARBELNE, 2095, 37 F7RAIHBE SN —AZONTHD L, %1@77

ZIX 10 HOE O HEE N R L. £ DORE /X — 1% 2SCPA (D104-Y116) L ESNnT-, — )5, o —H>n
72i%?ﬂ%ﬁ?é%\%L%*O®%®T%Oto;ﬂB(MMmm}MM)&UlﬂmmﬁNWﬁ
IZDOWTHND & ZDZ N7 EOMRERAILEREE (W T hAF R0, E, F EREHENDHIED DD
~U w7 ADFLE [5,10]) 2 H, REF—TZICHY LW/ A X ThoTlo 2 L BHERTE T2,

3. FLHESHRDEE

LLE, AR CIXERBBOEY T — 2 X— 2 & W= FEERR O FERZE U T, TFS KBUTH LD
< HEEELIWERIM 2 Sl & LA T — 4 ~ A = T O REE /R Lz, LML b, TFS ZFIH L=t
PR ICB W T EOBEEUERBRBI RIE CH D0 EFwmS T 5 2 LIdREETH Y . BURTIXRZR L1
SBED LN EOELE hERE) BEEE2BSECTRIAT L Z EAEEEBbh D, 4% O
& LTUX TFS 2R H L7Ab &M DALT 2 T 200G 7 T A8 ~DIEH TN TFS O v — 7 O W% fif
2700y — VOB, S6IIEInDEZFH LICA#IER~DIEHR ENRBEZ HiLD,

—J5. Z XD Z R TTAEE RHEIESE Tl PROSITE W CERE SN -EHIE F— 715 d 5 =R ITEb
IHEEDOERM - AT o 72, FFIZ, EF-hand £F— 7 OFCI3tEE 7 7 ANFOFER, /A Aoy &
LI FEY TANER SN, TOREEM AT — %255 2 LR TE T 5%, BoNIEoEE (Rl
REARE =) ML L, BEBRR LI =R ETF — MBI 0 77 L HNTH U BiET — 2~
A =2 T DI O =R TARIEREFFEOIER A ED 2 & & bICHEMK IR ZE U 2o AL 67
72U,

[ 3]

[1] M.A.Johnson and G.M.Maggiora: “Concepts and Applications of Molecular Similarity”, Wiley, New York,
(1990).

[2] R.Carbo: “Molecular Similarity and Reactivity”, Kluwer Academic Publishers, Boston (1995).

[3] Y.Takahashi, H.Ohoka and Y.Ishiyama: “Structural Similarity Analysis Based on Topological Fragment
Spectra”, Advances in Molecular Similarity, Vol.2, 93-104 (1998).

[4] BNE b=z —~25 A7, HNTHIR (1997).

[5] C.Branden and J.Tooze: “Introduction to Protein Structure”’, Garland Publishing, New York (1991).

[6] H.Kato and Y.Takahashi: “Three-Dimensional Structural Feature Search of Proteins”, Bull. Chem. Soc. Jpn.,
70, 1523-1529 (1997).

[7] H.Kato and Y.Takahashi: “Automated Identification of Three-Dimensional Common Structural Features of

Proteins”, J. Chem. Software, 7, 161-170 (2001).

306


okada
長方形


okada
長方形



[8] A.Bairoch: “PROSITE: a Dictionary of Sites and Patterns in Proteins”, Nucleic Acids Res., 19, 2241-2245
(1991).

[9] F.C.Bernstein, et al: “The Protein Data Bank: a Computer-based Archival File for Macromolecular
Structures”, J. Mol. Biol., 112, 535-542 (1977).

[10] R.H.Kretsinger : “Structure and Evolution of Calcium-Modulated Proteins”, CRC Crit. Rev. Biochem., 8,
119-174 (1980).
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a. Evidence-Based Medicine

[1112] EBM
EBM
Evidence Evidence Evidence
EBM
i) Evidence
ii)
EBM
Evidence-Based Medicine EBM
[31[4]
Evidence
Evidence
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Evidence Table

Evidence
Evidence
EBM
EBM
[5] Evidence
AHRQ Agency for Healthcare Research and
Quality EBM NGC National
Guideline Clearinghouse [6]
PubMed[7]
b.
Pearson
[21]
Statistical Science Galton
[22]
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[23]

AAALI
a, b
a.
EBM Evidence EBM
Evidence
[8] /
[9] EBM
Evidence Tablel
Evidence
10
[11]
Retrospective
Prevalence
Prospective
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Evidence

EBM



Prospective

Study Retrospective Study

Evidence

[12]

[13]

[14]

EBM
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[15]

Precision/Recall Utility
SIBILE[16]
[17]
Table 1  Evidence
a
b
a
b
[18]
SIBILE
Evidence
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2

Learning
Algorithm

Training
Data

Training
Data

=)

4 |Meta-level
Training
Data

Final
Classifier
System

Meta-learning
Algorithm

Fig. 1 Meta-Learning

1995 Science [19]
30
[8]
Evidence
/ KDD
[°]
Prodromidis Fig.1
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AL L] Ll L e
e

Meta-Learning

Evidence

Fig.2 EBM KDD
[20]
EBM
EBM KDD
Fig.
Fayyad

Evidence

Evidence

Evidence

Evidence
Evidence
EBM

EBM

Evidence

Evidence

EBM KDD

KDD

Evidence

Evidence
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Evidence

/ KDD

EBM

Y=1fX).
1) X
Y
X0:( X1, X2
(Programmed)

(Non-Programmed)

Evidence

(1)

y eeee XM) (M<=17)

[24]

m<n
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EBM
EBM
Y
X1, X2, .... xn)
X m
f m=n

m<n

m=n f



[25] m=n

il
Yl

y
X2i, .. xmi  F1,2

) @ n

Y2

xm(i+1), xm(i+2),....xn

Yl=A(x11, x21, .... xm1, xm1+1, ....xn1). 2
Y2=f2Ax12, X22, .... xm2, xm2+1, ....xn2, ). 3
y
n XL:{x11, x21, .... xm1l, xm1+1, ....xn1}
vE
Y2
X2:{x12, x22, .... xm2, xm2+1, ....xn2}
2 Xlc
X2c
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[ CcC C1 Cc2 ]
Cl: y Yl X1 n
C2: Y2 Xlc 1 Yr
uYr,yza) gain(Y1)-cost(Y2)
Yl'= A(X1lc - XILc), 4
XLc Xlc A(Xlc - XLc)
Xlc X1c' X1
a. I1
b. Xlc, X2c {x11, x21, .... xm1} {x11, x21, ....
xml}
C. u A, R 2 A
[26] C
U:
a a
(xm+1, xm+2, ...xn)
n-m
b:b
c. C u. .
2.
2 N
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Gl

[28]

n Fayyad
[29] 1
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1b

observation

u, 2

KeyGraph

Gl

[27] [29]
Evaluation

[31]
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Interpretation
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1)

2)

POS
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[31]
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KeyGraph decrease_se|

Exit
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)
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[N - *
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