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Quantam Walks on the Contingency tables.
AMEIR REEH
EILERKE EIE—

1. [ZEHIZ

AHFETIE, BUDICEFIEOEBEEAIRICEYIED. BFFEEIIA>THIET
SUFATA— I OEBESFEE L. 51, BIN—F0ONEEEED L0 T A
P — V3REETREESMCMCOBAABTH B, TOBRTFIREERL, BET—
BEAFICIGRT 5 E2BF T NVTYZLADII ab—Ya TR,

2. EHROSUELIA—IIT OV TOEER

< HBHIERS >

A NRET 2R/ 2THERIEAED S V¥ A4+ —21d {4 > %283 5) + BT

HEZH) EWI2D0EENSRD.FITH, I 2 BITOMBEOZR= {0, 1} &80
REZE= (EREOBRTERE) WEDNTWEEEZILNS, CHEBRTFRBOESICD

BT B,

<HBEDEFSUFLYF—H>

A BT ERT 2RI NN RER He= (| +>. | —>) EBTHROEEEET
RNVzE H_{s}={|j>; j=1,2,,, -1,-2,,, Y2E A, 2EOREZ=MI=DOEMOT >

H = H _,6 ® H
IUNEET D, BTYTRSORERBIBTNEOEFENS LS —FEHRTRREI R ITH
Wizsd, TZTEALIZSY—EHT, T30 BTEEH. O FOoa1=F ) —8EHE L
TV —NEREEZLD, KT, BBEORFRLEOESBE 5515 ) —FR%
F(j>@H>)=1j+1>QH4+ >,

F(j>®1->)=1j-1>®-1>

U, 2EOREZMAMERT 2125 ) -z

U = F ® (H ® 1)
ET5, UBNCIZYY) —EBHBTH S,
<BEFRESOBESHOFE>
UxknBEMIBZER,. nBI1 > 2RTEZEICHETS. BFEAZAYTHAS N5, L
MEAEE IR CREBRE LW, 1) EMHRRARTHSE I & 2) FEREBISZATY TR
B B2 EQ MBI WEENH 5.

3. HEIFR®D_EDquantum Markov chain

KHERHNCI132Y 5 7 LOBRF IV 7 HEDOHNT TIHT W S,

ZIT, MEOBRTTOEEERVES I ERTERVWO THENEIRD EOBAIAS,
<FIH—EOHBNROES LOHRES>

MEOLD, 2TRE2EAD RAOFHLMHBETETND) . HRKBFIZS > 5 L7RMT
R7—(L,1) & T FLRFIRT—(1,] ) 2RV, HEL/2T
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J J' J J
I +1 -1 I -1 +1
I -1 +1 . +1 —1
DELENEERASES, EDRVERIIBIEED, ARTT 5.
<HERLOBSOEFR>

if\ ‘:I’f .‘/&“HIODgEFEﬁHC1= {+\ —’} > ﬁi%ﬁ\‘?ﬁ"?ﬁﬁ}{cz: {(1I2)l(1l3)”l(k—1lk)}

FIRRZMH 5= ((1,2),(1,3),,,(L-1,L)} &EEEHETAARSEOREMH  ZRET

B
|z s1-5 ) —BHE LT,
1) a4 BFOEMH, = (+. =} KRF 2 FLT IV E#R
2)  FERZEMH:,= {(1,2),(1,3),,,(k-1,K)}
3) yugﬁgﬁﬁHCS: {(1/2)1(113)111(L'1/L)}

KIRBET 7Y IERETNETNITHET.
4) &fEEHETaER2EOZEMH T
' ' (=, 1), (J,J"),v) if v'is unreachable

FG&LIMLJ%wsﬂtUJﬁ&LfLW)VvﬁsmmMMe
where v' is the table obtained by v when +,(I,1'),(J,J") is operated
(+,(1,1"),(J,J"),v) if v'is unreachable
(=, I'),(J,J"),v*) if v'is reachable

where v' is the table obtained by v when -,(I,1'),(J,J') is operated
ZHERAIES.

<Re I35 53 46 D WHR L >
3X STABHNNTRTE THEHLIVEDDRICKN L TERTBEEZBLEZEED
ATy THICR T B REMEAA A —RATN QIR KA 2RI UT 0T —5 2177z,

F(-’(LII)’(J!J')’v) ={

t=200
e
1.8
1.6
1.4
1.2
1
0.8
0.6 I‘
0.4
0.2 %‘-\A | La VN .T W [ — -
2 o
1 51 101 151 201 251 301 351 401
<SBOHE>

—EAM TR T, BRASANIRS R D VAT LR EIHET I AOMBENES /-,
e, EOXITBEABELONENEVI EANBEBE-> T3,
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MCMC (2 & % R ¥z G800 EIROMHT

BH EE (REERREREY 7 MY 7%R)

1 1IUBHIC

BHEHRD & O 5dh 5 EHENRE U BERARIIE VT, AEFEFORMI L VERIEL <
Bohy, BRIT - XIEBRNATAFASTLEIZENH D, DL I REHRNA T AT L2 TH
434 (misclassification) ENNERIE, HEEIINA T AEE5X, BREREZEDTL £ ATEESED
H3.

EABREEEUSTRETIIEL T, LOMEFICL>TERDV TSN THY, ThHiE (1), [2],
4] IZEL W, BE, BOBRSZeREL L UVEROHEMER, T AV MEHIVEBRLEILL-T
koo, BEMEE L T EM i, Fisher scoring A A EN 2, LALZANS, EM ETIEEIVEE
KOWTEERHIENTELN, HEEDOIH, FEEKMFOMIEF 25 &I TERL, &,
Fisher scoring HIR® E HEEEDO I ERD B EMNTE BN, FRETHERITHOFEINMNE
THY, FHEIZE > TR EM BIIHATEREELRTVWEVWIRLEESHH D, FI T, Bayes I
W OEIVEROBEIMERD, HEEEZOSROFTMS X EREFXEEHMR T LeEL
%, %7z, Bayes 5 AT 22 & T, MABICHET2HIMEREBRNICHEEICRVAD Z & ]RE
12785,

AR T, Bayes BIZ L VESBE S OSBRI BEREHEERT S, DL E, BE (exact) HH
FBEAMOHERZERIENYELZVEETH 5 DT, Data Augmentation(DA) ¥k [3] EFHVTH
H3 5.

2 ROFESCHEIRD Bayes EICK DHE
ATFTTVANVER X, Y &Y ZRMFELL Y LWL T, BRIF—X
n={ngrlie{l,...,I},ke{l,....,K}}, m={myulie{l,...,Jhke{l,....,K}}
NELNIDETO 3 THERDTIVEER
Oxyy ={pixlie{l,....I},je{l...,J} ke {1,...,K}}

% Bayes EEIL L o TRDBIEEEZEZLD, TIT, B "+ B T2EROEADMNERKEKT 5.
CU)&%, ﬁ{ﬁ“ff"“ﬂ n, m 755‘, %TL%'M Qxyyl G)Eﬂﬁ@x

Oxy: ={pi+kliE{1,...,[},k€{1,...,K}}, Oyy ={p+jk l] E{l,...,J},kE {1,...,K}}.

BN A—RIZ %)’)%IE%?E f(ﬂ I 9xy/), f(m | eyy/) :%5 &Tﬂci, J%Jiﬂﬁﬁzg ny/, gyyl G)Q%
HQHEFTIMIE, Dirichlet ZMTHB DT, WX Oxyy DBEAIS3ME LU T Dirichlet 378 n(@xyy | @)
ERETHIENTES, 22T, a={ay lie{l,....I}hie{l,...,Jhke{l,....,K}} @NnA
N=NF7A=RTHY, BARICHATIEMNARERBTHLNTES. ZoLE, ALEE, 200
ZESTADE f(n,m | Oxy+,0yy’) THY, BESHIBRAMEALAEORICI>TRDLEN S

m@xyy’ | n,m) x T(@xyyr | o) x f(n,m|Oxy:, Gyy:). (1)

ULDLBHS, COLEBERETEOHRIEREIIRETH Y, T AN ETNEBRKECBRVEET
SA, BEREBEIMEBHT I LIS RBHENLEELS, 22T, DABRERVTEESFOD
J\E{uﬁ?ﬁé’;ﬁb, Bﬁ% Qxyyf D Ba,yes ?&E’E:&‘:Ei
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3 DA ZKICLZHEE

DA ¥, Markov Chain Monte Carlo 0D 1 D TH Y, RIAELET—EAh 5 OERFEEIIEMET
HoH, BELLETNVORRT—A050REFEIHENROPLT <, BEOERNESLIHEIC
F<HWLNS[5].

ERTERTIZHET ML, n, m ARET—RXOBE, IhbHE A, m TRTE, TOBREIR
7(Oxyy: | ) &, FFHECEHEREERRICL > TRATES. 22T, IFEET— K n, m O#HEM
FEF—X 7, m #DABILIVERL, BET— X OFMA TO Bayes #EEEZH 7). DA i3,
Imputation step(Fstep), Posterior step(P-step) EFEEN S 2 DR 7Y TR EIEVIRT, ZZTHF
ABBEETNIIBVT, DABRUTOFIETEALNS ¢

Istep: |UZELT— X

o= {ig|ie{l,...,I},je{l,...,JLke{l,...,K}, Zﬁijk=ni+k,ﬁijk> 0},
J

s (e lie{l,.., Ihie{l,..., Thke{l,.. K}, > ik = myjk, iie > 0}

K

BERTEREDIL, KO3 DORTY 7% 1=1,...,L F{EVET,

1. BENME n(0xyy: | fi,70) I IHEE Oy EERT 3.
2. FRINM f(7 | {p},,)) KEOIBURET - 200 2ET 5.
3. FRINE (i | {pj;,}) KHEI BUEET - 2m0 #ERT 5.
CET, Plik = Pijk/Pivrs Piju = Piji/Phje CH 3.
P-step: Fstep TEMU BMURLT— % a0, w0 (1=1,...,L) 26 &I, Oxyy DEMUHEEST
m(Oxyy In,m) EEHTH

L

1 ~ ~
m(Oxyy: | m,n) = I Zﬂ(ﬁxyw | 2, 1),
=1

Z O Fstep, P-step &, IUBEDN n(O0xyy | m,n) DEEIEIIANETEETRVET, —0af
BEESMIEL R, FEIF (1) PBONALIEIRE, ZOLE BEFHILIVEER Iyyy D
HEEEZBZLNTES. 2/, BEMH, EHEXMBAZIRDIENTES, &biz, HEH
g%.tﬁé?‘:ﬁbﬂﬁ Monte Carlo D7 A FTIL XD THICKEL L DEZRETHIE L.

SE
[1] Chen, T.T. (1989). A review of methods for misclassified categorical data in epidemiology, Statis-
tics in Medicine, 8, 1095-1106.

[2] Kuha, J. and Skinner, C. (1997). Categorical data analysis misclassification, Survey Measurement
and Process Quality, Ed. L. Lyberg et al., New York: Wiley.

[3] Tanner, M.A. and Wong, W.H. (1987). The calculation of posterior distributions by data aug-
mentation, Journal of the American Statistical Association, 82, 528-540.

[4] Van den Hout, A. and Van der Heijden, P. (2000). Randomized response, statistical disclosure
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Random Generation of B™ x J Contingency Tables

University of Tokyo Tomomi MATSUI  tomomi@misojirec.t.u-tokyo.ac.jp
Tokai University Yasuko MATSUI  yasuko@ss.u-tokai.ac.jp
Science University of Tokyo Yoko ONO ono@ms.kagu.sut.ac. jp

1 Introduction

We propose a new Markov chain for sampling B™ x J = B x --- x B x J contingency tables where
B = {1,2} and J = {1,2,...,n}. This Markov chain is an extention of the Markov chain which is
proposed by Dyer and Greenhill [3] for two rowed contingency tables. To show that our Markov chain
is rapidly mixing, we use a path coupling method, which is proposed by Bubley and Dyer [1].

2 Contingency Tables

We denote the set of integers (non-negative integers, positive integers) by Z (7., Z4 ) respectively and
consider a set of contingency tables indexed by B™ x J where B = {1,2} and J = {1,2,...,n}. Any
index in J is called a column indez. For any vector z € R®"*7, both z(3;5) and z(iy,4a,-..,im;J)
denote the elements of = indexed by 2 = (41,%2,...,im) € B™ and j € J. For any column index j € J,
z(j) e R ™ denotes the subvector of z € R®" %7 consists of elements defined by indices in B™ x {7}
Given a vector of indices 1 € B™, 4; denotes the vector (i1,...,%—1,%+1,---,%m) € B™~! and we also
denote the vector 7 by (i7,4;) by changing the order of elements. For any vector x € RE™ >/ and
L€ {1,2,...,m}, z(i;,i;j) denotes the element z(i; j) by changing the order of indices.

Let (r',7%,...,7™;c) be a sequence of non-negative integer vectors where rle Zf_m_l *J for each
1e{1,2,...,m}and c€ Z’?_m. The element of ! indexed by (i;j) € B™~! x J is denoted by r!(3; ).
The set of contingency tables corresponding to (r!,72,...,7™;¢) is defined by
- def. {w e 78" %I z(i, 1;4) + x(i, 2, 4) = 7"(i;;j) (Vi e{1,2,...,m}, Vie B™"1, VjeJ), } .

. 2 ies () = c(d) (Vi € B™)

Each element in T is called a table for simplicity. In the following, > ; p. c(2) is denoted by N.
Clearly, for any table = € 7, the sum total of elements of x is equivalent to V.

3 Markov Chain

Here, we propose a new Markov chain whose mixing time is bouded by a polynomial in n and In V.
We define the parity function p : Z = {1, -1} by

(2) = 1 (z is an even integer ),
P/ = -1 (zis an odd integer ).

For any index © € B™, we denote p(i1 + 42 + - - - +4,,) by p(i). The vector A € {1, ~1}B" is defined
by A(z) = p(i) for each vector of indices ¢ € B™. Given a pair of distinct column indices (j', j"), we
define the vector A[j', 5] € ZB" 7 by

e [0 GEINGL,
AN ES A G=51,
—A (=3
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For any table € T and any pair of distinct column indices {j',j"}, we define the following set
of vectors;

] el 1) + (i 25) = y(ip 1 9) +y(én 255)
N {5 € {yezB VY e {1,2,...,m}, Yir€ B™Y, Vi€ {5',5"}),
z(4;§') + 2(4;5") = y(2,5") +y(55") (Vie B™)
= {vedVU e, (U uG") = @, 2(") +6(A,-4) 2 0}

By using the above set A (x; {j',"}), we propose our new Markov chain M* with state space 7. For
any table & € 7 and any pair of distinct column indices {j', 5"}, we define the following set of tables;

Nz {7, 3") & (@' eT|2'G)=2() (eI \{7i"D, @) (") € N {5, ")}
= {2'eT|WeZ z'=z+0A[ ;"]>0}
Let M! denote the Markov chain with the state space 7 with the following transition procedure.
If X, is the state of the chain M! at time ¢ and the element of X, indexed by (z;7) is denoted by

X;(i;7). Then the state X4 at time ¢ + 1 is determined as follows. First, choose a pair of distinct
column indices {j',;"} randomly. Next, choose a table X1 from N'(Xy; {;',5"}) at random.

4 Mixing Time of New Markov Chain
The mizing time 7 (g) of M? is defined by
ri(e) & maxmin{t| V¢’ > t, V7' C T,~¢ <n(T") - Pr{Xo = and Xy € T] < e},

where 7 : T — [0,1] is a unique stationary distribution of M'. To prove that our Markov chain is
rapidly mixing, we use the path coupling method. We define a special Markov process with respect
to M! called coupling. A coupling of M? is a Markov chain (X, Y;) on 7 x 7 satisfying that each of
(X1), (Yz), considered marginally, is a faithful copy of the original Markov chain M?*. More precisely,
we require that

Pr(Xip1 = 2'|(X,, Y)) = (z,9)) = Py (z, 2'),
PI(YH-X = y,l(‘Yth) = (:c,y)) = PM‘(yfy,)a

for all z,y,x',y' € T where Pyu(z,2') and Pr(y,y’) denote the transition probability from z to
z' and from y to y' of the original Markov chain M?, respectively. The detail of our coupling is
omitted. By using our coupling, it is known that we can analyse the mixing time of M! (see [1}).
Then the mixing time of our Markov chain M! is as follows:

Theorem 1 The Markov chain M* is rapidly mizing with mizing time 7' () satisfying
7€) < n(n - 1)In([N/2™]e=1) /2. o
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Hardy-Weinberg FHEMRZED p fEFTE T VT X I

RAERIEL FARME

1 @JUO®IC

HEFEEFOEBRER & L T4 5N 5 Hardy-Weinberg O ERIIE, EEFE & BIZ-73H
FEICEbAIBEELHHTDH L. Hardy-Weinberg SLEDHE & L Tl ﬁlﬁﬂ"]&i@é\ﬁi*ﬁ%bf
)ﬁb\%ﬂ% ERSEVD, T VBINEVEERVL OPDBIETHENNS VIS

I, WhE A A ZREOLTETNOEISIERIN TS Y, Wil E’ﬁ?b‘ff\/‘ﬂiﬁﬁﬁmﬂ‘
?&c‘: XM %. Louis and Dempster (1987) &, allele HE* EE L7 L TOT X TOBIET
RISEOBMA EITIC LB IEMREDT VT) AL EREL, allele DEA*3 L2134 DY E
DINENH AL ZDF =72 LT p HOREZAT R 07275, L OH A XDKELRT 512
LT, BFEEOMBENEL L. KR T, EMRED p iz L D WRMIZEHET L
TNIT)ALERETS.

2 Hardy-Weinberg Rl (SF&{REE) DIEFEIRTE

r YD allele, Ay, Ag, ..., A, XD & D LERBEETFEER L. 4 OB AA;
DRORIZFRTHY, BELX LZMATY X0 = (af), 28 (1 < i < j < r) TR,
¥z, g, i > j L TE ay = a5 ERRT B, vy = (y1,92,500), ¥ =
24+ Yhog g, i =1, EEERTHEL, Zhd allele A4; DEETHY, 77— y oA X
* N &9hid, qu G=NBIU T yi=2N VWY ID. F %z, allele HEAN X°
EELWE I RES

F = {X | X = (mn,mlz,xgg,...,mT.,) Z 0, i+ Zzz‘j = Y for i = l,...,T’}
J=1
LT IUE, Hardy-Weinberg Bl (FHAREE) OTFTCTHy 25272 &0 X € F O&H
i & RIS

N!Hr1yi
P(X)= ——i=t 92 oo S = N =Yy
X) = G L, o) 2 Y Z l

THE SN 5B (Levene, 1949).
Hardy-Weinberg B0 &M+ SRED p fEI3,
p= Y P(X), T={X|XeF, P(X)< P(X°)}
XeT

LEFEEND (Chapeo, 1976 2 L), Thid, 2x2 5EFIIHT S Fisher DIEFERE (W
), HBHwE, 2 THEEICHT S Freeman-Halton IEFERRER OB LI EZLND.
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3 XybhJ—=27-7id) XL

COWED p [ExFHET A 72012, Louis and Dempster (1987) i%, F DETHEFRLIR
RPZET 27 AMT) ZALEREL TV, N T2 r SBO TS WEIZBRITIE, G
BEOMENSETD. KETIIL VRN LT VT ALLELT, Ay b7 =2 - T VT
DALFRETAH, Fyv b T—2 - 7TIIT)ALIL, 2T0EEDITEFIOMEDOKRE L
EORLRBETHVSENTWS T )T ) XL (Mehta and Patel, 1983) T 0, KREFFET
X, FEREDT IV T1) X LA Hardy-Weinberg IEHEREIZ S BKTE, 222N PHHTH S
ZEERT.

4 HRT —RICHT 2METEORKE, HIMEDEE

BETDHTNITYXLTIE, W {200 allele 12349 LR IRTFRSEE 2 R SLMAHT, %Y
DEFIT T DHMEEDMEORAM, R/MEXFEMTAILILD, FOETOELEFIZIE
A3, ER pEEEHETLI LML R D, 1EoT, 20Nz k(< r), Y1.Y5, ... Y,
W LT, ROBEKETERMEY DEOICHZ EPERENIEEER D .

-1
minimize or maximize 23( H :rij!) , Z= Z i,

1<i< <k 1<i<j<k

k
subject to  z;; + inj =Y, fori=1,..,k
j=1

T = Zij, N, JEE D EL.
ARBFFETIE, ENOEHEEMEIST LT, B/MIMECRERORERRL, RALMEDR
BRED RO ERFMOFEESZ, TROLOETAVZTLIT ) AL T, H4k
BT § 2 IEMERE DREEE % p fEDS Louis and Dempster O FiEDEE ~ 0K T
FETXRZ LR LL.

SE
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BB 7)VI) XA LB 2EERDEE
M ILPERLKE - EHEER PR &
MRS - WEER : FH RA
&Iz
2 YA B(n, p) DHERBIE b(x; n, p) LA MBI B(x; n, p) (ZVIRREE = 1 TRt E eE R B
TH5. BE, XVAVOMHKRY 7 P TINLDFHENTELZHDIZIEF—SUEDOY 7 b
(5PSS, s-Plus F)PHAMBEY 7 M(FXe~vT A%y H B, LrL, BREMAIISY D
Y DILFEEEE I OBRER FIZ XD, BERY 7 by o 7ot DS EEE s S
BhEESTWbEBbhg. BLE 2EAMORBREECOMEKOMEE, Hi%, 5181720
Mg 7ZNI)ZLERFE LR (COERERE “E7 78 LW LIZT3). onE
TIZHIOSNTWSAECHBELEL T SR -SETHE LU EOBEDIBEE L, 75
T2l ER LB OREEHT S . HRELT, 2HESMAORMEREKDAREROMEE FEZA
DRESHLEEIDNINWEEIET /25 %T, ZhEL b RKEWY =3 Peizer-Pratt Ot
PATHET2OMNINWT L BIRETS.

1. 2IBEMEXRORLUE

EBERIC L2753 LT, Stirling AXZ2FERAT2 A, #SEMEE L ERIUR,
IE# Gram-Chalier IR (FTAQ975), /T (1997)), Camp-Paulson DAL X(Camp and
Paulson,1951), Peizer-Pratt @l R, (Peizer and Pratt. 1968)52 ¥ MHI 6N TWE. TNET
DEUEFERIZ L % &, Peizer-Pratt OGN —FBREEB LN EBREI TS, 2
T, HADRETIZIEY S /2/= &k & Peizer-Pratt O FEMRA I OEOEEZ T 5.

2. RIEBXBHEOHET7ZINIIUIL

2IAMERBIR Do n, p) DMEEFIETHT7NVIT) XL EMERE . ZTRETZ7VLIT) XA
DREHIIXD3IDTHS. ORBMOBI A —/NN—o0—% R TAFEMNDR 2 LDITKE
DIEFFOMAEDLEETLERTS. QBOFBRE LTEHINABESA—N\—T0—-1LanE>
2, HHEM (ZTTIE107 24RA) M2, ZREDNESIRBESICHET . OR
DRERE LTEHEINZED 7 V¥ —7n—Lh\WE31Z, H5EH (2107 2i0)
LDhELTgo=56, FNIDKELRDLZLDICHETS. COLDIZLE - THroEEFHGT
(L) s, TOTNVINIL%E “EFIREEE LRERZLICTS.

2B CxEZO2ZFDL S BBOMAEDLBIINMT 5.

II:UVJ+D/xL lsx=n/2,
nCx = -
H:;:(n——i+l)/(n—x)!, n/2<xsn.

PIZE1<xsn/20BHE, u=pxq & BE, p g " =ug"" ORIZT S (B
b(x;n, p) = (nCxu*)q"™**) . EHOBOHBMENTEZ T RELRSRVWE S CHOIEF
ELRTD. b(x;n,p)iE2ED0LS>REDORKIZRS.

[Hﬁl(n_Hluxn_xﬂu”_q"“zx, x=2m,

x-i+1 i

b(x;n, p) =
” ;,;l(n—z.+1ux n—J.c+zu)Mn—m>an-2x, x=2m+l.
x-i+l i x-m
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x-i+1 i x—-i+1 i X-m

o, ﬁnﬁl(n—”luxn-XHu)if':&i[Hﬁl(n—”luxn—xﬂu)}(n_m)0)%%0)”@
FBld, i=12, - xDEIBIRI DTS, ZEICHBWT, ZhZhoRECHLT10 &
DREVNHLESPEFARS. 100 L ASVEENH 2520810’ LFICR3ECg%
@ORLELS. L, CNATRETH 2 -DICERBgAH 2L &, ThbE, n-2x-k>0
ThRIFhERSRW. S kZZNECIEAINEqOERTHS. L, BLSghk
WIB AL ZOBDI10 LTI RAETI0 BBVELELS. HL, K ERNELERD, 5
CHELEAEIONTY (BEEORIIT 0 DEEOIRBOMERMNTZHD) 127k &M
1%. DFK ZNZhOEBICH LT, 107 LD /AINRESPHERD. 107 LhhSWH
KAH BB 20BN 107 L2 E 107 Z@DELELS. L, kKEREVELER
5, FCHBUEAEIPONTVIC-TEEMZS. BEIZ, gOREFEG HB>TVIHE
(r>0DHFAEEZD. TN LTUILLILERRZ2ETqIT 102EDRLETS. kD
BLEELT, G=gx10F B, 1sG<10@HES». F/=, -k 2L THBELEST VT
1%, RERF OHEIL AL TV EHEEEBFEHTD.

3. RIENHEKOEHETIITUIL
mﬁfﬁwtﬁ$%ﬁ@@%ﬂﬁbf,2@%%%&8@m4ﬂ=jb@mp)x=Qmm

1=0
DOEERDZH, ZITIIREEELIRNEDIIBN,p)DE—RM =[(n+))p] ZEHEIZL
THEFITITE. 612 Ex=2M OFEE, £THM; n, p) ZRIFTOT7NVT) XLIZE RO,

nh—-1i

Wiz, B QEIZDWTIEHEMER b n, p) = +1£b(i—1; n,p) R EEZHNT,
q

B(x;n,p) =1 b(M;n,p) + b((M +Ln,p) + - +b(x;n, p)
+1b(M -Ln,p)+ b(M -2;n,p) + --- + b(O;n, p) 1.

CETETES. EL, KERnIIH LTI (T EAREROMOEEIZER S22 2 &,
(N BEITEZEBEETITODT, ZOKEIEZEX15 RWL 16 KiTHDH LD 2 EEEETH
W, E— KM (ERETHnp ) 507 b N X 28T 2 b(x n, p) DIEO/N X WEHDEHE
IEBAGEL D . 2K Rx O&EEZ R DT 5012, LTO X S R B & 1 /= Uspensky
DA% A (Kambo & Kotz 1966)Z 5 :

nc*  4nct

2pq 9

B(np—nc;n,p)<exp(— ), ps1/2.

CHIZE D, AEREZRRE LMo ERMEEERET S E AR RS .

4. BIERRICLZBEOLE
CTBII LT LIEN—F VITL D, 2HSHOMEBEECHMBEROMEEZ TS 5

EDAETERELIZH DL PeizerPratt DEPATHEL DB L. ZOE, {2
KOREFSIDIEEIDNINWE ZZET F2/5HT, 2R LD AZ0E 2|3 Peizer-Pratt ®
TR TCEETI20HLI W Ehbho)=.
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NMREXZEFIEa—5DESH
BLEERAY T KEFB—

BL INETIMNBERRHEORTHE 2 ¥ LMK LOBTI VS LU~ DI Ial— g
ET>TERDN, INEFHTUTNMREFHEEROWRZMB L, ETREDELT, FYO—N—DT7 7o
IWRBRTZ NIV LE2F2—Ey FOBRFIACE2—F LTEFLE, ZORTFICEa—i3, ZoOKRMA
DT THEEINTED., ZOFFHOKERTFE BCREFFO2DORALE > MFa—Ey FOBEZLTVS,
INSDFa—Ey oML, BE, HAHHLOBRERDR. BRSHEBEEAVWTETEINS,

DIz

NMR IZL BT I Ea—4 OEBRIFRIL, HHE Shor ODRBOMBTF 7 LT Y ZLD BRI NF- 44
#&IZ. IBM @ Chuang 5D 7)—75 D T&> T, #HFRITERTTITHNI, TDH% Jones 5D I—78. 9
HEBITRINL. BEETIE 2000 4EIC Chuang 5MTo 2 5Fa—Ey FOER!' O NEHLBEDNS, 5%, 5
Fa—Ewy F%k%<%i5%ﬁ7hfﬁﬁéhé7ﬁ BLEFHRHELT, 70O0FRVLGFEAVE2F2—Ey
FPONMR BEFI2Ea—F ETI/O-N—-0OT7 7 A VRERT TNV IT) XLERFTLEDOTHRET S,

JO—N—DBRFRET NI XLDOET

LEOL,...n-)DBEFEXITDNT x=zD&EEflx)=1 TxFzDEELf(x)=0 &2 DA 57 VEK)EEZ 5,
TR I DTS I EEE#E> Tz 2RBRTHIIBO00) BORTHILETHD, LT3, FO—N—0
FINTUZILY 2HNEE0W nEDRITTRATHIENTES, BF7NIUILTIE. f)ORDDIT
x,y BREMT R(x,y)=(-1) 0 8 oy EREDBRIRMERER R, 2E XD, THLFEHICHMT 5 RIEEMRE D=—W RW &
T2&E, A5 —KMD,=DR, T XTORENELWHERZ S DRE =W il. BXEFAL w4EMTZ
EWXE > THERDIFIZZENTES, KT, 2Fa—Ey FOBREE—EORITTRDITZZLMNTES, 2 F
Aa—Ey rD =3 DELEDRFIA - YA T ISLEHLITRT.

10 —{w] o (O—w "

[w}
10 —{w . —{wl (40] wl— 1

K1 z=3DBPE0/O0—-N—DBFIFa—%

wely Sy )

THD, FIRUVEEE Uy WE D=1 00) REBIZHEL/Z%0O sCOEEBLURAT Y SHEHD 1CEEEER
FNR 2 ERBITRT, I 5bna LI, RiEV:=I 11) NEAENTHD., —EORETH =3 BEDITS
nTns,
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ERIIEALIeEVnoTEW, LHL, BREL THSNZREEHREOEETH 0« . 12D ORRRENDH S,
CHRAT Y TREEROESHRENBEREICHERTI~4EEE/NIVWEDTHSZ, TORKIE. BHIT/ULARK
BORE-IZLDBDEEZASNIH, OEREICHRTRENKEL, NIV ADAAEDOEP, BEHEOAL >
BEVALEFRENSKESTHhTNAZLHREELTVWEEBDNS,

G%. SFa—Ey FEBAZERMIFINGD, BOBEEIRDEEDNLZOR. Fa—-Ev MEMHX
BTz THAFNRELIED., AL HOEMIHAL, ] #EXH{RDI2IETHS, ] BAEDERET. |
FETFHNLTECES0 1 05 10450 1 BECEAS TS, Jhid, BENEFa—Yy FHOEER., B 8T
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EFEEELEFIE—L > XD
REARAE - TEHE

1 F

FEFNFOBRREEIE R RI% LHEEAIEL TV, Bennett et al. 2L NRES
NZEFTVR—T -2 a V3ATRELFETFRREN, AT OHRERFEOEVELTH
BRI & 0 &5 5 EPR HBICES VW TWA, 4k EPR BIEOIE L VAR [1,2,3]
WCEDTE, BAOHBYET AR ECRFICIZES TWEEFHORE#HBIICHAW T L R—
F-varERRLE 2 SOLBERERNSAEREA TS (4

%5—O®§%%ﬁ£uFﬁﬁ%&ﬁ%%#mﬁkﬁﬁ#k%ﬁTéﬁjT%D\:ﬂu
EFae—L Y APECEBLTVWS, I —L y ADELVWRITIRFNEOEBEDOHE
YDBIZL, 7ab—L y ANEEL LB THERLEBICLE>THLEETH S,

FRETE, RADTVAR—FT -2 a v OFEIIEIELTFOREREL A TEFEE
e ERT L HiE 5] 5,

X. BESO(3,1) DERTH, SfE-7: THBILENNBOEEE] tAVWTHFae—L >
ADER, BEFROTERNDOBIT (6], 7 - HBEIDEE [7]. —fRfbEhiz<v Ry —FHiE
RIS LB HOREHR (8] £ S EAHRD I L bR B,

2 =ET1HEE
RLADTLR—F—2aOFEIIBITA 3 HFRDO NI

pras = FUN @ [L, 1)y (L, 1]+ ), (9] ® [1,~ s (1, 1]
+206), (9] @ [1,0)54(L, 0]} M)

THhb, 2T
|0); = ala); +bly)y, 1), = —b"le), +a’ly)y, (Bl¥) =0, laf’+* =1 (2)

THH |g) =] o), ly) =) BEFOKFE - BERET., RAE [1,1), [1,0), [1,-1) E=FH
THb, LML, ZEHDRESIAFTIIEREELS t#ﬁ%f YFDRKIE—FHFIoL
PBIEHRA N LIS LN 7L AR —7— =3 > R A, R (1) DIKEEE frog (AR
ZTROBYICEBE ML ETEENTRE LS,

3 HBAIhAENEOIERAR

HTH - ik®§EWAwaEE RCOTHD L, MEEBBHEICLSE AR ML BRERLE
R L A REERED 2 BEICFMIMM BT &, ﬁ&? tCEIJunRTFONEBEYRIET
HBEICETOREEBIIHETVII L, ERBICIJ0OKFOMNELZAET ABRHER
%%dﬁ¥ﬁ$%wﬁﬂ%ﬁb6:&ﬁﬁ#oﬁo

COREBFOERHUHREEIT /70D A X L #I 7 00BETHRETAILREELE
ReVWZ L ERIEBRLTWS, 2N 700 H A X LizI7apnbREENEWHER
TI25 0%k AL OFEE (@6 X) #F2L £ hELL %W, THOIZ L OBEMREDN
—D ¢ L TEFNEHNEDOERE

2
2 = zh{a% - ((AhI;) >p,~ Zpkb—i—; , (3)
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REIHIELNTED, COERFRIHEERL AV GEEEE
p=apl? &/t (4)

LEHRL, 2= - - FDECTHH S0, 1) DERTY b KRMGBDOHL L T
EAZENEEL, AL 03I 700BRTHN, ~7O0DMRIE L &:iﬁ;\“f AL %ﬁ%iﬁ
HELEEE L TABMICIERHERS, IArohOEBRERICLD ((ALD)) = N-((AH*)
TH

(A0)*)

- . 7] 0 — ((Ae)z) 2 —
. — ———— — | ———————— > R _— pry 1’ 5
I‘J-—-lﬁ{aj 53— Dj E pka k}, Q= 72 ) Q¢p v K ( )

FEBZED MRS, SNEAVT, ZONINV =T U5z o Tniuda4DREE K
T LIRS, KT, (ERE Q) 0BAEHELHRE ., COEAENENZEEERL T
A2 ¢ &ﬁﬁ‘bf:o

4 ETFRDPOSHHRRANDBIT

BENE, v 70RDEFNVELTESRKELZE N BOEFH»SLEAZRTHEREEFEEX
Do THOFRDNINWIZT ITFHILEMT

3N 5
H= Z -2-—;-’1- + %: Uijzizj, (6)

i=1

EEITD, TNEEBEEEICERL., 5) DEAFEHCT, TORDIFINF —EF{EL K
Dl THILTRDIRFNVF-=NI 2 u0hb T r7u0FCEREL TEN oTWAMF, 70T
RN T 7O0TIZERTH Y, LVOEBHIPRHETHERZ 252 L2 SBIICER
B, X, ZORBMAHEL ROBTFHIRL B EHMRMIRS B2 RIHHR,

FILEHEFLRERNDETNVEL TD Green HENIFHAL . CHOEHFEICLBBETET
DEETIIRI OV o TERDONAE L B 2 EAHRES,

FILERAFEE b3 25 —FRNIEHA LR ER Y BT L b HRE, FOB
DEHOMENERMTDiIEo &Y L ERHARIBMUERTII R (HABRRLEEZ RIE LR LN
L, FNREAFICYHBEOWLEREIZ L, COERBZEEIORL E L ETICKRBELEERTY
DI LEFIZoEN EET,

HLDORFEICE Y, 20 [HBILINAMNBOERE] &, EFR~DOHRS HHFRN
DEED ) FLEABNCKBAHRLZ L9905,

B COEAFEIZ, bo LHEMLARBOERS L I —MRILASTETH H, Th4HED
RETHD,

ZE M
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[3 ] S. Machida and A. Motoyoshi, Found. Phys. 28 (1998), 45.

(4 ] P Busch et al., Phys. Lett. A 284 (2001) 141.
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R =2 —T Ny FT—7 LXDIEH

BEX - BT LibXB
BREX - HT EmHER

1 HEEEHN=1—FILRY  T—5H

MM =2 =7 L%y PO =2, F2a—n ST VS MOET S, TROLEEN
Za—BYEEARSa—T Ry U= ThE. WEH=2— 0 I, BRI 0 2 1
OHBIEE T2 =a—n b, HOIMEIMNE S EREHEHNT D=2 —a 02 0n
HD. INLOREEH=a2—FLXy hU—7 OFSIE, HDADICH LTEICE CHANE
LD LIERLRNZ ETHD. £DH, BED=2—J Ny NU—7 LIZRRY, FHE
MENE XL CIBETEX A AERZOD TV, £, FYEIBVLWGEED=a—F LRy
FU—2iE, FBICAOBEETF S OHIL Xy FT— s b BOND N L D2 REEY
B/INZTHRG A—F 2 BREET DD, BEH=o2—FLXy NU—2 %, FOLELER
L, RNRIA—FRBEEMEETD. LoL, ELETRIA—LE2—FIHETDHZ LT, ¥
RTHYHENICLHETHD.

%:TXﬁ%Tm,%ﬁ@,ﬁﬁ@@%%%:nwﬁw*y}Uhy@tg%%n%nﬁi
L, RUEEEEZEAL, TrFhAoErAV-HiE R EEEAZBREL TS,

2 HEECIERROEE
7 —4 (x@,4@),i=1,....n L LT, BEN=2—TF LKy T —7 SEOHELE,

l= ZlogP(t(i”x(i))
i=1

EBRRICTBRTA— S £ RBELICEDD Z L BAMTHS. LovL, BEHCH L T
ZOFBENRRD.

(1) BESR OB A

4K BhORB=a—T Ry NU—sEELE. B 1B ELE) BANE KB
(B FRE) BHAE, TnUSOBERBIEL L, ANBUSOTRTO=2—n v iIREm
Sa—BYTHEETD. Bk @O0 M REMNSI Mk k), BEEEH L+
OmFED=a—a L ORIIHE DN M KITERRY ML wi(k) E35E, HEk+1
BOm EAO=2—0 5 1 EWAT BHEL [(wn(H)Ty(R) & BT 5.

Bk BOWH y(k) BEZONELEDOE k+ 1 BOHS y(k + 1) D&IARERT

M
Py(k+ Dly(k) = TT {F(wm (0 y ()} {1 = f(wvn (k) ()} 7

m=1

LhNTB. A FEBCEALT, BYORY 2 A0 x® BEx bivi L &0 y(k) TORHE
T, EREL 2
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z=i10g > P(t“)ly(k))P(y(k)fx“’)=§njlogEy<’°>"‘“’ [P(t‘“|y(k)>]

=1 y(k)e{o1)M i=1

ERTIEBTED. ZIT, Lymefopm E M ED 020 1 OFSTOMBEDLEIZET S
Fn, BYWRD 130 AH x@ 85z Rk E XD y(k) TORFETHS. ZHITE L BIOT
DOREeEL, ThUADEDBD 201Xy UV —JIRBILTLEEEZRLIEZLDOTHSD..
ZLT, PiOy(k)) BEDE L BIrETOXy NI —7 2EORUMEETHD. =2—h
VIETERBDNRT A—-FERLMET D, TOE, T haikiy AV CHHELFHE T
L BRACHER TE B LB oot T, ZOFEIR, BICEEEEREKIZT S
FA—FERDTVE. LetdoTT, FEMEEOENIHEMNREL T2 THD LE
BqTxb.

(2) EFEOBE

Foa—a EERSHICLENIEEZHNTEEE XD, 2EDOET VL,

K
y(K)=W(E-1)"WE -2)T - W) Tx+ > WE)WE - 1) - W(H)Te)
j=2
Thd. EEL, Wk) = (wik),...,wy(k)) ThHd. 5, @RECESONCELEEZITS
L, BBONRITA—FORE, WK ~1F WLT Lm*wé EMTERY. Lo T,
%Wﬂ»@ﬂm??ak&é Lod, BEBEROL I ICRERLEZHWT, £2XEL2 0584
THTERN. FIT, FHMBECRKESERT S, R LET

[1769y®®)
=1

E¥5. L, ftly(k) 138 k BOWN y(k) 25272 &0 t OFERBETHY,
y(£)D 131 FEROIET—FDAN xO REZ N LEDBEE BOHATHS. 4, X =
GO, xYT Yy = @, T L LT, 2RERRKICT 8T A —4 Ol

w1 ---W(K-1)= (XTx)"'1xTy

EREY, ThEHEEE L, EBTOXMMNLECRNMLEMRE, Wk).-- - WK —1) %
HETD. £LT, & W(k) ZRELTWVL. Z0OB, LIZEEEE, ELr7hinlkTcHEr
il T2 2 &ENTE, LEB- T, £UEMLECENL, RERTRERMES FETLE L
FTEHEDICEALTNWHLERTXS,

T, BRI CEFRROBAET, BRI A—FOHRERITI TALIY RLAOHEE, =
72, TOTNTY X LDULHME LI T 72,

MEN=2—FNVRy NI —JL, BENRBXE2RATES VA LRERFHLODE-
FEHETATHY, TOWRMLRIESNTVBZ ENDT —F MO ERER LKV BS
LEZDND. S%IY, THOEBRDOREBOFRITE L TVAENE I PARRT — Z it %
TolzLT, F—5BITOBRL LTHEDTHALZ L ERIELTV.
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Za—=5NFy U= LHNATFESCRBERI T L OMRMIMIC X 5 e

RKEX(CRFEFE BRERRT

1. @BUdK

Za=5Fxy NT= ARG E LTT — 7 BT )R ORMEERETT - /o (EE12001) .
Za=FERy NI~/ ORMEFRE KT 2OOHMERTHS. JI TR, HEKBRERLIIEN
NEBEHEOVEDTHAIMEEL (BAEME) 2 —2-S5hxy bI—JTRRTHIEHVEHUT
HAZELEET—IBITIZ L > TRUK. BED/ V854 MYy 7 BERGTY T — & OFREIER
KESCHORHL, =a—F/Ry NI—JEFNREMAE LEMELEELT s FHROBEREDE
THEMBEBELEBTZ I EPREBEHTHE. 0k, PHEOHIEBE TSI LTEALES
BHCHMBT I ENTES. ESMER, BESKHOITE, KLEDH B3 Bayse MIFED,
Hinkley(1996), Hinklcy and Hinklcy(1970), Hinkley and Schechtman(1987), Barry and Hartigan(1993)iZ & - T,
REMEEEROARFEL2OTE, CF (1986) R EORANHS. KB, KANOME, @EENR
HMOBPAI, COBELRBETNVTERALL) ET5 &, F—IRIIOBIZIEHATF (¥ —KHO
k, BAEHICMAALERDD, TOEEBD SETNVBERETOEASOBHPCEBERHKT S
EREZSNE. UL, HEREEEEZAVCALUTLEZROBEHOREELOLIICHBTING
HUuL.
2. BEy

ERHRIH GDEEGDP)IEDWVWT, Za—=J bRy V7 =7 OANZEHE U T, A B (1, =1,
2, ) L EHTHEAT UAERERLICRT. AlCR/ME, PHBL=y MBI TH-72. OIS
BFFLIPFHEOEI=Zy b 1IHSIOHAEIIY A MERUAABE (Sigmoid decomposition) &,
GDP £, FAMED S S5 7R LIZR L. &=y FOEFRMFI BEPLETH LY, ZOHR
25, WEECOLLAES T TRALBE LDBL o0 — =) wio s
@ﬁﬁﬁ%ﬁat.zmﬁmﬁi—ﬁﬁ%zu.3m@ RO
OF I —EHE 01, 222 AKMDY I ~FHE 1, |[RIEBII-UPBIRS S ALC

t 1 0.01086] -152.9
232, 233, BKEEDY I —ZME 241, 242, 743, t 2 000745  -15438
t 3 000379] -163.0
44 ERE LU, FB (1992) FIOEELBEIILT, B t 4 0.00307 -161.5

F2. HREIFESH

[KE RHER BHBER| RS S[A1C
0 [t 0.9698] 0.14995] —99.8
t Xt 0.9886] 0.05732] -118.0
2 |t 211 0.9810] 009477 -107.4
t, 211, tXz11 0.9965| 0.01771] -140.6
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M&y I —ZEHOMOEEHRUEERICMZ THEF UABERITHRER2ICE LY. 1L EEK20
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AIC R H8E 3 &, kB 4OBEHETF, BWH&, 7 -EHLOBOEETLERIMIP—FRVEER
Thot. B2z, COBITREREEL, HHEEMNE(Tn)E 4205 I —E# (21, 22, 3, z4)T&0D
SERTREUL.

3. %%

B1. Sa—5A %ok I—0sF 5 RE GDPAFlc & - T, Bl Attt dt = o -
* : Sk b T—7 THRIFL, ZLAERE
0s VHAT A AEERLE. Za—F%ky
0.0 I Db DI NEOEKE, HETO

NS\ N SN SN SN S\ SN\
N Y Y Y L EITE #
& \@") F & \@‘V\ & & & EEATIMELERKHLTOENEE
——EREX @A) : 5h 3
—o—w1#f(h1)=0.956/( 1+exp(-1.87+0.27t)) Rohs.
——w2#f(h2)=-1.043/(1+exp(~1.47-2.301))
—o—w3(h3)=0.185/(1+exp(~17.1+1.64t)) B .

—o—F DI y=-0.136+w1#f(h 1)+w2+f(h2)}+w3:f(h3)

Asano.M.,,  Tsubaki,H., Yoshizawa,T,(2001)
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—@—~0.011 % time —o—~1.24821+0.066(z1 X time)
——-1.3332240.083(22 X time)  —8—~1.53723+0.108(z3 X time) Biometrika56, 495-504
——-0.67224+0.036(z4 % time) . .
Hinklecy, D.V. and  Hinkley, E.A.
*) F Bl =1.196-0.011 X time~1.24821+0.066(z 1 X time)~1.33322+40.083(22 X time) (1970).  Inference about the change point in

-1.53723+0.106(z3 X time)~0.67224+0.036(z4 X time)
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Biometrika, 57, 477488,
Muller,H.G.(1992). Change-points in nonparametric regression analysis, Annals of Statistics, Vol.20, No.2,
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Nishina K. (1986) . Estimation of the Change-point from Cumulative Sum Tests, Rep. Stat, Appl. Res.,
JUSE, Vol33, Nos4, 1-4.
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KE7— 8 OREA & AL RICREREBIE
A B (ERRAS W), O WL B (SR )

1 EU®IC

ARETIEL, KET— ¥ ORBDO OO ERTRERRE (MDS) DREZT). KET—F25H
F0F FIFEEUBATHIZER L MDS #FIHT 2546, ZORERIIEML O LY, BRIEEE
BIBEDEV, COBED 1 DDOfEREE LT, kmeans EDI FAY A L TEILEIDTFOIT NV —
THTEL, K7V TORKE (H1213, :Fi'ij) %7—5 L LTMDS 2 EHTAZIENELLN
B, ZOBE, TV TEF TSR VEROBFREIBES IR L. LELERDL, ZOFEFS
< @‘I%éﬁi@fa%m#o DIIBHT LI TOR V. 22 THA 1, BITAEEISROONIHERD
AERFETADTIEILATT — I OBEOERIELETRA—OEMIIERTHII LA RETSH. B
RIICIE, TF— 9 2O DDFETT V=TT L, B 522007 V—7ICBT LB OIE
B A 207N — THEOIEFEMM OV K LEH S &% X, Ramsay (1977, 1978, 1982) TH]RHE
ENTWVARLSRITREERE MLMDS) 2 BT RO ER L ERRE L KDL &
TRET 5.

2 UI7RZ—LEMBEESD S UEHEERRKIEORTE

NEOF—=% y, (a=1,...,N) » k-means EDA LN 725 ) Y 7EIZLD n @D
SAF—C;i(i=1,...,n) KHTHEINTVELETH. bEDA, AW RHERIZLIVGEINTNT
bhT b, O, F75A5—C; L C; OMOFEELMICE LT, RiR; ED

. 1/2
dijri'f'j = [(yn - yT‘j) (yT; - yT] )] (1)

FERETE. 22T, Y, Y, BERENC, C; BT D r FEH, r; BEOMROT -5 &RL
TWa, ZO RRj D dijr,r, \EBINEEE D72 dije; (i =1, RiBy) 822DV 5 A
5 — B OFEFELEOBAEE LTIR) S Li2T 5.

&b EE L MDS OFHEILZ OBAED T

1]7‘ Z dur /RR (2)
Tij=1
FIREMET S LEXDILTHAH. TOK, FEEZRODINEHROBERIZIZ 725 ~Hn
WER D, FELMRLIBESHICRL. LAL, ¥ROZERPLRTT— I LTHRATA T -5
DL Bo7DIIHE LB ESITHYHMETELHREEFEVEE.
COTEEEOME~D 1 DOFERFE L LT, Ramsay(1977) ® MLMDS (2 & 233 ROFEDO®R
£ L U Ramsay (1978) ICEDSHEBEOFERIBORELIRET 5.

2.1 MLMDS IC &3 TBNDHEE

z; = (T, Tig, .- ,zak) G =1,...,n) 2HETRE n HOHED k RITEMIZBITHEEREE

- /
L, Z OxgMERE dy = (T5_, x,m~xjm)2)1 L ii=1,.m) e:m. dijr,, % dZy O
r; BEROBEME L, 2N 1 i d. TEEBE f(dyr,) ER2O0MICEsTVDLIRET 2.
DT, HHERETV: logdiy, ~ N(logdy,02) 8L UERETFV: dy,,, ~ N(dlj, (0d*)?) @

‘l]’

ij 7
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2ONEF NV EEZ, Ramsay (1977) IZHEVy, BAEEHVTHE o, EBAHEST A -5 o? 2
ETAH. MAOIMEIZL D FHEIIEET 5.

2.2 TEDOEAEEXKIEDRE

EXSRTREEDOFEIL, SX0NETF— 82 TRTHAVEI SAY—DITBERRETES
PirTal, BAEXYAVTwAZ 20, BAERERCIIEERKBOECOITREL 25 LT
$%. T 2T, Ramsay (1978) TRESNLFRICETE, #EEHRKIROHEEIC OV THERS,
BT, 0=Vec(X) T%HbL, X OERZHELIZIENR I xnk X7 PVER.

35 A— 5 DOEFIZHE LT, $RTREMEBEDS & IR RICECILAHENO B HEMDH
B0, MoPOHBEMRRCERY, —BIZET LRV, 20X %Hl# ¢(8) 12T, Ramsay
(1978) TiZ, EERILAMADEHBABEEMA L EVIHITIMAT, ¢0) 2° 0 DEALHEER TR
KIEH L 2BHEVIREEBE, q0) & logL(0) PEFEZBRKICT S 6° »F (—&I2) #AET
BEFRELTWVS, T2, TDXI% 0" % 0 DHEIFHOERAMERLIFATVS. Z0fl#Ho
ARAEER 6”13,

9(0) = log L(0) + q(0) (3)

EHERICTHDT, TNEEEIHITKRODBRICE, ) 2BEALLEPLBERBLIRIETELRY
VA, 2B, DT A= o2 IO TREE EFEAHICRD 5.
BHEEEXIFIC oW TIE, Ramsay(1978) (2 & b,

Pr{(8 — 8)'Cov™1(6)(0 — 6) < xﬁ,a] =l-a (4)
PESPNTVEOT, LT T 0 OZHE LTROLZ EHFTE B,
(6—6)'Cov(8)(6 - 6) < X} (5)
YATAR DR
TO) = I(8)-Q9) (6)
oL\ (8L\’ 8°L
o = =|(35) (5)] - = o] "
_ %)
Qe = 222 ®)

THY,x2, CEHHE p O f ZEFHD 1000% A ThH5. £72,p 13 Cov () DR TH 5.

SRTEREEREDHEIINT A~ 5 SEOFEBERRKIETIIR L, B4R EHEL TS n @
DEELFRICER LA L OEERIBICBRYDH 5. 0 DEHEEREL» S, FO—EBDIST A —
5 DRB5H b ERFH IR, ZOIBEEDBATHIOHEE D Cov(8) DFDI8T X — & 33
THEIITH Cov(z;)) L LTHEZ NS, LoT, R TEOFEDEERRED

(& — ) Cov~" (&:)(: — 2) <o ©)

Y DEBELTRDODBIEHTED,

b, o 0

25k

(1] Ramsay, J. O. (1977). Maximum likelihood estimation in multidimensional scaling. Psychometrika,
42, 241-266.

[2] Ramsay, J. O. (1978). Confidence regions for multidimensional scaling analysis. Psychometrika, 43,
145-160.

[3] Ramsay, J. O. (1982). Some statistical approaches to multidimensional scaling data (with discussion)
Journal of Royal Statistical Society, Series A, 145, 285-312.
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BRIFEIEE 7 IV OEENER

JeiERE  KH IE5L

1 Ui

J& 5% [0]J% (Sliced Inverse Regression; SIR) 13, Li, Ker-Chau[l] iZ & ) 2 s /- F:
Thh, RIFTITICBIT 2HAEREBOXRTHN T BRIZ L7 DTH 5, BRHISERIET
FHINTWAETVIZIFFIL—BN2IDOTHY, NHAEIEHV, BEKLE 7 VT X4
& LTit, SIRL. SIR2. fii3E SIR. BHEHNC LB SIR 2 L05H %, ZhoHDFED—ER
oW TE, BiEFlzH.0E LT, ZOERPRAIRE G I TV D,

WXTIE, BRERTIRE SN TV AEF L (MUF. SIR EF L EIER) 12DV TH
M EREIT),

2 RERgEEOCEFIETILIY X L

EUESATIZ BV CHABRBOEEDS L WIHE I, BIRRER ED/3T 2 — 5 O5ETK
EL DRI VR EDMBEIEZ B, I T, (HH) BEERRCHALHOZE &M/ T 5
FEDPSEREEIN TS, UTFTIE, HAHEEROZMEHENT 2 HED 1O THLIREHHE
EFIZDONWTHRR B,

SIR Ti¥, EFNVE LT,

y=f(ﬂ1$,,62w,"-,,31($,6) (1)

THEET D, TIT, I p RIUDHMBEZRTIINY b, B iEKMDITRZ v, €
it EMVAMRER, f13 RET! FOREBELRROOBETH L, Thbb, pRITOHH
RO K RIS EEIZT T,y 2 Mb 72D ERIEEETAFTELEIRELIZET
NTH5b,

SIR IZBITA2HBIZ, BB fEeRDODBZIELETIEILL, K REHTZEET bbb RT b
VB, Boy Br EROBIETH D, 20 B} = 1,2,---,K) & HNRITTHE/N
(effective dimension reduction directions; e.d.r. A1), TNHDXRT MVIZXDELNS K
RICE 22 & BRI RTCHE/NERE (edor. Z2[H) & L 5K,

3 FEHMZIAHOEE

EX|y] 2T, edr. FAZRDOFBIZEFT5THB, £ T, £HTESH Xy
FEEK, RET 5, DT T, o HEEERSHICH) LIRET S, 2E 0. 2 ~N(0,I,) &
T2, bL., ~BOERSHTHL LD, T74VERIZED, ¢ 2FLTHZENTEX B,
—fREERDT B8] =6y, (1,7 = 1,2, K) EIHET 50 €T T {B;} (i=1,2,---,p)
PRPICBITAERERRERAL) BB (i=K+1,---,p) ERAZENTES,
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z X, N(0,I,) iHEH DT, mw,-ﬁag%ﬂﬁuNmJgKﬁioﬁiwtszw=
Bix LB, BREWR ¢ 2LTOX)ILERT %0

¢($17"'a$p’5) = ($1,"',.’Dp,y)-
Yavyry Jlig

J_l _ 8(331,"',33;»?4) zl @ l
oz1, -, Tp,€) Oe

Y %2%o TIT, R, 1y, o OBIBTH B, I T, (B, -, Bpz,y) DEEBHIL
hBi, -, By, y) = (1) - - BBy )Y (B2, - -, Bk, Y);

ERBIERBERHITDD, T T d(z) = 1/V2mexp (—22/2) & L. (-) ¥ Bz, -+, Bxx,y
DB TH %,
FfFfT & BREREBUT,

h‘(ﬂlz7 e 1ﬂpw l y) = ¢(:BK+ICC) ' ¢(ﬁpm)g(ﬂlma e sﬁK‘B),

Elebhe 72720 g(1) & Bz, -, Bz DB TH Y, BE. LROMGOBEBK LT
5w BLEIZL D, h(Biz,---,Bpz | y) 3. ERGH ¢(Bgii2) - p(B,x) LIFEHRS
fig() WO RT2ZENTE S,

SR EHE. FEREREEER RO T -0 ICHESN-FETH S, $12. Friedman
(1987) 1. FERELEETHAHEEL L ¢, FEEHEZFIA L T 5, SIRpp (Mizuta; 1999)
X, TOEZFICEOVTWES,

4 HHYIC

RB|ETIE, SIRDEZFHEMMATHEE DT, GTEEHESR SIR ICFHT 5 FiEnig
FREBHAERIFETNVOESEREHE L7, SIR DB#HO— L LT, SEEN PRV
EXFRETONE, FRISF LT, BREFETIERITIA AOERH 755880 E47L72
(TidVITFRV, LL, —fRICAT A ADFEEKIZ. FNEIEE LT AHLERLZVOT, 8
%%&m+ﬁ%m%&ﬁﬁﬁﬁf%ﬁ7 ETHB, L L. SIR # SIRII & D EE/ 2 Bk,
ATAADFE ATFAABOERE. Ed wh) DREE. SHEBHEDERL L. £{0
BEMNKRINALTWES,

SE |

[1] Li, Ker-Chau(1991). Sliced Inverse Regression for Dimension Reduction. JASA Vol.86
No.411, 316-342.

[2] Mizuta, M. (1999). Sliced Inverse Regression with Projection Pursuit, In H. Bacelar-
Nicolau, F. Costa Nicolau and J. Janssen (Eds.): Applied Stochastic Models and Data
Analysis. INSTITUTO NACIONAL DE ESTATISTICA), 51-56.

[3] Mizuta, M. and Minami. H.(2000). An Algorithm with Projection Pursuit for
Sliced Inverse Regression Model, Data Analysis, Classification, and Related Methods,
(H.A.L Kiers, J.-P.Rasson, P.J.F.Groenen and M.Schader Eds.) Springer, 255-260.

[4] Friedman, J. H. (1987). Exploratory Projection Pursuit. Journal of the American
Statistical Association, 82, 249-266.
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RIE7T— MR NI v iEEFOIE
TN KR FRR B A BRI

TEOERNOEONIBMEEERND, X527 7 A L THROEEZ &
F TN T—=FANT v PREEOERIZOVWTELET 5.

X={X,.. ., X,} aE07T—FLL, ¥ ={X},..., X} & X hofEuml T
S E DB ORI ERBER, 512 X = (X, .., X2 B X »bETHH
T U LIEBEONEBRAERLT S, ZOLEF TN T— A NT v A
X, XX\ ZEDOTHERIZ (T2 9 L 0T, HRORBEIXER DD, BOA—F—
FEENEZI AL WVWIRBERLHS. ZORBEOMBRDI-DITHRY RUBFRE S
TV, ZIZTEE7— MR RN o PREBEIIH LT, FEEOA—F—2 T 523,
HROBEZHTY TFRAVWFEEZREL, YaILb—varyTEOHFMEEZBIRL
o, X* BNEZbhLEZE X, DER

P =n"! (number of appearances of X; in A™*)

%%Z_Z) pr= () EBE & = f(pY) %?ﬁ?ﬁ“lﬁ5§}:'§‘?§). =t
NWEBEOUF LTV T HITR LEO—ERGMEL, a=fp') & o OBEFE
0)7\‘** FA DT v AICESCHREL TS, [ 2Rdbhr2B@Ee+sE

F) +X:'—pzh )+ = E:EZPH PIMDi — 20 () + -
L] =14=
LREEND. ZIT fi () & (07/0p;, ... 0p,) fp) ETRE O SR &
T 5.

Z Z T Calibration {512 X 2 EERE OHMICE T 5 Weighted-bootstrap (ZX %
FT7ZO—FIZONTEZLS. 6 % 0 OHERL L, 0 & X ICESHIST B
EEETS. é%’ =nl/2(f — 9), T—nW@“%yTT“&T“Kﬁmﬁéi
ET5. Ear) & o) & P{T*<i(a)|X}=a RO P{T™ < i*(a)|X*}=a &7
5. 3 —/J(a) &

P{T" <& (B)|X} =«

DFRLTA. BTN+ F— AR NF w7 Calibration THD 3 2{E5 L EBHREEDK
BRI, EEKE I(o) = (—c0,0 — n~2{ (1 — a)}) 1T a + O(n™)) OHERE
O, Zhik

PIT < #{p(a)}] — e =O0(nh)

MOEIND. ZOEE o) = f(p') RO i (o) = f(p*) 2 a4, & DEITHS.
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AETRET D Weighted-bootstrap 12 L5 § Dl g 1% f(a) = Q~(a) TE
Zbhbd. ZIZT
x}

3% TERERIZLOICLZEERBIIR CA— 4 —DRBHEELZFO.
ERICERERBEAER T L X1X 0 =0 — ) f(0Y) OEBEZRO L S IZEHE
T35, —n << iz LT

Q) = P{T* < i) + 2 5 = ) F(s")
i=1

ll

nt4+48 if j=1
ppt =4 0T = if j=y
n! if JF A oriy
LRE, EBICAESNZ A ISHLTY =6 Siupr — o) {F) — F0)) &F
% &
by b as 0.

T, 05(1<b< B) Z b EEOBHBERICESS Ty IS Tb0 LT 5L

. B
Quslt) = B S 1[5 < #(9) + 67 (i — ) (64° — F)
b=1 i#k
2 Q) PiERERD. Z2T o’ it fM) OTRHRERTHD. ZhEEST
EERMAHRTE 5.

VaIlb—varORRTY, IOFEEF TN T —FART o ELRLCDH
WDORERHDZLnnhrolz. 7— MR NT v 7EIGERGBEORNFEET, Hil
DEELEVI L0 bike 2BEBRICEH &SN, BERMNBEELBHLOMIER TV S.
ZTOEKRTYH, TOFEISBIELIGHAENDZ ENHIFENS.

—636—



—a—BfHEFINVE VYT LTS

KERELGRE KE BEERED 5 198
INA D)V E MR &40 BEREEY Mk %

1. [FU®IZ

AEWETIE BBHE -1 —5 )b v b7 —7 & HFIFEEE(Discriminant Problem) IZ# M 3 %, JhidDo
P RT 4w 7RIS ’Fﬁ@ffﬁﬁt%x_En%c T YR OENEFRICH 22 5. RERNEEDIEE
R T 5 2T TIRAT2T, BYRERETTIVCRR LaITidzs v, HAEDHERK
RICE > THY hT— 9tﬁ&%&b KB HED HEHAHERI 24T 5 (BIK - 1E43,1998: 473
5,1998), 7 — b X bT v FETsujitani&Koshimizu, 200027 2 R =N F—> 3 VgD ) o 7

D78 REBRL, RNy MIOWE., i) EAERE. i ZAHREDONS 7 AFEEB L ) E
TINEZW(EIT) 2 HA B,

2. Za—O¥PEFIL

ZHHRBIEDEEH . LT, AT T T — ZEEITF 2 (1155,1999)0 BRHIZIZ. 4 FE5E
DHPAZER() R 7 EBHMENELL R, AT 2R, ML B, EABR)ICE SN T 4 B IR
GHiHX /= 119 FIDF—»IZ, BEH_2—I V3 vy b= 2lEHET 5, K10 LS RREE =
2 —=Z)A v MIX>THRIBEZIE S HH. H2A9 =2 2RA L EDH M.
BDH BTy MIABZRAZDHERWBERLEZION D, [ HOFRPER» S KD A NHE
b, Xy x }735‘?%%7!17“:&%\ FHBOE j 1= v b OFEHEE

u, —Zuq o, J=1 0 Hix, =1 (1)

DER Do (NADOWEEM U IZSTEA MDDy ML
1
2)

f(”’) T4 eXpi-u] )

ziid & BhEDSH ja=y bl

v, = 1) o)
MRED, ZH3 I E~OIE MR

Ve = é)ﬁ,-ky,-:yo =1
ErBo TOVIIYT MY IR(—RILO Dy MyERERT L. BiHH

o, =glv,)= m k=12...K (4)

Y explv,)

k=1
HifE S N,
KMEOEIZoWT, IEAX ={X, X, X DB OREETZ, 2210, X, =

WO XD X omms XM . T EOANE k2, THEE LT 0B,
K

JFJJWJID=ZHJ§E®ﬁWMEG“\ﬁﬁ@%ﬁ”-q“(&eye=hxﬂ}féa\
c=1
LR

HH Okb .’ ;" =1 )

THZ BN, ( A%mju@%é;‘“ (Tmz%\ G ={a,}.p = {f,) WELHERMLE) L 2 2,

3. UBLTUY LYk
(MNT7—KrI RSy Tk
Za—T0NF v ME, RHEMET VO TH D0, BEOEFNLEMELEZRIEDELTWLD
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(model misspecified)& & X %X E T % (Anders&Kom,1999) CDRME . BHENIZEODETILAEE
NTNWBIERAHRIC LA AIC IZXBEFNVERIZR Y TIE RV ZOD 78, TIC(Shibata,1997)%°
NIC(Murata et al,,1999) S IREI N T &=,
BETAETNVDPEEESH D &, MHMAEOLRIZEI T, EFNVEERTZ L. HAHR/NS A
—PHORKEVEFTIIF BTN T, EIC(shiguroet al, 1997;Konishi&Kitagawa, 1991)1&, AL E
DINATRET—IFA NS TEEHAWTEREE LT WS, 7— I MNT v T EEHWS &

o =Ex{lnL(X 16(x"))-mL{x" 16 (x "))} (6)
2L/ P ROEMEDBENDe 2EL. X =X, X}, X} J&7— 2 b5 v 7igkT
»%. 6(x),6(x )i%n%n%ﬂ;ﬁmﬂKX BLUT— PR IS v THEAX TR DL 0 ol

T2, CDEE, T— R N2MNS v TRICE T EHRBHRE

EIC = -21nL(X |6(x ))+ 2C" )
DEsN. EIC PRIMNDEFNVERBEETNVE UTGERTAI LN TES, 2B, KRETIE, HE
Yo7 RIERT %,

EFINVOESEI. BB deviance)E FAWTIRIE T E %, LA L. RETIETFTCWE )V —7
fbahThwiWIET—2DFE. (8) XD A4 = FMEIL KL/~ 720 (Collett,1991; Landwehr et
al,1984), #ZT. 7—FR} 3 /7“@3:%9“ RENADHEHE ZHA %,

FIZ. MBI CIIERERIZE SO TRS L OHBIIL— )V EH#ET D H, ZOMBIERIZ &4 5
MHAIRIZRMS LOBRABIREWIENZ, REOBRYRIRKIT, PHMERIZESWHTHRI—ILHE
ENEEVWIREDE & TIRER I N BT VIR L TFHEHR ST LEIEETH S, ZhER
M EOBRUFECESIHRZ THET R L. EROBHARB2E/NMNIHETZERAED L, T—
M2 MZwZEERW. RO EOBEBBIEDINA 7 ZFIE 21T (Gong,1986),

@) ZuRIS)F—va ik
THEHRIRREDEMEFIE LT, BERBE T — 4 (Prechett, 1994) 2 B LT 3, T68 ADMERIEDEE DS
HDZBEIIODNVWT, SODORBIEEMBEEINTL S, 2TOF—XIZEL, Z7Oox-NUF—LaLik
ZHEMAT %,
AHBIRA X = (X X, XL X = g, o s | BHO X B EL IR

BAE X, ={X X7, X X X e T B, ZOLE, 20N F -2 3 L
CV i -22 wL(x|e(x, )) ®)

RN ZRBEBhIZ Y MZEBEE T2, ZOMEIX. TIC & HEE% TH 2 (Shibata,1997),
IR N F =33 RIZEBBRHBNEDINNA P 2REIZDNTiERD, FMIEA X I24£5<

HBIV—VENy, ¥ T2 ZOHFN—VERVELE, JFERX CESKANT—F

(x>, <‘>)@%«aw§mx( e x ) ke s

£ <i> <i> 1: 35305
O( sy, (357 ))={omﬂwu

CEHRTZE, JRRT7UTF—2alkIilL BN T RBES ARG
_EQ( <1>’ 7\(} <1>’ . 7 I<l>))
&b,

iz L mODBMEZRET 2 I L L BT NEAEANORELE R D - OBRBE T 2
ADev,;, = Dev ~Dev,,, ©)

EAIVB. I I Da»zz[L(max|X)-L(é|X)],Devm =z[L(max]Xm)-L(é[dl}xldj)] L¥ %o d B
AogmEznaLTELE O oz 6, cLres L(6,]X ) & X, 00120
EECHD, DevDd.f.=n—p,Deviy D d.f.=n-p-1&b. ADev,Ddf=n-p-(n-p-I)=1¢
2% £oT. ADevi lZHMHE | Dh 1 ZRAHITHS .
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AT IV T X LICEDS FHEEREZTOHE

Exploration of Conditional Patterns by Logical Algorithm and its Improvement

MHERF AR WMERER MEKE - LDHE AEAE - T ORBEW

1. FF

Ty b= HENDBITIEN, KET SO/ BERLL., T—FI1 2712
BT EbEELDDHZ, I—TF—Z0 7, 88 —2BR wit. T—IR—2X,
YR EEFBNRNENS T4 A Z o TREMBHIN TV B[],

Quine-McClusky 7JV T U X A[3]2 W= AKRIELF QM )ik, KET— 4 ORRAS4
DHBIAD TENTH 5. QM E1d, SEEBMER O ISERRIINE - THRESHZ /)4
TEIFEHETHD, MRT 53, BEANIC - EHLERT—FTFERAN, ¥ 2 BHELK.
X, X, X, WAL TOSTSENEY—F v ML T2, ZOX5RT—FeHfEl
T, FRICHEELEENEROESBEREBIZEU T, 2EEROHN S &E2B7-T )
EMEHRNT 2. HFTENIZ. BRERY)=1 ERD2HERNY —4 v MEDELE & 72530
BEEEX, Xo, ,X)ICBIDRUMHHDOHERTH D, 610, EEXBAEZEZSEL., EIEE
HROEHEXHEZHE Lz Mok 2N TR 5.

FEFIEIL LTOLI2SBETITS.

AFw T 0 —7 vy MEDRK
RO IS EE O ERE#REWE
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Mining Frequent Patterns from Graph Structured Data
ISIR., Osaka University, Hiroshi Motoda

Data having graph structure are abound in many practical fields such as molecular structures of
chemical compounds, information flow patterns in the internet, DNA sequences and its 3D structures,
and inference patterns (program traces of reasoning process). Thus, knowledge discovery from struc-
tured data is one of the major research topics in recent data mining and machine learning study.
In this work we focus on mining typical patterns in a graph structure data. By “typical” we mean
frequently appearing subgraphs in the whole graph data. Conventional empirical inductive learning
methods and association rules in data mining use an attribute-value table as a data representation lan-
guage, and cannot treat a graph structure directly. What makes the problem difficult is that subgraph
isomorphism is known to be NP complete.

We have taken two different approaches. One is a quite simple heuristic based approach (hereafter
called GBI, Graph-Based Induction). It is based on the notion of pairwise chunking and no backtracking
is made (thus approximate). Its time complexity is almost linear with the size of graph but as is
evident it only gives approximate solutions. The other is an approach based on Apriori’s bottom
up algorithm[Agrawal94] which is extended to handle graph structure (hereafter called AGM, Apriori-
based Graph Mining). Its time complexity is exponential to the size of graph but it gives exact solutions.
Both methods can handle directed/undirected, colored/uncolored graphs with/without self loop and
with colored/uncolored links. The exact method can further handle subgraph patterns partitioned into
multiple parts.

GBI The central intuition behind is that a pattern that appears frequently enough is worth paying
attention to and may represent an important concept (which is implicitly embedded in the input
graph). In order to extract frequently appearing subgraphs, stepwise pair expansion (repeated pairwise
chunking) is performed by repeating the following three steps[Matsuda01]: 1) If there are patterns
identical to the chunked pattern in the graph, rewrite each of them to a single node of a new label.
2) Extract all linked pairs in the input graph. 3) Select the most frequent pair and register it as the
pattern to chunk. Each time we perform the pairwise chunking, we keep track of link information
between nodes in order to be able to restore the original graph(s) or represent the extracted patterns
in terms of the original nodes. This is realized for a directed graph by keeping two kinds of node
information: “child node information” (which node in the pattern the link goes to) and “parent node
information” (which node in the pattern the link comes from). For an undirected graph, it is first
converted to a directed graph by imposing a certain fixed order to node labels. The time complexity
of the algorithm is O(CP + NL) where N, L, P, C respectively dencte the total number of nodes in
the graph, the average number of links going out of one node, the number of different kinds of pairs
in the graph, and the number of different kinds of chunked patterns derived from the graph data.
Experimentally this is shown to be almost linear with the size of graph.

AGM Unlike GBI, AGM aims to perform a complete search admitting its exponential time com-
plexity. We follow the idea used in Apriori algorithm that is based on the monotonicity of support:
all the subset of a frequent itemset must be frequent itemsets. Extending this principle to subgraph
extraction allows us to enumerate all the frequent subgraphs for small graphs. The graph structured
data is transformed into an adjacency matrix, and a candidate subgraph of size k is constituted by two
frequent subgraphs of size & — 1 that share a size k& — 2 subgraph. Notion of normal form is introduced
not to generate redundant candidates. A recursive algorithm is developed to identify a canonical form
for isomorphic normal forms. Using this algorithm in a bottom up manner, association rules having
a support and a confidence greater than user specified thresholds can be enumerated where condition
and conclusion are both subgraphs. One important strength of this approach is that a subgraph is
not necessarily a connected graph. As expected, the computation time is only linear to the number of
transactions (input graphs) but exponential to the size of each transaction and a support threshold.

Extracting Patterns from Chemical Compound Data To see how both GBI and AGM work,
two domains of chemical compound was chosen. One is to predict chemical carcinogenicity of organic
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chlorides, and the other is to predict mutagenicity of aromatic or heteroaromatic nitro compounds.
Some examples of extracted patterns (rules) for the first task are shown in Fig. 1. Botl} {XGM and GBI
worked as expected. AGM can indeed extract disconnected subgraphs. When the minimum support
level is lowered, computational complexity of AGM become a problem, but no problem arises for GBL
The number of extracted patterns is less for GBI but for this type of problem GBI seems to work well
and can be used to extract at least important patterns.

Cl
C Cl /
/ N\ =) Carcinogenic /C'——C\ B Carcinogenic
Cl Cl
. Cl Cl
(AGM) (AGM,GBI)
Support:31.7%, Confidence:86.7% Support:22.0%. Confidence:90.0%
cl
®EEp Carcinogenic &= Carcinogenic
(AGM,GBI) (AGM)
Support:12.1%, Confidence:83.3% Support:12.1%, Confidence:83.3%

?

©/C_ I mmp  Non Carcinogenic
Ci

o (GBI)

Support:2.4%, Confidence:100.0%

Figure 1: Example rules derived from chemical carcinogenesis data

Summary We showed two methods that can extract typical patterns from graph structured data.
One is based on repeated pairwise chunking which is very fast, obtains approximate solutions, and runs
almost linearly to the size of graph. The other is based on the extended Apriori algorithm which is
complete in search but slow, and runs exponentially to the size of graph. Both are complementary to
each other in many respects. Initial results of their applications to chemical compound analyses suggest
that they are useful in identifying important substructure that are responsible to carcinogenicity and
mutagenicity.
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