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IEFHFIOTTO 2R TOBHDOH—EOREIZHET 2 IR LREMRTROLLE
TNEWMTRRE ZIWTEE @HE  fERee—

Xuyoooy X WEWOMMY RREREET, X, X2/ Blng,p) KHED (i=1,---,k) LT3,
ROBRTEMBELYE X5,
RIERER Hy c“pr=po= - = p”.  FEEE Ky :“pr <pa < - <pe D2 Hy TRV,

1. THE - RICEEORITOME) & ORERISOVTDEE

TP KEETHR S MR, THE - JUSBEROMITORMBE) LIXBETREZZEERRL TR,

BIZIE, EOBYdy,dy, -, de(d <dp < <di) & LIEREORISHER P(d, ), P(d2), -, P(de) 23t L. 7
EFEHE “P(dy) = P(dy) = - = P(di)” & LITIUEHE “P(d,) < P(d2) < < P(dg)" &ETBREETT
HEE, HAWVWE, Bk P OoMERIT MR, TRE - RISEROETOME (s, ZoBEITE.
di,dy, A DTEEFBAANHEABEZRAVDETHY, Cochran(1954), Armitage(1955) % & T5%<
OHFEBRENTETHS, L<HMOHN TS Cochran * Armitage REZOHIRIL di,dy, -, di [HEFLT
W5, (BEEE(1082) 2, M) (1986) B4 E, F2R,)

ABE T, di,dg, -, il IHET 2T =213, BIZEED 2BAHREEROAVBBRSNIHEEEE
2B

2. 4 DODBREFEDEN

E# 1 (Barlow, Bartholomew, Bremner, and Brunk(1972, 1.2 #))
Ty, xk EEABNITEEOER, wi, -, wr ZHEIAONIEEOEHET S, 61 < - <O RHEHEFD

-F'G Zf:l(mi - 012)2'lUi %%/J\L:Té (01) e :Gk):(QL ity 9;::) E\ “wla oy Wk %E%‘kj_é Z1,: Tk D
Isotonic Regression (BFRENF) 7 LWk, MEOTHIZ, “0F Tw, 2EARETHo,DIR" EMET S,

Pi=Xifni (i=1, k) £BL, TOHEETIE, KD 4 OOREIZOWVTEET D,
BRE T : HFERERICET C Isotonic Test (Barlow et al.(1972, 4.3 &)

k
Tr= dn(Ui = T)* > e OFf Hy & 54,
=1
ZIT U=3r nUy/Sh ni . U= Sin ()%}, U 1 #BHETS U RIR. ol ZEDEH,
HRE II : Isotonic Test (Bartholomew(1959). Shorack(1967), Barlow et al.(1972, 4.3 &f))

k
<l = )
TII = 2_1: ﬁ(l —ﬁ) Z C2 @H%\ Hl %%fﬂo

IIT h= 3, X/ oK i BF i ZEHETE § DIR, o IEOER,
BE III : REEHIRTE  (Robertson and Wegman(1978). Robertson, Wright, and Dykstra(1988, 4.1 %))

k
Trrr =2 ) [nip:log(B;/B) +ns(1 — p:) log{(1 = 5i)/(1 = D)} = cs D, Hy & FEA,
=1
IIT. cslIENES.
BRE IV : $EEERIZE < Contrast Test (FEHLERFTRMANIRE)
(Abelson and Tukey (1963) . Schaafsma and Smid (1966) . Poon (1980))

SoF L dnawiUs
(Zf=1 4niw‘2)1/2

3

Trv = > c4 U)ﬂ#‘ Hl%ﬁfﬂo

ZIZT, o ITEDEH, X227 twy, -, we 12DV TIE, Robertson et al.(1988, 4.2 1) S4B,
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3. 4DOREHZEICHT HEE

HDFT, ni — o0 (i=1,--,k) ¥, Ty, Try, Trap OERESTIL, RA—0 570 (CHMOBRM
Fn) &72%, (Collings, Margolin, and Oehlert(1981), Robertson et al.(1988, 4.1 %), Kulatunga, Asai, and
Sasabuchi(1996)) ¥7=. Trv OERALFITEREERSA L 2D, E-T, WTFNOBED., #EESMIC L 0 EH
EEXEDTRERITOENELILND, L2L, ThWMERDBAEC LRYETHINE I )L 25,

Poon(1980) ¢X. Tr; #HAWT, H1 DT TOREMNSAIZEI ERESHER R exact ZIREFHIE
FRELTCVD, LT, REIV (RUBID 2 SORE) LHBL T, /MERADHEIZIE, BELILBRENR
HASOETER TS, EWVHIFEEZRLTVWS, 2, KEROFEIZIX, ZOFETFESEE, tWHEDL
RTWVWAB, Collings et al.(1981) i%, #EAMIZ L DEHREBWHE I, REILILED 2V X&FHo
B, BENIVA ARKELK RV TERZROAVIORERTEE THD, LWVWIHIFEERLTWAD, E72, Poon(1980)
& Collings et al.(1981) (X 4L h, BEEILIE, RHALRE Ky (2% LT T2 < unimodal(umbrella) XHz{R3
2 LT H EBEm VRN ERED, LW IBEBLRLTWS, —FH, REIIZ-2VTIE, Robertson et al.(1988,
L1EN) B, “BEIRCI L EBETTTHA I LFBL TN,

Kulatunga et al.(1996)iX. n1=---=np =n & LT, n=10,25,50 DFEIZ. WEI~IV DELIZDONT,
BEAMC LV ERASEED TREZITIBEOERDORED YA X LM%, Monte Carlo simulation Z
LoTHEL T, BBLRKRO LD BEREER, (2B, Z0RIUI, REUL 2 hORE & T2 008 E%
89T, RET & ILIZR LTIt Poon(1980) % Collings et al.(1981) & FROFEREE TV 5,)

(1) MEL & IVIL, EBiISHIZEAEHAEEAVTSEE, EROREDOYA ANRKELRVTES D, B
WADIFTEY TH D, (FEREROEE?) (2) RE & NIITED YA X&RFo, (3) BENLE, H
A ZRBHNTRA LT, REIT LR EBBERT . REI LIV VERD, (4) n AVNEWERE, REN &
I & T, TOFMRHABBNEEDNE, n BRI VEHE, 2 2OMEMOBREADETHE ) 20,

4. TIRLE) ZRV-BRHEADHER

R - SFEE(1997) 12, EBROICRENEZBESL-0IC BELE] 2HVWREREL -, 2L, #ifo (1)
LY, MEIEIVIEIEEOME»LIITL. REINLUIOREZEEL,

EDOFDIZ, ny = =ng=n & LT, —f82 BELE) OFEHLB5B,

EHE 2 0 BRHMO b RTHEAS brE L, 0 BT REME: Hvs. K #5875, Yo ld, k KTES
NI MVT, 0 OTMRHEER»>—EHERTHD LT D, Vo OB T.(Y)IZH L, [To(Yr)>C = H%
%ﬂJ&é@ﬁ%%iéoﬁﬁb\CkihmwmmmHﬁﬂTAKJZC)=a EWHTEQOER THS, =
DEE, To(8) & Ta(Yn) PIELE) LS,

IPELE] L > TREDZ BT 2BRARILC OWTOE ST, 8 - F7E (1997) 2R,

LAL, FELENSIE, BEDOINDUBROERIIB/ONTYH, REHAODEZO b DIIELNR, I T,
B - TFE(1997) 13, Ky DT TOTyr & T OEEEREZAOT, READEMET-7-, (EiE, #5F
ERERE Y SIHBAITIE, TFELE] REREESICMmi2 40, ) =170, Trr & Ty ORAZiE, JEFEF
‘pr<pe < Sp” DTFTOREEER ) BPEITN TV E7H, BOEEN K, OER EICH B4
I, EEIERMEITI B L IE AT, TR RTICRETOIRBLETH B, (RRKOBELKIZLS,)

B - FFEE (1997) 1%, £ Tip & T W LT, o 0FELE @HEEH) LERESBEEE L, Ko,
n = 10,25,50 DIFEIZ, Ky OFRL 2AIZE VT, Monte Carlo simulation BWTHREDFHEEL. JELE
RN DR, EFLELUC X A OEEUE & ERORID & 0, 2T, ZOEAREITKROEY,

(1) REHEERLZ 1 SEEL T, M RBAOHERS S TORBAZHETIBE, n OKEXICLoT
BT OBNIH DM, REHOHBIE, FOECELRELUZE > THRY TE S, (2) MERENOSEZEEL
T, 20ORERFFEORENZHETDHE, n dVPEVEIZIE, FEOLEPESEEIC L - TR % s
DEIERE, n BIREVEHIE, REAOHENT, FEOESCERRELICE >THRY TE 3, (3) BEHDI
. FLEDDVIFERILUC Lo THETT 288, FHRALIC L 2HTOFBETERA L 5 Thd, (4) E
BUEUC X DB ADELUEL, EBEORBADHEL 0 /NSVEERE,

ULEDEDS, 30EL, REFEER 1 DEDBAI. TOREEDRBDORIEEDO A TCOER S 575
DIITEDTH D EBbh 3,
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RO & HHEERIEIZ DUV T

BIRFEBERFRE TR ARESR—ES

1. Introduction

TSR E TSRO CREICHIIRA H B BE, HFBRT T MLEDIERFANE DT EVH D, I
& 2iE. X ~ Binomial(n,0) THe©* =[(,1~¢]C[0,1] AL. 0< (< 1/n %{RE) DB E. MLE
L0Y, SVENHEREHERTHIZENTED. 5, ZROMTREI N 0<i<afBlLO<a <1
IZHRIBEN TV DBE, Oy 2EETOHEREZHERT 2 Z ENKRERFETHD, L L2 L, Brown
Iz &k AR ERAVWD L, YU TAY A X RHRERE TIUE, BRBEKXT T MLE ODHEFEM
PRt D,

2. Complete class theorem %R \-FFFAIEDEEA

TH. FEEHE X PEATMETH, FLT X IAREERET S, D :EZEM, L :#8KEE
O : FHEZER L L, HEHORERRE (X,0,D,L) % (0, X) THFLT 5,

X DETRVESES X KL, O(X') = {00 : g(0) =T,y P(yl6) > 0} LEDD, £575
&, HEAZERE X BHEEME O(X') £ 5 restricted probability distribution Py (x|0) = P(28)/9(8)
M3 well-defined Th 2,

Theorem 2.1 ( Brown 1981, Ann.Stat.) & % (©,X) THAMELTE, X OHNES X' »
QX' # ¢ T, BIZ

(1) % z € X' IZX L Py (z]6) 73 ©(X) E£T well defined

(2) % d e DIZxt LT, 8L L(0,d) 1L 6(X') L 0 oilfiak

(3) —G;(X_') X compact

DEMATI= ENBRBIE, § B34 XE72B L5 7% O(X) LOWHRRME dr(0) BIFET S

Theorem 2.2 X ~ Binomial(n,0) EL © =[0,0],2/n<a<1l. ZDL X OyLe TEFBKT TH
FHEN

AEOME : OpLe DHBMERET . X' = {1,2,...,n} ITRE, ©(X') = (0,0], o) = 0,0] =0
TH Y, limg_g Py (x]6) HERIZL D, x=1ZH LTI 1, x=2,3,..,n i&x L TIX 0.

Theorem 2.1 {ZX ¥ 3dr () on [0, ¢] such that Oy + dr () % prior & T DA X,

dr(6) & 6 =0 ([ZEPTIHI, 0 = IZERPTDED. 0<0 <a DEFZAMMLTEX D, X=11
TS RfFEMLE BNELWZ ENbdr(0) 20 =0 12 1003—E > MEFTIZ LIFRV, KIZX =n
2T Zfpe MLEBBELWZ Db dr(f) 120 < 0 < a DHTITHERBR2N, £HTDE X =2%
BRI LI-BF0-So g, HEIZEY o £72523 MLE i 2/n T—&EY, F /&,

8. £ LT AN XLERDE S BTSN 5 DBM~DF

Meeden, Ghosh, Srinivasan, Vardeman(1989, Ann.Stat.) iX Kaplan-Meier #E &M B LT TOFHF
BMEEFE U723, RIBRC, SIS DOBRRAPBEAEEDE Y U AN =X b R/Ho XK DIk
EEZ, ZOBEOBRAKLTTO MLE OFBFEZFEA Lic, {5, B2 0 7 A D= X LDisAME
BT, A—"=F v 7DREL B0 MLE HEMEHE TIORO 6T, EM 7A=Y XAFEOHIR LEH
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BTRDAZ LIZRD, FLT MLEDBHFEN THIMNENOERT, Bri2bhTuhizhsTz,
ET, LB LAY TR DX LAPRAETRVES TRMNTE, BEICHIEBRR &b, Hh
OFIFN L - T, BEAZROBALS BRI L T8 MLE M EEEZERIOEREZID ] Z&Rbn, =

D& D R, SEEHEEEE AV TEZEA L THhmE 25, BREKLT T MLE OFFFEMENTRET,

Example 3.1 (X}, X2, X3) ~ Multinomial(n, (6,02,603)) THINE PV 7IZED

outcome probability number of observations
{X1, X2} &= (61+62)/2 T2
{X2, X3} Eaz3=(02+63)/2 o3
{X1, X3} &iz=(6,+63)/2 Zya

TSN TOBRREE XD, 012120 < 61,602,035 < 1,0, + 65 + 03 = 1 UADOHEIRITARD, & &
IZH 0 < & <1/2 RDBEHINEHD, T

(1) 212 > zo3 + 213 DFE
Eromie = 1/2, SaamLe = Z23/2(223 + 213) , E13MmLe = Z13/2(223 + Z13)

7:;?‘&2726\ (1) 0)3%6\ él‘ZMLE =3212/(:L‘12 +IL‘23+£L‘13) > 1/2 ’C*ZP)Z)?J\B E)QMLE = 1/2 T“&)Z)o E‘:

Likelihood o €533ET4% = €323 (1/2 — £23)™*® {2 &V Loamre = z23/2(z23 + 113),  E1smLE = T13/2(223 +

713). 3% linear parameter transformation 95 Z & T

OimLe = 213/ (223 + 213) , famLe = 223/ (Z23 + Z13) , OamrLe =0

155, RIERIZ,
(2) x23 > 212+ 213 DEHEE
Oimie =0, amie = 212/ (212 + 213) , OamLe = 213/ (212 + 213)

(8) 213 > 212+ 123 DER
thmLe = Zi2/(T12 + Z23) , bamee =0, OamLe = 223/ (212 + 223)
IDLE X = {(212,223,213) € X212 > 1,793 > 1,713 > 1} TRV, Theorem 2.2 & FHERE XS T
HREIT) & n > 61T bure 1A RIAK T CHERIAH,
Example 3.2 (X, X3, X3) ~ Multinomial(n, (6,,0:,03)) THINELH YL 7ZEY

number of observations

outcome probability
X1 £1=0.C 2
Xy 2 = 62 @2
X3 €3 = 65C I3
{X1, X2} &2=(61+62)(1-¢)/2 Z12
{X2,Xs} a3 =(62+63)/(1—()2 233
{X1, X3} &iz=(61+63)/(1—¢)2 z13

TRASN T2 RBESE XD, (6, ) WL ¢ A0 <( <1 OfEFA% AMBICEIK D72 5, Example 3.1
O & 72 restriction IRV, (& 0<( <1 IZEETS &, Example 3.1 [ restriction 234 %,
T, B2 (=0 OB/EESFAICAND &, Example 3.1 OZRETEL-EZT v OBATER

KT TOHFEMEDN (nMBHHBEREVE X)) FES,
Example 3.2 D—#{LITBEBIZITA D BT censoring mechanism 2% informative Tdh-> T, byrp O
HREART CHFENE RBGAMNASH - TN A,
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Grobner basis and walks on a set of contingency tables
Toshio Sakata and Ryuichi Sawae

Department of Computer Science Department of Applied mathematics
Kumamoto University Okayama University of Science

(1]. Introduction. Metropolis walks on the set of contingency tables were used in Sakata-Yanagawa[2)
and Sakata-Nomakuchif3]. A new theory of the relation between the generation of Metroplois walks
and Grobner basis was found in Diaconis-Strumfels(1998)[1]. According to their theory we made several
programs of generating Metropolis walks on the set of contingency tables and reported several simulation
results. Our programs will be useful for our future studies.
[2] Markov Basis and Grobner Basis. Let X be a finite set and T be a statistic over X and
91,92, 91 : X = Z where Z = {0,£1,%2,..,} and G; be the set {g: ¥ = N : > _g(z)T(z) = t}. If
the conditions

(a) >, 9i(z)T(z) =0 for 1<i<L

(b) for any ¢ and any pair g and ¢' € G,, there are (€1, 9:,), (€1, i), -, (€4, gi, ) such that

A a
g =g+26jgiJ and g-I—Zejgij >0 for 1<a< A, ¢ €{-1,1},

i=1 j=1
are satisfied, then g;,...,gr are said to be a Markov basis. From a Markov basis a Metropolis walk is
derived as follows.
Let assume that we are now at the position g € G;. Choose I from {1,2,,,,L} randomly and ¢ from
{—1,1} randomly. If g + egy is nonnegative, the chain moves g + eg;, and otherwise stay at g. Then in
the limit the Markov chain has the uniform distribution on G;. Note that the condition (a) implies that
g+ €gr € G; and that the condition (b) implies that the chain is connected. Next proposition gives the
method that realizes a hypergeometric distribution on G;.

Proposition Let o(g) be a positive function on Gi. Even if g+ egr > 0 we move only with probability

then the limit distribution is proportional to o(g).

To calculate Grébner bases they used MACAULAYII due to Grayson and Stillman. However we
used Risa /Asir, which has been developed at Fujitsu Laboratory Limited.
[3] Example. Here we consider 2 x 2 x 2 contingency tables and conditional inference with fixed
marginals z 11,2 .12, T.21, .22 Which correspond to the variables y11, y12, ¥21, ¥22- Another fixed marginals
are Tp1,T1.2,%2.1,T2.2, which correspond to the variable z11,z12,221,222. And the remaining fixed
marginals are Z11., T12., Z21., T22 Which correspond to the variables uyy,u12, ug1, ug2. If we set
B =] 111 —y11 * Z11 ¥ U11, T112 — Y12 * 212 ¥ U11, T121 — Y21 * 211 * Up2, T122 — Y22 * 212 * Uia,

To11 — Y11 * 221 * U1, Ta12 — Y12 * 222 * U1, Ta21 — Y21 * 221 * Uga, T222 — Y22 * 222 * U2 ]
and
V= [ Y11, Y12, Y21, Y22, 211, 212, 221, 222, Ul1, U12, U2l, U22, T111, Z112, L121, T122,

To11, T212, T221, T222 |
then Asir put out the following basis. gr(B,V,2);
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[ Toop * To12 * T129 % T111 — T222 * To11 * T121 * T112, U22 * T212 * T122 * Ul — Tg22 * U2l * Ul2 * Z112,
—Tg91 * U21 * U2 * T111+TU22 * Ta11 * Ti21 * Ur1,T222 ¥ Uiz * 212 — U2 * 292 * T122,
—ZIog91 * Tpjo * Upn * 212 * T11] + Uz * 2oz * Tag1 * T121 * T112, T212 * 212 * Uyl — 222 * U2l * X113,
Tooy * Zgg * Uy * T122 * T111 — T222 * Ta11 * T121 * 212 * U1, T2l * U12 * 211 — U22 * 221 * T121,
Ugg * To1g * Zo1 * T192 * T111 — T222 * T211 * Uiz * 112 * 211, —U21 * 221 * T111 + T211 * Uil * 211,
Too1 * T12 * T122 * U1l * 211 — T222 * Unl * 221 * T121 * T112,T221 * 222 * T122 * 211
—T92 * Zg1 ¥ T191 * 212, —T212 * 221 * Z12 ¥ T1i11 + 222 * Ta1i * T112 * 211,
—Ugg * Zag * Y22 + T222, T212 * T122 * Uil — 22z * U2 * Y22 * Upg * T112,
Topy * Zog * Ugp * Yao * Urs ¥ T111 — T2 * Toi1 * T121 * Ui, —Y22 * U2 * 212 + T122,
Tog1 * Ti22 ¥ 211 — U2 * 221 * Y22 * T121 * 212, U2z * T212 * 221 * Y22 * 212 * X111
—Zgo2 * Ta11 * T112 * 211, La22 ¥ Z21 * Y21 — T2zl * 222 * Yoo, —T212 * 221 * Ty2z *¥ Y21 * T111
+2Z92 * To11 ¥ Y22 * T121 * T112, —U2o * 221 * Y1 + T221, U2l * 221 * T122 * Y21 * T111
—To11 * Yoo ¥ Tio1 * 212 * U1, —U2y * 221 * U2 * Y21 * T111 + Tai1 * Ti21 * Ui,
—Tg1g * 21 ¥ U12 * Y21 * 212 * L111 + 222 * T211 * T121 * T112, T122 * Y21 * 211 — Y22 * T121 * 212,
Taoq * Ta1g * Y22 * Z12 * T111 — T2 * To1p * Y21 * Tii2 * 211,
—U12 * Y21 * 211 + T121, T2 * U2l * Y12 — U2 * T212 * Y22,
—T9g1 * Uy * T122 * Y12 * T111 -+ Ugg * Ta11 * Yoo * T121 * T112,T122 * Y12 * Uil — Y22 * U1z * T113,
Tooi * T * Yoo * Uiz * T111 — Tz * T211 * T1o1 * Y12 * Uiy, —222 * Uzl * Y12 + T212,
—To12 * Zo1 * U2 * Y21 * Ti11 + 222 * Ta11 * T121 * Y12 * U11,U21 * 221 * T122 * Y12 * T111
—To11 * Yo2 * U1y * T112 ¥ 211, L2921 * Uzl * 212 * Y12 * T111 — U2z * T211 * Y21 * T112 * 211,
—Z12 ¥ Y12 * U11 + T112, —U21 * 221 * Z12 * Y12 * T111 + T211 * T112 * 211, T221 * T212 * Y11
—Ugg * Zog * To11 * Y21 * Y12,—U12 * Y21 ¥ Z12 * Y12 * T111 + T121 * T112 * Y11, Taz1 * U2l * Y11
—Ugp * Ta1] * Y21,—U12 * Y21 * T111 + T121 * Uil * Y11, T212 * 221 * Y11 — 222 * T211 * Y12

, —Us1 * 21 * Y11 -+ B211,— 212 * Y12 * T111 + T112 * 211 * Y11, Tiin — Y11 * 21k Y1)
Among these only one element is the Grébner basis for the ideal Jr(for the definition see[1]),

Tgo1 % To1o * T122 * X111 — T222 ¥ T211 ¥ T121 *T112. Lhus the ideal Jr is generated by the unique polynomial
which corresponds to the simple movement,

+— 4=
—F—+.

[IV] Conclusion. For more complex contingency tables we will have non-trivial movements au-
tomatically. That is the aim of this theory. Our plan is to construct c-programs which (1) automatically
visualize all admissible movements corresponding to bases put out by Asir for a given type of tables,
(2) automatically generate Metropolis walks and calculate various p-values by using the walk. They are
still under construction. Finally we note that both of calculating times of Grébner bases and generating
time of the walks are increase rapidly if the size of tables becomes bigger.

[V] Reference.

1. P.Diaconis and B.Strumfels(1998).Algebraic algorithms for sampling from conditional distributions.
A.S. Vol.26,No.1,363-397.

2. Toshio Sakata and Takasi Yanagawa(1998). Determination of the No-Observed-Adverse-Effect-Level
by controlling over-estimation probability. Statistical research report No.SRR 007-98,Australian Na-
tional University.

3. Generalized shift test method and Metropolis walk(1997).Bull. of Info. Cybernetics, 29,1-13
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(p,q) B EDIFRFFIFDRE
REXFRKEREH ITHEEBX
EEERFRFERTEFER  IUARER
1 An optimum contrast

Ty, 1= 1,2,"' y Py ] = 1,2,-" v q ’E‘E(IB,’J‘) =9,'j, Var(zi,') =1 ’Ckéiﬂﬁﬁfﬁ%i&'é‘é I Ex
DEE 6 O pxqEINIENENITHI X, 0 LETH, 2FY

Ty ot Ty by - Oy
X=+f1 + ]l,0=1: . (1)
Tpr "t Ipq fpr -+ Bpg

TRMEEKRD L U p< g THHLOETE. IOLIICRTFE EICREBENAHICR LT, Loop
order X* Tree order #H 2B ENDREMBEEE L 5. £9°, HITLFUIENEN simple order & EA L7
BEEZDLIEFFINIILTOLICE LN 5.

b > > By
Y v

1 (2)
v v

\ 9171 2 2 HI"I

Z O semi-order &, (p,q) &~ Lvd Loop order LA p =g =2 Ok &1L simple loop order T 4. o
BEOCE LRGSR H &L, Q OLIRIEFEM IR K 1T 2REMBELEZ L. ZOBREMM
WX 5 LERBREDERILTFET S (f Kudo & Choi(1975)) 43, HAHBOHERVBRIEESO T TOM
BOROHBEITERE ple- D)+ (p-1)g W EEH pxqg LV BV -OTAEEETHS.

ABETIE, ROWHX % L7z optimum contrast BEE 1 THEZOLNBZ L2 RE LT,

p q

14
L(X,C) =) Z cijzi; with Zicﬁ =0 (3)

i=] j=1 =1 j=1

ST o DESE C TRDT. HAKE a O optimum contrast test 1%

L(x (4)
ThA L EWEAREA S 0w, (THEEEEIE LA L o ST
T L C = (i) MU FOFRMenlifzd 2 & LN, C) (IR IGIGE H (ZxE 2 (2) ONOF 4 lGn Ky -
LR B optimum contrust T A
1 o -
Cij =§(I’+’l)+1 -1 (5)
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ERETBREFIE | ¢ MRERBEFEATEDIKOBEETHS.
(@,2) >us L a=a/lla)eC=CNP (6)

IORER, EEMLSESHENMEEINIHEIL, A, (A >0) TEALONIZFERLET—HEMAOL L
FEWTHEYTHD. Y 2HREHHE, FIAIE (b,x), (bel), CLESKRELL, BE ¢, L ¥ DH a
51 BRIBAE ZNER Pla,éa) , Pla,w) TEDT. Pla,da) > Pla,) ThY,p D& a toisi 5
BREZTDETRTILLETRHLEFNIRIETHD. 77205 Pla,¢a) — Pla,) >0 THD. £ Q) *
E2TDaeC KBV TRADBRERTHE LTS, £V

QY) = sug {P(a,¢a) ~ P(a,¥)}. (7)

a€

optimum linear test T2 THBRBERENP T QW) 2F/MCTH LN TH S, Schaafsma, W. and Smid,
L. J. (1966) ix Z @ optimum linear test 2ATFTE L7215 —2Th D Z L #4BRNREHED L ETRL TV A,

3 EFXELEGLHEHE

m(=px q) RKDNY Ak 6 = (6],---,0,) (72721 65 = (81,055, ,6p5) (G =1,--,9) &£T 5.
EFr-(mn) Tl 2 A=(a;, - ,a,) ELNZ12S n(=px{g—-1)+gx(p-1)) ETOHOBRKLS
A, TELEFHITRO L IICEDES

4'6 > 0. (8)
Shiizk v N OHSES N, € N TKRO® Proposition ##i/2d L ODFEENTREIN TV, LW

L,=(, -  DNIEETINERIIERXI MMERDTLDLA B, ZHo0X7 MAMOTES > L >4
PTOUFI ML TRICRE S 2081 A 2 2 A5 4 L THT,

Proposition 1 v -0 R W L.

LUTO3&MGEBILY, KEE n, OFFEE Ny CN HYel &b IHDULFEETS.
N=1{1,2,---,n=1,n} RBHRICLY, MIZINDILDEYND n, BOBEFRLTEZEMNHEKID
C, RIS ED A = (A, Ay) THBELTIDEMEERIETS.

(a) (k x ny) 1751 A, OFEEIE n, THY, Tz AlA ZERTHS.
(6) (A1A))7 i1, >0
(c) (A2A1)(A1A) ™ 10, 2 1,

2. EOFM (b) &£ (c) & Ny %5 optimum contrast & 5 X ALELDERHETHY, TDOm RKOFEHE~Y

b 4, (A 4D 1, kD BABRES.

optimum coutrast [IREBEERVTHE—THIM, EOFREEMAT A, LIL N IZ—FTide0.
ARETIE, Ny EOFETH 2 LIZ80, 20 Ny A& (a),0L),(c) M 2 87T, ZDFEL
Ll L AR L X220 TS Double loop ocder = Umbrella Ovder 4287177 Optoni

contrast O T HVE o 7

25 3k

[1] Kudo, Ao aud Choi, J-R. (1975) A generalized nindtivariate Analogue of the one Sided test. Alem.,
Fuc. Sei. Kyushu Univ. A. 29, pp.303-328.

{2) Schaafsina, W. and Smid, L. 1. (1966) Most stringent sowmewhere most. powerful tests against the
alternative vestricted by a nunber of linear incqualities. Ann. Math. Stat., Vol.37., pp. 1161-72.

{3] Shi, N-Z. and Kudo, A. (19387) The most powertul oue-sided test of the inultivariate novmal mean.
Mem. Foe. Sei. Kyusha Undo. A AL pp 37-44.
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Principal Component Analysis for Grouped Bio-diversity Data

Griffith University, Australia & NIAES, Japan Lukman Thalib

1. Introduction:

Two of the most popular descriptive multivariate methods are principal component analysis (PCA) and
canonical variate analysis (CVA). It is widely accepted that whenever the multivariate data are grouped
and discriminating the group differences using multiple variables are of the main concern, CVA is the
most appropriate technique to use. PCA on the other hand, is used to develop linear combinations that
successively maximise the total variance of a sample where there is no known group structure.

However, when there are more variables than within-group degrees of freedom, due to singularity of the
within-group covariance matrix, canonical variates (CV) cannot be derived. In such situations, it is shown
here, using a real life example from a bio-diversity study and a further computer simulation, that PCA can
be a viable substitute, if the between-group differences are prominent.

Krzanowski (1992) has reported that similar problems arise in chemometrics and analysis of sensory
data. He has shown in such situations, the best approach is to discriminate the groups using ranked
ordered PCA. This is done by ranking the PC using the canonical variate criterion and choosing the
components according to this rank order rather than the ones yielded by the ordinary PCA. He has also
shown that the first few components based on this ranking are the best orthogonal components that would
discriminate the groups and the order obtained would generally be different to the order obtained by
ordinary PCA. The ranking of PC can be obtained by conducting separate one-way ANOVAs on the PC
scores for each of the components, and using the corresponding F-statistics to rank them. These F-tests
correspond to the tests of components of CVA.

In this paper, we attempt to show that there are cases where PCA can be substituted totally for CVA
without any modifications. Real life data that we have analysed here, with a further computer simulation
study, show that PCA extracts all the information that CVA would produce, provided there are significant
between-group differences for all or most of the variables measured. In such situations the rank order of
the PC provided by ordinary PCA will also be the same as that based on a canonical variate criterion. We
extend the discussion further to describe how the biodiversity index that we have developed using PCA
has the same characteristics as the one yielded by the CVA in terms of classifying forest types.

2. Background to the Study

The rapid assessment of the biodiversity of any ecosystem is a key, current issue amongst ecologists and
conservation biologists. The main objective of this study was to discriminate the forest quality based on
the set of subfamily assemblages of the moths found in the forest using an appropriate multivariate
method. The idea was that if an appropriate linear combination of the assemblages of subfamilies, could
be developed then they can be used as a rapid biodiversity measure to classify the forest quality of sites
that have not been examined in generating the original data set.

The data matrix consists of (three forest types with three replicates) 9 sites x 22 variables (moth counts
of each subfamily) and the data was standardised before carrying out a PCA as CVA cannot be used to

due to lack of sites.

Further computer simulation was carried out to test the differences among linear combinations derived
from PCA with those of CVA.

3. Results

The first PC explained about 34% of the total variability in the data and the second explained about
18%. The F statistics from one-way ANOVA on the PC scores indicated that first two PC were significant
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in discriminating the forest types at 5% probability. The first component has an F- value of 125.67 (df =
2,8) while the second component has a F- value of 5.47 (df = 2,8).

The analysis indicated that the most important linear component in terms of discriminating the forest
type is also the first principal component followed by the second. The rest of the components were not
important. The liner combinations that were found to explain most of the total variability in the data are
also the same that discriminate the forest types. Hence, the loadings of PCl and PC2 can be used to
develop the linear indices to discriminate and classify the forest types.

Results from the analyses of the simulated data were the same as the PCA on the original data. The
simulated data also extracted only two significant components to discriminate the forest types. The first
PC (F= 410, df = 2, 26) was the most important component followed by the second (F= 65.16, df = 2,
26). The variability explained by these two components were about 57% and for the real data it was 52%.

Having demonstrated that the simulated data give rise to the same PCA results as the real data, the
simulated data matrix was subjected to CVA. The linear discrimination obtained using the CVA was then
compared with that of PCA. The CVA also yielded two significant components with similar linear
transformations as those of PCA, in discriminating the forest types.

The Pearson’s linear correlation between corresponding PC and the CV thus obtained from the
simulated data was very high. The first PC was highly correlated with first CV (r = -0.99) and second PC
with the second CV (r = 0.92 ). These results suggest that the linear combinations which discriminate
among the forest types are the same regardless of the analysis used.

Linear combinations derived from the PCA are the eigenvectors of the total sample variance/covariance
matrix, represented by S, while the combinations derived by CVA are the eigenvectors of the W'B where
W is the within-group variance covariance matrix while the B is the between-group variance/covariance
matrix. It should be noted here that S = W + B. The linear combinations of PCA attempt to maximise the
total sample variation while the linear combinations of the CVA attempt to maximise the between-group
variability. Our argument is that if the between-group variances dominate the total variability in the
sample, for all or most of the variables in the original data, then PCA would essentially discriminate
between the groups while reducing the dimensions in the total sample variability. We found in our bio-
diversity data, the between-group sum of squares formed the substantial proportion of the total sum of
squares for most of the variables. If the between-group variances are not similar to the total sample
variances one cannot expect to get similar results from both PCA and CVA.

4. Biodiversity Indices

The biodiversity indices that classify the forest types are the linear combinations of the first and the
second PCA. We use the PCA on the original data to obtain the PCA loadings for these indices.

5. Conclusions

In this paper we have illustrated the use of PCA as a substitute for CVA, in developing linear
combinations to discriminate the groups, whenever CV cannot be derived due to matrix sigularity arising
form lack of within-group degrees of freedom. We identified that when total sample covariance matrix is
not significantly different from W'B then PCA and CVA would give rise to linear combinations that are
the same in terms of their significance, importance and biological meanings. An appropriate test and other
comparative techniques that can be used to identify the situations where PCA could be substituted for
CVA are also provided.

Reference:

Krzanowski, W.J. (1992) Ranking Principal Components to Reflect Group Structure, Journal of
Chemometrics, Vol 6, 97-102
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JEFFHIFID T T ORSHREIREDIRE

PAREIRRE - XFEH KE X

1 &

kEOREFA» B LNEFT—IDH D, ZRFhORERIRDOE 6, 6, ..., 6 OEIZHIEF
0, <0, < <O PRETEDLTELE, ZhoD 0 DPTEICERZBORZEDITZ 0, #
WRAEHERER =0 AIC 2¥]0. 2 OERBHETIE. 0L RRAE~OFKEZRL
TRWDT, LOEMRIEREFENEEN D, AHETIE, AIC DEZIZHR> T, BEFFNTTO
BT ERZAWEGSOERERELHZICRE LU, £ ZOFEREOR{RPD 2WIRIERZ
ROIF2A%L LTUSHETE S,

2 IEFHITT COMRERE

HEAHD p-UTDRHE 0 TREN TV L &, RAEZ(0) TRT L. FRUEHRERE AIC &
AIC(6) =1(0) — pic L b XN (Akaike, 1973). T 217 0 IZFHZELPRVWEFOBLHEETD
3. RFNVT 4 —HEWIND p IBAHEROHAITIIRYTH D LB SN DD, BRICHKIND
X5 HEBDHEITIE, BYURDDTIHRV. 2B, BFFHITTO 0 0BLHER 20 2T 5.

HEEXNI=HERHTE §(z) DEDOHEHLLT g(z) 5 OTHME R 2 RE & LT Kullback-Leibler O
{& 4 & (Kullback & Leibler, 1951)

I(g, 9) = / o(z) log g(z)dv(z) — / o(z) log §(z)dv(z).

ERAVWD. LN TWB LS, ERELD 2 DDIFIZE HIZKENTH 20, 2EBBDIE (Hiret
BAEEHENZ) ILECHET S 3.

S BHE o i =1,...,k j=1,...,n;) PENBENERSH N0, 1) (880 26BNk
HDTHDLT Do £/ 0=(01,...,0) TONBLEER0) & L. ERA N(0;, ) DEEREE
f(,0:,m) LFRT, TITy 0 TOMRPNBAERZNBLE L) THET I LMD LSRN PRA2E

U3.
)
)

DL T7RAZBALT,. 0 e M = {y = (yl, ceey Yk) oy £ -+ £ Yk} DL E,

* (P(k,w)i < Bi(f) < kK THHILDBDDB. ZIT. FRIE 6 € H = {y =
i, -, )y = - =w} OLEB/BLND. EEL. wi = niy/r THH. Pk, w)
& 6eH QL& 6y, ..., 0 OFICERDZIOD i HELIHETHD.

COREXDPSDBBLSIT. 0 BAVDLE, AIC DL RBRRFIVT 4 —&—RICRD
BILiFTERN, FIT. LICRLE B(0) OBEODT, BIEFOEFTNV M iZdoLd
BRBRAFNVT 4 —IHE LT Cp = infoepr B1(6) ZAVWBE I L ERET S, TRDB. IEF
HROH 2HBAEITHT 2 EREREL L TRERET 3,

k
Bi(#) = E {l(é) - Zni/f(tiz 0;,7:) log f(t;, 6;, 7:)dt;

i=1
k k

-k + }E {Z ns(0; — 6;)” _ Z: ni(6; — ;)

2 2 T; T;

i=1 i=1

k
ORIC(6) = 1(8) —oiél{l Bi1(8) = 1(6) — ;P(i,k, w)i. (1)
BBCFHCw= - =wu B IVE k=20 FZT P3G, kw)i=Y1/i TH 5.
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zy; MERAH N(6;,7i0?) (rBEH , o2:5kH) 5 OBRETH HBE b RERIC
k
ORIC(8, 5%) :=1(8, &%) —>_ P(i, k,w)i — 1.
=1

EBBH.IIT. 6, 2 3FhZzh e M OFITTOD 6;, 0> ODRAHERTH 5.

iz zij DD DEBE SR (Robertson et al.,1988) BT 2 L5 RAMMPHH{ LN L
THBA, LY EERE KD R 6 IE. HDENZFHEIC XD (1) LB UEOEREREDE
Ph3,

2DO0RRS (BEWR) LT NVIIHTS AIC OIFELEERIZ. ORIC & AIC O
WX D & 5 RBERMELD 3D,

{ORIC(8x) ~ AIC(fr)} = 2U(Bu) —U(0n)} - 2E(x4:10 € H),
HAIC(6x) - ORIC(Om)} = (k) - U0m)} — 2B(33,10 € H),
T 2T 2{U0um) — U0m)} = X2, 12 AEMORIERTE EEFON ZRHFICH LTRET S

EERRERIBTH D, F722{10k) — 1(0m)} = X3, BEIBEFORERF L TN LT
BRRHICNT 2 EE LR EHRIARTH 5.

3 Zlmkt
HICRRARHOMERDITA=HIZRO 281 -~ 180 OBAITONWT ORIC 25183 3%.

br=-=0p 1 <O; O=--<Oa1=0; ...; 01<--< b,

IO =...=6, DBEICNTH AIC ZHEL. Thb 2" HOPTRAERZEXIDH0
ERONFIINTH A5, COHEIARFIELRAZREL WA LIZE D, ZhE AN
T, X% S5BOBRAELEROMHICEATE S,

Xl 0*(e M) ZHORBBE L, 0° € M,, 0 ¢ Mg LT D, T5IZ, 60, 6O zZzhzh
TFN Mo, Mg OFTOBREMEREL T DL, HDEH (> 0) LT, A{ORIC(6®))~
ORIC(BP)} B ¢ (N — c0) DR 22,

4 IaL-—-3>

To7FAva - vIab—ra il ), BEFEPMRETCEIABSICEORKOMEERDITS
7=, AIC ¥ ORIC & D HAFMZITV\. ORIC OFEMZHEND . T/, BEDH D
X, BREFZEBRDL S RBYOEAEZRDIFT D012, Williams DEEH® L, Kikuchi
et al. (1991) iI2L % AIC IZE D BEkE ORIC IL 3% B L. ORIC IcETS L AiE
DEMEERETEL /2o
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Anderson-Stephens #&TE D )7 H 0 A1 DFEHER

SGEBORRIERT A B
FEAEREEE M B

pRTENZ MV 21, g € RP D 1id. 7N ELTHBOLNTVEET . z; DFAK
5% zi=xi/||zi € SP1 (RP OBAIEE) LB . TITHEO ~FEICET HREE

H : z ~ Uniform(SP™1)

DERZEZ S, ZORBIZEL Anderson and Stephens (1972) &
n

S(u) = (1/n) Y (W=)?  (ueSP7)

i=1
D u iZEY A RAME, RAMER

Smax = uIEnSaP)'Cl S(u), Shin = i S(u)

EBE, Spax BWREVEE, HDVIE Spyip PSR E S ITRBLE EHT IREZREL 2.
oMb BB REMETEL L T Smax — Smin BFZ 6N B, FFERTIE Smax, —Smin B
LU Smax — Smin ? n — co TOMBIFIES AR O LATEERIZOVTHET 5.

RMIIROBEIIEFEET 5.

HE1 A= (ay) 2NHRERIMIHE) pxp AHTFETAH. T2bb A DHART ay
i3 N(0,1), IEAEBS aij = aj (& N(0,1/2) ICE&THIZIZHE) £ T4, T

(A
5= T30 )

EBL.ZDEE n— oo DEZIHAIK

D 2(p—1)
\/H(Smax - 1/P), _\/H(Smin - 1/23) I p2(p T 2) /\I(B)a

.\ D, 2 _
\/’T?«(Sma_x - Smln) p(p + 2) (/\1(A) /\P(A))
BED 7D, 2L (), A() TRK, BABEEEEFZ L LTS,

p X p AFATHIEERO L TEENY PV EH%EZ Sym(p) £B <. TI T Sym(p) PAEIZ
tr(XY), X,Y € Sym(p) & T 5. Sym(p) OEAEKE

{X € Sym(p) | tx(X?*) = 1}
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D2ODWHFERELER 5

_ p r_ -1
My = Sl — (/p)) |ue 577,
My, = {%(uu' — ') |u,v e SPTL W = 0}.
Ink &
M(B) = nax tr(UA),
1
ﬁ(’\l(A) = Xp(4)) = max tu(UA)

ERFTIENTEAL. 22T AR pxp IHRERSHITITHE. 2O EhL N(B) B
U F(A(A) = Ap(4) O EAERESIZEHEIC Xx* S0 EAREORENTREL 2L, &
FeRIEFRIDREUT My, My OERIZBT 5 EMBOEASHAZERERICLI VRS TAHI L
XD RDOLNEZ ED DD 5 (Kuriki and Takemura (1998)).
DToEBIZBNT, G () TEHE v © X2 2H0 LAERERTOLT 5.

T 1

= ~ 2 % (2p—2 4
P(M(B)2zx) = Z Wp—e Gp-elz )+O(Gp( z ))

e=0 p_2
.even ‘L ~
_ 12 T\ T
AR % ) TEEH) (3)
FIE 2
1 2p—3 ~ \ ~ 4 ,
P(_—é()‘l(A) = Ap(4)) 2 I) = > wyp-o-eGoporelz )+O(G2p—2(§$ ))
e=0

eeven

1 e/2 P
e = w227 (2)

EH2IZBT 5B w ODEROBET, ROMBAXSRING.

g 2 2
277 2 (p + 2)ltplt p: odd
4)?) = ;
E[det{A)7] {2_p 22;-3 + D (p-1" p: even
SEVH
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Simulated Annealing IZ& 5B R T—4% 0O Wavelet i {£l

REERRE  HER & -
AEBHIARE BEFH =B Eh

EHRBICEATZHREORRINT —F 2T T2 H5E L LT, WAL IX ([5]) Wavelet
BERERAWERONZELEZTY, SO BEOEBAEER Z LiIT LY,
— I DREDOHEE L DAL HFEERB L, Wavelet BEREZAVIFA L LT,

Q)ELEBOEBEEAERDLI LN TEIDOT, ThERARDIZLITLY F—

FOEDEBELLZXHEL 25,

Gi) LOBBERIIFFAOREHEEZ LA —AVOEREFETBHICLVED

NOBEBRTHD1D, AF—NVRRRZIRAC LI RBEROBAERIZLIVE

L TWDLARREDZT—FOEBTICENCBL Z LB/ TE 3,
D2ABBTOND, LM Lanb, ILEALOFETE, EROALIBEEOEREEZRD
HEVICEIL—RIBREAVS D, Wavelet BE D EKEBERIF—5 OB %
FLL LD ENAEMITLELRY, TAELUEEORM LEE X 5 ETEREHIC
RERBEL2>T W3,

IDZLEBERBLT, BARBRINT—FOFNRT 7 7 2ELT D L0 XHEH
b, RRINT — & LT LB E OTEBREOMICHERS| T — & 01 BEss L EBEK
EOELRBREZEZEZ, MEOMELTEXONIELFMHEKEZEAL, ThiE
/M B BB IR B # % Simulated Annealing (2 & 9 3R 8 % J5{& Wavelet Interpolation
Method with Simulated Annealing ( WISAM) % & 7=,

UBER & LT [5] THW b7z Meyer Wavelet {3} A5, Z OBERIL,

w(t)z;lg/:&cos(tua/l—— A(u)) du + = /—cos uy/A(2u)) du

A(u) = 3(—3u/(4r) + 2)2 — 2(~3u/(47) + 2)°

THEAZLND o ZAVT, ¢(t) =Cy(2i(t-k) L LTHRENE, 22T, jiX-5
MmH ~1ETEL, kIZ0EY F—FH-1¢:73, EHANIBVTT—Z DL~
DEED gy, Posp LRDERBHY, ZNbE e B LIELODME LTF—
IBBOENTVWDHLERDIIEICRD, (CRLTUTDC, iTEHL TS, )
ﬁ%%%%lk#éT@@ﬁﬁﬂ?wa{ﬂmtmmpl%%iéo:nmﬁ¢5
g oL S i 0 Lioos Ciktik(t) DFFMHBIS E & LT

B(®)=Ci Y (8() - 12):( ¥ (i+2) - e - s03) @

EROVD, BxOFERZ OFMBEEER /NI TIEE {r) 2 RDBZLTH B,
InLE, BRINT—FOBBITHETHY, RETREFEHOBLHIZST B TH B
Ztl, j<0DBE{PYa; k=021 £2.. ) FEREEFE LRV LITLY, BF
DREFTPUFECIVEEERODDIEFEOO TRELZELON A,
IHhiCBboT, BARFREEEFREEOBRMICHBTAZ LiIcky, ARES L
O (EfE) BEEOR/NMEEZ RS 2 ERBF % TH 5 Simuated Annealing % VW THEEL
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ARODFEEZRATE, ZOHER, UT0L57%, B {c P dE (Eh %
S=[-N,...,NP;T L+ 25) #RHEL TS 5T RIT D simple randam walk Z{EIE L7z k¥
R A9 (2 — 4k T 722\ Markov E 8 {X,} D simulation 475 Z £ I1Z722 %,

1) MPEE LT, 2TOHKFEE 0 ET D,

(i) FBFZI n T, £m & h=21 ZEHEHRTRED, cpm T oam+h &L EIZ

LR EDES AE KD 5,

(iiil) AE >0 DFE, R 1-ePAE CERHEZEME TRV, THLUMT, com

Bom+h CEET S, 270 A() =Cylogn LT 5. £72, MY OKER N

FHZ D EXIIELLRV,

Gemann & Gemann, Hajek, Catoni DD EBEIZ L B & ([1]), Cy B/hEaWVWE &, +H512K
BHHEETAE, Q) XOFMEEORNMELRRET2BEBH/DL L RRIES D,
EBE O simulation TR—EDHEAT y 7R THEZITHEY, TZETIKHALIIE
mMEE G ZD/EERD D,

WISAM IC X 2 B0 -E O DD, T—FOEFE S LT 2% OMDORAT
AR F=FIIRHTHRELEToE, ZOREL, EHREZELREHNT —F I LT
TGRS WEE S, TR FNKELL RDIEEREREE/E. Zh &
v, EEFFEBHEEIEROEMEOEERRL TV, B, ERM2ELEZY
FTHEADOREESERBRL VB ZERTFREINS,

WISAM RSB L LT, ) EBRFOLEMRIIF—F (F- 0% - K& -t [3)

(I HRMIFERIT —F (F-ZBU4) oo BRAELATWS,
RTE T, NERIVBEFRETOBBRRETHEOLND 2EMOT —FIZH LT
Bon- T PBEHEOBRAEO /7 72 RkEEEHBRE L, ZOBBKILIVEHEFO
SEET, ERRFL L TORRBELOBEELZ2RRDZ LIV BFREEOBE T
THIEEREREBLELTWVWS, ZHiE, Wavelet il OFIR () 2L LmbDTH D,
BETIHFA(G) & ERTRICESWT, ROKIRT— o0 FENERRESL,
EREI190FEFIBLIVOKMBRET —F T HRLBITOIL T3,

FRZ L IZFBVTERDOLDERD B,

-7 &0t ETTOMEMOT — FITxtT DU LLFEA E L)

- (=T &V t-1FTOTHEOT—FITHT 5T EFT M4 E)
TZITRERLNAEEMER, MRt -1 L0t OFILEREHLRELEOEEZHTEHD
REIZRLTWAHEEZON, ZOEOKREVEZILRBRFERE/LCEE TV L
FRIaN 3,
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T, R .

(3] AR FE—, JNEF 4B, KFE @& LH 58 WISAMICE AR LHENBRBRFORERH
BE AR D Sy 4T, TE(R .

[4] #% M&—, =¥ % : Simulated Annealing & & 3 ¥R B R 557 — # O Wavelet 71,
B A# T F =&, 1998,

[5] P EVR BRANFE LUK vx—7 Ly MR, %21 E OR %4 P X S
RERE, 1994.
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Za—OHBSIITE T HETILERICONT
Model Diagnostics on Neural Discriminant Analysis

KEBTBEEKRE KERIEWMRER #K #
KEESEEKRE HHRIEH ita 1988
1. [XL®HIC
ARETIE, BERE =2 —F kv b U —7 2¥ B (Discriminant Problem)iZ#A L. HAED
HROBIREZTIZLIE TRy PV — 27 REERHEE L TRERBICE S HEMIHRNEITI. £
LT, 22— ARy NU—27EFNVOBEEEFE. FREEEICESSET/IRR L ZOBMNE,
BLOT— 2 NT v FEICESSRHEBIROHETE 2R 5,

2. ETLHELSEORER

BEH=2—F ARy MZBOWTHRIMEEZR VRO BE. HDANNRNI— BRI EOH
Wl HOBDHZ 2=y MIAZRA ADBERBERLEZDND, HNE> = o“”(x; a,B)*i\

BEME <> 23 1 Th DR ERER pplr =}z 0> L7200 . HERE,
InZ(a, B; x, 1) =i {t“” *Ino*?> + (1 - t<”>)1n(1 - o““)} (1)

d=|

TEAbNB, (DRERKICT B (Thbb. g, 3, SRARERMLE) & 725,

T—E~DETNEEEZBEOICEE LEDEEREE LT &S0 ORHESER A TVND, =

2—F )Xy NU—7 OFE, BILE (deviance)it,
Dev = 2[ln L(max)~In I @, B; x, t)]

t<d> 1_t<d> (2)
:2{2{1‘“”1{ — ]+(1—t<d>)lr{ —= }H"'X,z)_p
d=1 o< 1-o0

LEFETE, E£7-, Pearson WAEMFRL LT
. D (t<d> _0<d> )2 ) (3)
X =Z <d> 1__0<d> ~XD‘P

FRAWDZEHTED,

3. J—hrR LI VTEIZEDNATAKE
3.1 1FHRBHRE
BETHETADNEHES 2HEEITIE, AIC
AIC=-2InL(a, B x,1)+2p @)

RHBT A LI L > TREBERETARZRIRT DI LN TE B, AICIE. EFNVO IR HOAEE % *F
A InL(a, B; x,t) THEE LTBED A T AZKREST A—F M THEEWMELTWS, LaL, AIC
DEHIZDOWTIL, BB DPEDONRT A—F2FO0ETAEBELTCNEDIIRHL, =o—F Ly
FO—27 TR, EBO2=y MNEPHE X BIZONTRANT A—F (V7 HEB IO L& VVE) i
REBAIZHEZ TV, BT, =a—F A2y NV—7 TRIVPAVEBha=y NETHDERZE
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RTEIHREITY I/ MEOH—EHELERIN TS,
EICIE, BLEDAL T AR T~ 2 Ny TEEAVTEEEEL TV 5, 7 /VOBERK
% f(x]6).0={a, Bl L. 7—rRA LTy TEERND L
C = Eyfnflx 16(x")-1n x| 6(x")) )
L2 TS T AOEBESBON D, 22T, X iHIHER, x" 137 — bR+ 7 v THEARDb=1,....B)
T b(x) () EZNENAER, 7= P A T vy TERICE SO g DfEM L T2, TOLE,
EIC = -2Inf (x| 8(x))+2C" ©)
Lo TT— A RT vy THBRICESSERERERBOND, EICHER/NOETVEREET L E L
TRRTHZENTE D,

3.2 RYRNEOHE

HIBIAHT T, FHERIZE SO T L OHBINL— L EBET A8, Z OFEIERIZH T 52
BRI, R EOFRYIFZR(Apparent error rate) & FEIXAL 5, LA L, EBEDRRHEBIZFE(Actual error rate)
L3, IHERCESHWTHBIL—ADBELNTZE VI FHEDOD & T, FRBHENDET —FIZx L
TFRIZBoTCLEOIHERTHD, TNEENT EORHBIRTEIME THET D Z &3, EBED
RYBIREZB/NHETI2EANEH D, £, —2a—F LRy PT—TETMITBNTSH, BRZEX
vy b= %AV D ENLRAMET T2 Z L bERIh TV 5,

AT, 7— M2 T v TEERAVTERORBYBIEL BT LOBER L DOE, Tibb/ o

T A

o(7). = l (Frix;)-a:x.) ™
BEETB. TII0. T—hR LTy PEA X, ICESOT, BESHZHBIL— L TORNT D
muRIEz e (£ X)), fmﬂﬁfsﬁzz:uﬂmaﬁawzu_%e@v X)) EF B, ELT, A 7 AMELIE
Lz

6 (£ x,)-6(F ), ®)
FEBOBHFIROHER L LTHW, Ry NU—7 OMEREEZFIMT 5.

4. BRI

—REMBIRIE O EEEF E L T, BISEED Y L EER T — 2 AR TR, T OF—FiE, 3 CIT
ARABIZE > TRO U R EEBEORELSHER IN TV IRIRERE 53 flicxt LT, 520
WATOFTRMBBEEBEINTWA, Zhb 53 BIORMREREDCT —F 2T T3 LI2X 0, AR
BLOBSNBEDY L AEESEY S OO FHRERFICESOTERICTRIT S,
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MCMC FICEBT7 8 Lxy N T =7 DXL XHIHESR

T BOE R R FEx B3

Aarhus Univ. E.B.Vedel Jensen

Aalborg Univ. J.Mgller
MRBEES

ERHEIFICBVWT, ARBT - 085200t &, F—s 2R L7 OkE R,
FIUEINBINTA— VS HRTAZLRIEELRETHL, ZOMEIIFRSD
HERET - PHAB L B SNABAICRAENEFENT TICEESI N TV S,

Lol AEET -/ PEFEICET 25813, COTF— I RBEICHER 2 —
BMFELZHEETAZLIIFEEICHETHA I EELLND,

bhbiid, ZEEIIBWT, EHERETAARET —YOFTARY M 7— 271
ErEOI I BT - ORITEEEE L,

Karlsson & Liljeborg (1994) IZFEHT VI FIZBWTZEH (K7 . #BTRBEO—
) O3RTEEZBHAL. 7TV IFORNMTEINETERT V ¥V BB TH
WERBIDEMSHDZ L% K HEBLED2RE-— AV FBEHVTRLE:, 20
T =8 DE. ZIPEENFOEFEIIHT O, Z LIXFFITHE,LL LWVEWVWZ
o BE, ZHOIKRTEBZ AT VARTHD L &, FOZ PR ENT,

ERDOTNIFOEICET A 3IRTCEEDCBRAUICEI > T, BRNFRDLIL T~
FULlpdy N T — T BEOREL T AEHSBREOKETE LV I LW RIER
WELBE, #2TC, —&IZ, FA50RRET — BT ¥ Lty b7 —ENL
RELZEE., TORy P T —0BELT T - P oA AR TAMEEE L 5,
TOL ) BRERREIIL, EROMERFICBIT A OMIZ, B, EkEEL ET
RN ERELKETHMETH D . BEBETCAYEARIIB 2BROZEHELED
BERR LB EFELREEND 5,

FETIE, COMBEICELTRAI AW T 2 —FORlATR LTz, bhibhiiF
T, BT OEZERET T LAy N T —2 % Voronoi D& Xy M 7—2 (LL
F. Voronoi 2 v h7—7) TET, Zhid. KBENVPEED/RNG A= Thy b7 —
IEETRRTEDLETNVTHD), LELROLEATE Voronoi HE| 2 E2EETH
EW L o TERBEICEALZET MENTEETH H7:0TH 5, _

G Blll7T—5% z L, Voronoi 2 v N7 —2DBEE y TETI LTS, #
LT,z D&%IE Voronoi v N7 =2 02D EOE» CHEREBRIZE-THEEL
TboE L. BAERMICIEBNE ¢ LB EOS 2 EOBENTE o2 OERESHIZHRED
EIRET o LEDREIZL T, y OB ply) BLV 2 OFM40 EEHOMA
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plzly)s # LTz ORERE p(z|z,y) THVD L, BRI py, 2|z, 0) PRI
%o y,z DERADAME LT Poisson T2 RET AL, 2 B ARSI ETTETH
DERGAE ply|z, o) BPROLN L,

PO A ZRP 2D WT, MCMC (Markov Chain Monte Carlo) ##IZ X -
T, BT =% ¢ I3 LT (y,0) DRYIZEHERERTER L. Voronoi £ b 17—
s OBELERIMONT A= ¢ RHEETH I ENTRICE D,

bitbhii, 2RTOANLF—ZIIxd LT, TOXRS XE7 70— FHEBI/EE)
FTAHZEREDPD ., T BEEF—EOHICE 2T V¥ LERTE (KFEFE 0.5)
Lo THBONARLEETREETS 50 BOROEE v *—B0&E 10 DIEFREHE
BoOEIZER L. O Voronol TEI % HEM LT Voronoi v M T—27 %A L 72, K
Wy COFRY N T—ZIZBVTHEIIHF IV LIE 2z 2008 LT, —EDTED
FERA/HIHE > TR LN OEE (N =1000) 28T —% &35,

HETIE, ATF— 21T 28HT— 7120 ¢ oWT, ERSAOOEB LU
BOA Y T — I DRAABFED Bl 52, EOSTBOENF—EOEHHNIZH 555
AR, HEEEFBFTHAZ L, FLTHESN AV N T — 7 EPFTTORES
I{BHETAILERLY. 5%BIE. EF—FYOBIFZ 2RTT. 3RTOEEZED
T ZEHVBEETH 5,

X |

[1] Karlsson,L.M. and Liljeborg,A. (1994). Second-order stereology for pores in translu-
cent alumina studied by confocal scanning laser microscopy. Journal of M-
croscopy, 175, pp.186-194.

[2] Tanemura,M., Vedel Jensen,E.B. and Mgller,J. (1998). Random tessellation net-
work and some inference problems (Abstracts of the 9-th International Workshop

on Stereology, Stochastic Geometry and Image Analysis). Advances in Applied
Probability, 30, No.2, 291 - 292.
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Statistical analysis of uncertain paleoearthquake occurrences
times to forecast the hazard of rupture on a fault segment

The Institute of Statistical Mathematics, Yosihiko Ogata

Introduction

This paper eventually aims at the provision of methods for practical risk assessment
of a large earthquakes on each segment of active faults. Shallow earthquakes on the
land causes serious disasters in a range of region near the ruptured fault. The growth
of major cities in hazard prone areas, and the public anxiety associated with risks
to critical facilities such as nuclear reactors, has focused attention on the problems
of insurance against such hazard, disaster mitigation, and disaster prevention. These
are assuming ever greater economic importance.

Usually, recurrence times of fault ruptures in the land is very long, order of 1000
years or more. However, active faults are densely distributed in Japan. Therefore it
is important to reveal as many paleoearthquake occurrence data as possible in order
to make assessment of the risk of a forthcoming earthquake associated with each fault
segment. In order to provide such occurrence data, trenching study has been carried
out since 1980s, and even more intensively after the 1995 Hyogo-Ken Nanbu Earth-
quake (the Kobe Earthquake) in Japan. The past history of earthquake on a specific
fault is inferred from the stratigraphic record. The occurrence times are estimated by
deciphering preserved histories of displacement on the fault and also estimated from
ages of strata using radiocarbon dating and related geological informations besides
topography. Therefore, in many cases, an occurrence time is vaguely estimated such
as in an interval.

Conclusions

The renewal processes with four different distributions and a stationary Poisson pro-
cess have been applied to paleoearthquake occurrence time data which are deciphered
from a number of trenching cites in central Japan. The conclusions and consequences
of the proposed methods are listed as follows:

e For the risk assessment it is useful to show the change of the conditional intensity,
or hazard rate, relative to the constant rate (the average) of the stationary
Poisson process.

e It is more informative, especially when the sample size is small, to consider the
exact likelihood using the data including the two interval ends before the first
event and after the last event in the observed period.

e An objective Bayesian method is proposed to estimate the parameters of the
renewal models in case where the occurrence times of the events are not given
explicitly, for example, where they are given in estimated time intervals owing
to the limited geological information .

e The normalizing transformation of parameters are useful not only to stabilize
the maximization of the log likelihood functions but also to set the standard
parameter values for each renewal models. This enables to find a simpler but
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most useful predictive model by restricting one or two parameters to the stan-
dard values for each renewal process, especially in case where the sample size is
very small and the uncertain time spans are wide.

e Goodness-of-fit of the models to uncertain occurrence data are compared from
the predictive viewpoint by using AIC and ABIC, not only among the above
cases of nested models but also among the renewal processes of different distri-
butions, as well as among the Bayesian models of different priors including the

Dirac’s delta distribution for the centered data (namely, comparison between
AIC and ABIC values).

e The uncertainty and estimation errors of the occurrence times owing to the
limited information can be reduced by locking at estimated marginal posterior
distribution of an occurrence time based on the assumption that the events on
a fault segment follow renewal process.

o An assessment procedure of the current and future hazard of the forthcoming
event is proposed in case where the occurrence time of the last event is uncertain.

The conclusions and consequences of the present analysis of data sets are listed as
follows:

e All the considered renewal process models fit significantly better than the sta-
tionary Poisson process in spite of small number of events and in spite of wide
uncertainty of occurrence times. This and estimated hazard functions indicate
that all data sets of the paleoearthquake occurrences deciphered from trenching
of a number of active fault segments exhibit the strong inhibitory feature of
occurrences for substantially long time span after the last event.

e The maximum (mode) of each marginal posterior function tends to locate equidis-
tantly to the neighboring modes, and the mode itself is not always located in
the center of the uncertain occurrence interval.

e The current hazard rates at the first three fault segments (the West Nagano
Basin fault, Atera fault and Neodani fault) are very small relative to the cor-
responding stationary Poisson hazard rates (reciprocal of the mean recurrence
times). Also, the current hazard rate at the Kamishiro fault does not reach the
level of the stationary Poisson hazard rate. In contrast, the current hazard rate
at the Gofukuji fault is about 3 to 5 times as much as the Poisson hazard rate
(0.1% per year), and increasing rapidly thereafter. Namely, for example, prob-
ability of the forthcoming rupture within 30 years on Gofukuji fault is about
10%.

The computer programs used in this papers are now being prepared for release.

Reference

Ogata, Y., Estimating the hazard of rupture using uncertain occurrence times of
paleoearthquakes, Research Memodandum, No. 702, The Institute of Statistical
Mathematics, Tokyo, 1998.
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STUDENTIZED ROBUST STATISTICS FOR MAIN
EFFECTS IN A TWO-FACTOR MANOVA

TAKA-AKI SHIRAISHI
Department of Mathematical Sciences
Yokohama City University
22-2 Seto Kanazawa-Ku Yokohama 236, Japan

Abstract
We construct classes of robust tests and estimators in a two-factor manova with no interac-

tion. For the two-factor factorial design with A (rows and B (columns), the k-th response X =

(Xi(;,z,u-,Xi(;’,z)’ is expressed as
Xijk:/'l"*"ﬁi""rj‘i—eijka (kzli"'anijri:11"',I;j:11"'a']) (01)

where Y. 8, = E;___l'rj = 0. In (0.1), ey is the error term with E(ejx) = 0. It is as-
sumed that e;;i's are independent and identically distributed with continuous distribution function
F(W /oW ... 20 /o) where V(egﬁ,) = {¢®}? and eg;c is the ¢-th element of e;;x. We consider
statistical inference relative to ;s and 7;'s, but we will concentrate our effects on the statistical
inference relative to 7;'s as we recognize that the statistical inference relative to 8,'s can be obtained
simply by reversing the rows and columns.

For the respective parameters, the null hypothesis of interest and the alternative are respectively

Hyrj=0for j=1,---,J vs. A; 7; # 0 for some j.

We propose test procedures based on studentized robust statistics for these hypotheses in the
model (0.1). We derive their asymptotic properties as the number of blocks 7 tends to infinity. We
also propose robust estimators studentized by scale-estimators for the treatment effects and derive
their asymptotic normality.

Multivariate M-tests and M-estimators based on studentized robust statistics were discussed by
Singer and Sen (1985) for full rank linear models . Further discussions of studentized M-procedures
were done by Koenker and Portnoy (1990) and Jureékovd and Sen (1995). The linear models do not
include our model (0.1), which is not of full rank. In all of those theoretical discussions, Fisher’s
consistency: ffoooq,b(z)dF(a:) = 0 was needed. Shiraishi (1990) discussed multivariate M-tests with-
out assuming Fisher’s consistency. However Shiraishi’s test statistics were not studentized. For many
applied models, the scale-parameter of the underlying distribution is unknown and Fisher's consis-
tency does not hold. We need to construct flexible statistical procedures. For the model (0.1),

we propose studentized robust tests and computable robust estimators. The asymptotic noncentral
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x2-distributions for the test statistics and asymptotic normality for robust estimators are derived, as-
suming only the finiteness of Fisher’s informations. Fisher’s consistency : fi’; Ye(z®)dFp(29) = 0
is not assumed. In our discussion, it is verified that the ARE of the proposed tests (proposed es-
timators) relative to the F-test (least squares estimator (LSE)) goes to the ARE of the Huber’s
(1964) M-estimators relative to the one-sample sample mean as the block size goes to infinity. By
simulation study, even for the small sample sizes, it can be seen that the proposed estimators are
more efficient than least squares estimators except for the case where the underlying distribution is
normal. Especially the proposed estimators are remarkably efficient for the asymmetric underlying
distributions.

In Section 2, studentized robust procedures are proposed. In Section 3, asymptotic linearity is
studied for robust statistics. In Section 4, the asymptotic x2-distributions of the test statistics for
respective parameters are derived. Furthermore, asymptotic multivariate normality for the robust
estimators is studied. In Section 5, the asymptotic efficiencies of the proposed procedures relative to

parametric procedures are studied. In Section 6, simulation study for small sample sizes is done.
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SEMWONT & RF VT 4 — I E AT
i RE - X RERX

1 @FU&IC

KBTS L UL ERICHITIE L b I EFHETH Y ZVHEHETEHA SN TV Y, WDrDRA
BRFoTWwd, FOUVEDIR, 7573 —2EHELLOL LT Fo T DI, Y0 FI B R
B IR TEY, TAPEEOIF T =13 T 2 A3 7B LIELIEARREIL A ETH b,

INGEFBET A0V EDDORHEE, 77 3)—Aa7OHEIL. BROSHRERYERAT L
OOEHEEATHILThHE, BEREOHNTFTTYINT — 5 21 R LT 5 ERBERDONT (ZENH
/34%, homogeneity analysis) 13, 7AF A2 75 T =2 R T IRBH2EEZABT LI LCL S
BEMEOHOXEZEREL D 25546573 5 (Bekker & de Leeuw,1988; K, 1993), 72, &iRS (Takane
& Shibayama, 1991; B4, 1995) &, FWRDHH L FELAWOMIHEORIM ¥ EAT A &2k h | &F
AR E R L2 ET% ) S 2RA TS, RRETIE, BAITIZENORELBERL 2 LHBH &
LTHRT LD, BRABSHTHI P ORELLHEROBONS Z & 2RT,

2 MWIEAMAOFFIDEA

QESHAT - 2R L LSO OIEYE 2 b, 2EDHER DL OTHET — MWJ’»‘:DMW =
(d;j) £ ¥ %, ¥/, D1=f, D'l=g, F=Diagf, G=Diaggt ¥4, TIT, 1 REFZIFETIT
HERZ P VEDHLDLT, NI MVFOEIBERIT, D@%'ﬁwiﬁr‘mm%a&wm Fr, NV
g JEFZE., ENOEEONMEH b7, 5 EEEITHEH Db L. Diaghsle LTEESN
PRy RV EMARS LT ANBIT D ObT, E512, D=F DG VLB,

IEAH ORI, BREDE D = Un AV, OBEHET, S612P, = F VU, Qu =GV
FEET LI LILEoTESLNDL, Puld M x min(M,N) DIFFITH HITRA 272D 56T, $72. Qu
X N xmin(M, N) DITFICH O FIAIT 2 H bbb, 72750, Pay, QP 150k, + VT V28 (FF
RE1IIHTT A) Thb,

AAT %5252 Lo TERESND 2KRTOFHDOEXDIHATFNI>OED L H 127k 5,

G ( P'FP PDQ )
Q'D'P QGQ
72720 PR>PyDIE, 2y VET VG KEOEOBIIHET 25XV THD, QbFHTH
Lo MICOMPEDBHHELHLY . PFPEQ GQE BT THY, TP DQIXXATHITH A,
ZIT, AATHOL VT EMEENEE LS4 2 EDHEFAVTRT ILIIT A, 22 Tn 37—
DRBEHTH .

(1)

(Z|S) = ~% log(det S) (2)

HIEAATIRZ DER BRIIT 2S5 P, QI oW T DEEN LG T TRO L HETH L EALE D, &
NEXFELLLT ZEIZBLWD, WEIWMOMOLE LSDIIEL L TIITRYZIDLEZLNRL,
FTATT LFIA DT ORISR EHE A 2 IKE L TN B IR,

1 1
[(P|R,4) = constant — é-traceP'A’R;lAP , (Q|Rg) = constant — §traceQ'B'R§1BQ (3)

Y ho REATHIA BERFT LT A OEEREHEL, RyERgE. RFVF A DIBELYEHT b EEE
MATHITH S, TIZRTHITIER,, RpIGBUTFIOEHEE L, ARITOQ TEEOBE YRR+ 240
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LLTwh, BMMEE (2) BLU@)0FE L, ITHERKIZTZPBLUQEANI., B SNzl
¥ ER LT OME s I EVHETE 5,

3 EtEA

B (1995) IZHLH BT 5 T B Greenacre(1993) D7 — F 12DV THHT 2T 2 o720 T 1S 1988 4
HATERICT 2 ) A THEASNARPEOEHY . BABOER - WA L BEERIZER LI DTH %,
ERHBIXTRE, AR OB TH L, TAERT METH 2, EEFRIIEA (IT) PERHXILA, KH
(F)) BEED 63 X 14DKE LR LD, 7— 5 ORBEIL, 58 FHTHHH, Thrb 5,000 H5%7
YIRS ) v LR E L, LT OWE RS L,

1. AIZ 2 BEES T2, B8 (1995) LEL O (Ho=Mtlh) 2BETsL, £T07 -9 LA
AT VRAES N, BIZ, ZOF—F IV THBEDHHIR LTS %,

2. YN LT I E o THIPREDREE RS, T—IPNROKE SIZ HRTAIN—R 7z
B, HHOBMBIZOVTREZEFMEEL LA TER W FHEAT — ¥ DEREE TRT 2085
Hb, ‘

® 1(a) 26 EMA 2 VBEOMIEAICE 27237 TH Y, B 1(b) TR a7 IS EOEME % 5%
LB DHMTH b, REOHFVBIROBS EBIZ-TBY, T/, YIalb—TaryORR. E3E
B (2) DERHED L ) RE 2 h PRI N,

Ordinal CA Rows Bayasian CA Rows (proj)
T T T T T T — 25 F r T v
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[1) Bekker,P. & de Leeuw,]. (1988) Relation between variants of non-linear principal component analysis, in
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Combining the Advantages of One-sided and
Two-sided Test Procedures for Comparing
Several Treatments with a Control

A. J. Hayter
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Wei Liu
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Abstract

Consider the standard problem of investigating whether any of k treatments are
better than a control. A two-sided test procedure provides both upper and lower bounds
on the differences between each treatment and the control, whereas a one-sided test
procedure only provides lower bounds on these differences. However, the one-sided test
procedure allows sharper inferences regarding which treatments can be declared to be
better than the control. In this paper we develop a new test procedure which combines
the good aspects of both the one-sided and the two-sided test procedures. This new
test procedure maintains the inferential sensitivity of the one-sided test procedure while
also providing both upper and lower bounds on the differences between each treatment
and the control. A new set of critical points is needed which are tabulated for the
balanced case where the treatment sample sizes are all equal. More generally, the

new test procedure is applicable to any set of correlated or uncorrelated parameter
estimates.

Consider theone-sided and two-sided critical points T,S,l,,,'p and T,E?g,u'p which are the
solutions to the equations ‘

k
[ o0 [o (s vty [ )] deas = 1-a

—197—



and

k
= [ O N L IR N R |
-/s=0 /:“w #(z) g(s) [@ (z 5 + 5T aup 1= p) ) (z T STy awp T, } zds

And define the critical point C,Ei,u‘p by

[ ete [o ()=o)
o (75 otfi55) -0 ([T oot 5 )| e = 1

The following are 1 — « level simultaneous confidence intervals for comparisons with a
control in the balanced case with p = nr/(nr + ng), where ng is the common treatment
sample size and ng is the control sample size.

e If X, — X > ST,E‘IC)X,V,F,,/;%; + ng for each 1, 1 < i <k, then

1 1 — - [1 1
ui——,uoe(max{OX Xo S 1520)4’1/"0 ;;+B;}’Xi-X0+STkaup E-{-?—{;), 1<

o Otherwise,

_ . [1 1) o = 1 1
ui—ﬂﬂe(maX{O,Xi"XO SC,CC,U,,, ——+n0},Xi—X0+SCkw,p E+E§)

for 4 such that X; — X, > ST,SIQUP,/é + nl‘g: and

/1 1 [1 1
giE(X XO“STkaup ——+—max{0X X0+Sckaup —+—-})
Ng nr )

for i such that X, — X0<S kayp .L+-1_

ng

In this paper a new test procedure has been developed for making inferences on a set of
treatment effects with possibly correlated estimates, where a one-sided direction of interest
has been specified. In particular, the new test procedure can be applied to the common
problem of comparing a set of treatments with a control. The new procedure combines the
advantages of traditional one-sided and two-sided test procedures by providing at the same
specified confidence level the same directional inferences as the one-sided test procedure as
well as providing both upper and lower confidence bounds.

The new procedure is developed by inverting a set of suitably defined acceptance sets
specified throughout the parameter space. As well as the one-sided and two-sided critical
points, additional critical points are required to implement the new procedure. Tables of
these new critical points are provided for the case where the treatment effect estimates

are equally correlated, which includes the problem of comparisons with a control when the
treatment sample sizes are all equal.
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