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REHLREERIZ 222 7 e LT kv IERMEDLRTVWS ., #85
TV TR —HERETDHE, BEOVIZIN—T25ETH 005,
BBk TS BEE, AKX BETFRARH] & LTHETREY
NEEBRLD PO ZRAEZ—IIHBLTLEIFIEELHD. o7 K
Ry PRy TARAZ ) T HELEDLRTHWAR, REFEREESNERTX 3.

EFNMIEDSK 7T REY VT, &7 N0—T13d DHEREEBRRIC
PEoTWNAHEE XD, MEREBEBEICRBIT AT A—Z{HITA LD FET
RETAZELIZRD., FNEFNLOY U INERA ZFAc LD 7522 v
TWTED., ZOBFE, EOIN—TIZBT I30NBEERA Yt N X
EHRERECERIATRETED., BYREEBERIZL > THNELIERT S
TELAEETHD. IOFEEEBICERTAICNE, 7T A —HORER
EOBBEANEERE S TVAER, TALIIKRE CEETS.

1. FT—RIZIELTHRTREA

B CREREEMMAZEE L-BA0OEENLERELZHBA LER, B
RT37 20/ E8EE2 T, BREBE2UETAZENEETHS). 2K
DT —FIZEBIZI TAZY U TIEFRAVD Z L8 LHL IR Tldk
Wh LR, BEFREIN—T L ERITEIN—T 28 L T3
BAIIE, HBITERY., AET—ZNKERICRZ B2, WBENEA &I
RoT, KELTHI2BELHD. FE/N—TI3BHERIES>EDERVEE
BAZELHDBN, TNARRA ZHRANCEI DI TRE Y o ITREREHFWICR
BAHZERDHD. HNIERFEET D & &2, T A—FOHRBRERES
ETHARLIEFANVEIZSEToNRLTL, SBOBXRFMLY, 4h
EORER ZRAZ IV TOBYERILYIBD. HBITNV—TDH TN
BHDMEIDITERNIIANOT, BHEILL > TE—2DHEELHD. Zh
LERRTDHEHRIRKDOLND.

—222—



IS0 - AT 7 - EFUVDRBETOT 4 —IVEHADHEA
HE BA

HRAREREMERRE M/ ARTE S —
NRAXRY T4 AT A2 AABRERI=Y b

1. B

HE—EBOEYOLBETFRICHYETIHTH U BBEFOREFOH 2 RIBETTORR
BE REIO74—) BA0O07 LA ETORBALESICE> THBITER LS T
RERRIOT7 4 —IUBRICEXEMCZDODOHNSH D —DEF R TO 74 —ILERNT,
BOERATOT 4=V NI—VERTBEFRICHETIRATHS.H 5D, BR/O
74 =)D BREFHROFNER Y D —-02HETIHATH S B2 (3 EENTHBITE L
TS5748NHO27 2 £FY LY (Graphical Gaussian Modeling: LU F GGM) A &Ht
5:&?%E7D74—»t£ﬁhtﬁﬁ%ﬁﬁt*vhv—ﬁﬁi&ﬁﬁtﬁ:@i:té
Hare )

2. BAT—%

FETEROIRATOAT7 4 —INOT—9ERE pi, ))& U, BEF OFEEE; CRIT3RER
ERT.CIT,i (BBETFOBEEZRDLOLU, 1ML NETLET S, FHHUBEERDL, I MOME
TETD.IOTHEBEEE, MERAEICH > BN IEECBEFSRIEL T
HHEBORBROE VI ETENAERICE IS HABELENHS.

3. BRAO7 14 ~IVICLBBREFHR

FERRIOT7 4 —IIH U TREBNI SR —%Z2BAL TREFORRIOT 4 —IL
OELEERBISETRDS. 2 DORBETF i &jORRTO T « —IVEOER 4,13 LTORXD
EOICEELE.

N

d; = 2(’1‘1 "rjl)z

ERTry (3BEFi & EDOFELICEAT 2RINERE D Pearson DHEBFEHTH .0 SR 9 —i&L,
BHENZEFER LA B2 OBEGFRRATO7 4 —VERHNERORTNDEEBIRY MILEEZ,
VSR —EILE>TEBONEHIRBOISRY—BT B2 OBEFORRIO714 - N
O FIVOMITEZFFET S X2 MVEOBIIEEREGIFEE LT HEAFERBHFICEN
THREAZEHE D2 EHR M (multicolinearity) % FH T 5B & U TR Y5 S variance inflation
factor (VIR)ZHFA LERR IO 7 £ —IADERICEUTIEL VIF SERGEB/EZTHED hE B
BOBEWLVAIMSIEICHELTWE REBBLEINIBOBBTODI SR —-HEKRD S,
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A Monte Carlo simulation study on dimension reduction
methods related to SIR

K B (EEBKRFFRBHHRERNZETIR)
Li-Xing Zhu (University of Hong Kong)

1. Principal Point-based SIR and Related Algorithms

The original version of SIR may suffer the difficulty of estimating the subspace of B
where E(z|y) is a constant (or near a constant) function. To overcome this problem,
we developed an algorithm PPSIR, using the principal points notion (Forgy, 1965; Flury,
1990).

Another possible algorithm is a combination of SIR and SAVE as follows. Recall SAVE
use E(I,—cov(z|y))? to find the directions. Based on the comments on the SIR and SAVE,
we would simply consider a linear combination of SIR and SAVE to handle various cases.
That is, rather than using each individual cov(E(z|y)) or E(I, — cov(zly))?, we use the
eigenvectors of A = a cov(E(zly)) + (1 — a) E(I, — cov(z|y))? to determine a subspace of
BB. Denote by B, the subspace determined by SAVE in terms of (1 — a)E(I, — cov(z|y))?.
The subspace determined by A is B; U B;. With the estimation procedures of SIR and
SAVE, we can have SIR-SAVE.

2. Monte Calro Study for Single Index Models
To assess the finite sample performance of the proposed algorithm, we conducted a
Monte Carlo study. The performance measure used is the average of the correlation
coefficient R? defined in Li (1991) from a total of 200 Monte Carlo sample. The following
four models are considered.
Model 1: y = (87x)? x ¢;
Model 2: y = (87x)? +¢;
Model 3: y = Tx +¢;
Model 4: y = (87x)% + €.
The covariable x and the error € are taken to be independent normal N(0, I;y) and
N(0,1), where Ijo is the 10 x 10 identity matrix. In performing the simulation, § =
(1,0,---,0) and the sample size was 400. In the implimentation of PPSIR, we adopted

k = 2 for the number of principal points for each slice, using the critical value § =
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2.0, 3.0 and 4.0. To look into the sensitiveness of the algorithm for the number of slices,
we considered H = 2,3, 5, 10, 20.

From the simulation study we found the following: SAVE and pHd perform well for
Model 2 with even regression function, f(57x) = (87x)? but does not for Model 3 and
4 with odd function; For the model with the direction 3 in the error term, see Model 1,
SAVE is also a good method. SIR can do well for Model 3 and 4. but it has difficulty
to find the direction in even function and in the error term. These observations fit the
justification described previously. Another observation is that SIR is quite insensitive to
the choice of the number of slices. This has been illustrated by Li(1991) empirically and
proved by Zhu and Ng (1995), while SAVE may be much more sensitive to the number
of the slices. It can be seen more clearly for Model 4. Among these algorithms, PPSIR’s
performance is quite encouraging. It can find the direction for all five models and similar
to SIR, is not sensitive to the slicing. It is however that due to the sensitiveness of SAVE
to the number of slices, it does not maintain the advantage that SIR or PPSIR are not

affected by choice of slice number significantly.

3. Monte Calro Study for Models with Two EDR Directions
For the models with two directions, we consider three models. Model 5 was used in
Li(1991).
Model 5. y= (87x) x (BFx+1) +¢;
Model 6. y = (87x)® + (6Fx)? +¢;
Model 7. y = (87x)% + (Tx)? x €.

As we found SIR works well for Model 5, similar to the reported results in Li(1991),
while not for the other models conducted here. Therefore, we report on the results with
the other algorithms. For pHd, the directions cannot be estimated well with Model 5, 6
and for Model 7 the direction in the regression function can be found, but not for the
one in the error term. SAVE performs slightly better than pHd for Model 5 and 6 in
which both directions are in the regression function. For these models, the sensitiveness
of SAVE to the slice number shows up again. As this model is in favor of SAVE, when
H is relatively small, SAVE works well. As for PPSIR, its performance with Model 5 is
similar to SIR, see Li(1991), and for the other models, PPSIR can only get one of the
directions. Overall, SIR-SAVE algorithm enhances the ability for finding the directions.
Again, it is sensitive to the choice of slice number due to the effect of SAVE.
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BT & DRz DO ENZ IR % b2 Support Vector Machine (SVM) (Vapnick
1998) i%, XFHBMRE~DFEENOBIND, HEHLRSENLEELZEDTH
D, KRETIE, BARAENL SVMOMEEZEE L, TRREDO S SVM O#RIE
WZDWTHRET L7z, FFHZERM TO kernel trick & soft margin #EZHLAHHEBZZ & T
T — & - mIEE TEE TE AR, margin 26T ASAIT XA —#, KU kernel
BEOREICL > TIHBEEOMBENREL, Zhb ORI SVM ORIz Y- > Tk
AEEI L 725, VCIRIT (Vapnick 1998) IZESEBIRT 23 HEGLEx b an, 3k
CHOWREMETH Y, KERME~OEA LS SICEEREMAEENTNE. &5
(ZVCRTTIY, ERTTEEZ: kernel BAEAHIIR XN TH Y, Gauss kernel /¢ & &2 FL -
HBEIIVCRTIIRMATE T, cross validation (CV) % E# 20 B 2R ST E
L DOHESL HD (Hastie et.al (2001)).

A E TIL, reproducting kernel Hilbert space (RKHS) (2313 5 SVM D182 B3
T ERMLERICESEHLAIIL, CVEERELZT— X bF v 7 (Bfron &
Tibsirani (1993)) IZ & D ETFTALVBIREB L eodz. —IZAVOLNTVWAE T — kX 1
7y TETIE, EEOEBRRE VI EBERIN TV, ZoORELEZKIEIC
BOSEIHBAY ST TEEREL, YIalb—va VEMEDEMIZED
FTENTET.

H{E, SVM 2fix OEBRMBE~ERATHICH Y, SHABIME~ORRLHERE
FNOEA R EABDFRNEANCE Z 2T S (Lin et.al (2002), Tanabe (2001),
Wahba et.al (2000), Zhu & Hastie (2001)). 5l & ¥, ABRFRFRIZISELHIA O 1A F]T
HY, EX2 VT4 ~DISAREBRELOH A RBE TOFEANEZLLND. Fi-,
SVMIZLENPESEZEAT LI LT, BHERIZBO TREAOBHEHEMIT T
ERHRILY, 7Yy bRAT I ZRZEBWUIERY A 7R Ll e — &
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THEL 72D, TOINBOENR—BLIENS. AHETHE, SHUNERETLLELT
SVM #ERAL L, Thd ZoOEHFLMRTIFELRE L. BERASVM S0
BIE T IV ORRICE O CARMBBEANE, EANERT A —F RO kernel B#IORBIRT
HB. —fEIZ, AIC (Akaike (1974)) & BIC (Schwarz (1978)) X AIKICESE KL
FEFLOTBRETH D, FHERE SVM ST T /MTERNLEICESWTHEE L T
WBZ Enb, ¥TRDEEFAOEMES ZEOIFHET 5 E 7 AFHEHREEZ H72 iz
EHTANENRDHD. T2 T, AIC, BIC %R L, HEEHSVM EHET LOIAL
BHZFET 5 ETFVBRIRELZBRE, RUOSS AERORRIBANLRERL.
F— A ENEL DR, BT VOBEMPRICENLREITR-TLEI L, T2
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LRE S 8T A D)y ZERIZBIT B8 T AMEEEIZ OV T
BRKRY BB TEMER SRR
BIRAE BEHIE ik EK
LUBIC 7S %R0 (dKIL) ORGEEEEREST S 287 A )y 7 EE LT
Kernel # W 2B EIX L CHV O, FOWE S EA IR SN TW % [Ruppert and
Wand(1994) 2 &), L2 L, ZOFEIIHENIREWTEO SRLERNEOSTO/NA 7 ANH
UDEFMONTVDS, T TARTREBRORBEHCT I L2, ROBITLEAEEE
ErMEEEL AL L, MENLFEEEZMA L ZLI2L o TNA T AR ERT S &
IHETHONIHETE (ABRE) IZOWTEEY 5.2 5,
2. ?&E%@*ﬁﬁﬁ %\/70)1/7& (“Xylﬁ}!l)v Tt (*’Ynaytn) & L’ )(i = ("Yila o '7-'\72'(1')7' &:Té . [E‘]_I‘}';r—f,f:E'
T
Y; = m(X)) + v(X;) 2,
WZDOWTEZ L, 727210, & idiid. TEHO, ﬁ‘ﬁf&l ET5. K(u)= K(up, -+,uy) > 0% Kernel
M, HY?13% Bandwidth Matrix T V), Kg(u) = |H|"V2K(H™Y?) &£ LT,

1 (z-Xp)T 1 (z—-X)T vechT[(z — X))(z - X))
XI,F(z : ) ,Xz,z=(f : : )
L (2= Xa)T 1 (2= X" vech[(z - Xp)(z - X,)7]

W, =diag{Kg(z - X;), -, Kp(z - X,,)}, ¥ = (Y1, --. ¥)T
L9 LEE, ZEED Local Linear #E & my I
i (z) = el (XL WeXiz) ' XTI WoY

THZLNA., 727201, vech[A] 12 A D 15IH 2 ONEF I AT LT 2 HEIZE~XRZ MLV,
e \EEr AT LI THIZOERH X7 PV THL., my WEIECELRZL, mEim+£EL
WA TRETAHELEZ L. HEIHL

Ligo,&"]2) = 3 [ = i (Xe) — & - & (e = X0)] Knrle - X))

i=1

EBAMELTEEED G k3B, DF DIHKIAS = £(z) 12 " Local Linear #EBDFEED Local Linear
HEE" Led, FLTRETHHEEE (ABRE) T

i (z) = i (z) + &(z) = ef (XT,WoX1 ) ' XL WL(2Y — My)

El B, ZITM, = (my (X)), -, (X)) TH A, FEC LT Local Quadratic #5EE % iy
& L7z ABRE i,

Ma(r) = el (X, WoXa) ' XT W, (2Y — My)

ETED. TIT My= (Ma(X1), -, ma(X,))T TH 5.



1

3. EBNEE RELEEEIIROBE EFD. 12721, Bias[- | Xy, -+, Xy, Var[- | X1, -+, X))
% ZIEN Bias| - |, Var[ - ] kﬁnﬁ@’"é.

FIE ¢ Fsupp(f) PHRHET S, HULFEHDDLET,
Bias[fy(z)] = —%ug(lﬁ')ztrace [HV%race [Hvzm(m)n + o, (trace[H?),
v(z)R(K™)

n|H|2 f(z)
Yh, 72720, Vim(z) id m(z) O~y ITHIT,

K*(u) = 2K (u) - K % K () , K+ K(u /Avﬂqu~vmv, () ./K u)’du.

Var[m(z)] + op(n“llHl_%)

BRIPETOHE LR U — ¥ — 25K T 5. my 13 O, (trace[H]), Op(n =Y H|~Y?) & v 3 ik

INA T AL BES R FED 2 & [Ruppert and Wand(1994)] & HEs UL, Wi s#idE U4 —
¥ —THOWRNA TADWIEL o TR I EMbhrsb, T, FRIZL Ty OERE/NNA 7 A
IZP T Op(trace[H®]) T, BHAED R TIE Op(trace[H?]) &% B T EATREN S . My Dl
FSA T RIS, BRASGED S TENRER O, (trace[H?)), O, (trace[H]) TH H, my & gy id
BLA— DT EEROI LD, My @S 7T ARNEEETH L I EDDDPD

4.Bandwidth @584 = ZTI3 Yang and Tschernig(1999) O HER BEII My, Td=2,H/?2 =
hly,v(z) = 0% & LIZBED T T 74 % Fvi/z Bandwidth BHRICEI L CTERX 5. T2 TRET
B HER
EPI = hamise [1 + Op(”—l/s)]

%135,

5. 5b VI ARTEIEAVLNTELBHZENEEEz SR E L, INEMREEE
MEZBZETNATARKMT AHEEEIZIOVWTHEGR L., ZTOMENFABRIE X, OF A X52%E
RBEZERLANAT AN ERTEDLDT, FHEREHTIIDOLRBEEFRELLTNAT A%
W T A EERET S L, n’rﬁzx ]*U)Ekialﬂf‘bﬁﬂ]“(ag)é L 52 5. Bandwidth O#EE
HEOEM, 70 Bandwidth RH¥EEFEICETAIab—Tary, EF—F~OFEHICELTIZY
HEET 5.
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2 HEREREICE T S kernel FR{L L EDEMREIENDIGA

REEXR  EAER
BRX NEEEX

1. FUSIC 2HERBEKICHT 2 NI A N v IHEEBIRDWTEZS . KEOKER 1, ..., =k
DEHKER z; TN, BEFREL ZEEOR Y, MBERIIN/ZET S, I TIXRTOBEED KIS
THHETD. RIELEEERY,, i=1,..., K11/S5 A= p, = p(a:) £ 0D 2HATE Bi( Ny, pi) 1o
D LTS, BIRER p(z) KEL TIEMABHENTWEEIIE/ ONNF AN w7 To—-FREREH
5. 2RISR U T, Copas(1983) D& kernel HEER D 1 DT& % Nadaraya-Watson HEER % #
AL, ZOF—4%I1Zxd % Nadaraya-Watson #E BRI pyw (z; h) = (ZK Yiw;)/( K L Niw;)) TEX
505, TIT,w = ¢((zi~2)/h)/h THDT, ¢(z) R ﬁﬁ%f;’&”ﬁﬁﬁﬁf&ﬁé $$E%“Cbi HER
MTOREAE—HEEBLE kernel EEBZIREL, TOHTBOEBEHSNIIT 2. T L TEYR
EEANDIEHEL T, p(z) DEEDHBEEEZS. %@ﬁﬁﬁ%@%@%iﬁ%ﬁﬁ DIREL = p(z) D
HEEZBROSHERL, TOHEROEBIIONTERES5A2. Il Cx; = (1—-1)/(K-1),i=1, ..., K
95,

2. BEHTEHER 7% (2,Y:), i=1, ..., K Zkernel THWTHERBILLT B LEERD. &
T, Y =Y/N;, i =1,...,K ThHB. TOTF—FIINT % Nadaraya-Watson HEER pas(z; h) =
(K Viwi) /(K | w;) % Staniswalis and Cooper(1988) #HRE L T3, ZHUSRATENC R/ 2 ki e
BHTA L > TEHTES. %&%&E 3, vi/Nj D, Ty = pi(l—p) THD. £Z
TERAR z; D08 v /N, ORESIIGUT, BEH w; 2EBSEHILE2EXD. JOHFEICHTZ 1D
D7 TO—F L L TRAMIC " BEAFTERN2FE " ZEHTHIENEAOND. Zhick>THEHBE
NaEERE

P*(zih) = (il Yows fvi) /(TS Nows /vi)
THEAZBLND. TTTyldRATHD, TOEKT p*(z; h) I IEBHNLHEERTH D, EBRITIE v; OHE
EEVVETHS. p, OEBRELTH = (Vi +VN:/2)/(N;+VN;), i=1,... . K ZRAT5. j; 142
IS Bi(N;, p;) @ pi WWEERFAMDWICHED LREL L EZDRAT Xﬁﬁ%& LTaishTnd, -
NERANTv; OHEER 6; = p;(1 — p;) BESND. BIEHIC, p*(z; h) DRND v; IZ0; ZRALTHESN
)

s k) = (T, Yowi/93) /(T Niwi/9:)
PMRETHHETRTH S, EA (1) 13, V; \TEHAKNT S p;, 58 v/N; OERFTIHED DT, LER
BIcL > THESNBILITEET 5.

LHMERDOHER HEBOLNNOEKK ZBAELAHEE K AT AREVREIBNT, ERIN
FHEEROEE E MSE IC& > TRMET 3. £z, K AKX ZEVRRTOERBEE p(z) OSHERM%
5Z5.

TP, HEBOLRIVOEK K BEEINTNE L EEEX S HER pvw (2 h), Pu(z; h) & p*(z;h)
O MSE BEBICERIHETES. LHL, RRLUZHEEZR (z; ) 1, v OEEREERAL THWHOT
MSE # ERICEHE T2y, 22T, K & hREEL, N = SK N; = 00, Ny/N - 1/K(i =1,...,K)
LTBRMEEZD. ZDEE, p(z;h) D MSE bié’l@é:')ﬁ%f‘(%b‘é

MSE[p(z; h)] = (Bias[p*(z; h)))? +2 {% + %2} Bias[p*(z; h)] + %ZL + Var[p*(z; h)] + % + 0(1—{,7).

2T, Gi, Go i Bias[p(z; h)] B 5, H i Var[p(z; )] B SBHE h 5.
RiIT, HERO L ANV OBEEAHHCKRENREIIDOVNTERS. TNRERD/ XNTA M) v JH
RTHR S NDRAITHIET 2. BEREHEOD & TRAMLDILD.
MSE[p*(z; h)] = AMSE[p*(z; h)] + O (RK~1 + h%),
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AMSE[p* (c; h)] = v(@)R(INMKR)™ + 47113 {p®(z) — 2(1 — 2p())pV (2)?0(z) "1}
ZZTR=[! ¢(2)%dz,ps = f_ll 22¢(2)dz TH 5. BREWHEER p*(z; h) & Nadaraya-Watson #EER
Pnw (s h) EOBRE7E MSE DEWE, TH5 DFBIZZELWOT, O(h?) N1 7 XIZHENS. 5 ziTxt
LT, ABias[p*(z; h)] @ 2 T & ABias[pyw (z;h)] D 2 ROEMNSEHEIN DR (1~ 2p(z)){v(z)p? (z) -
(1 - 2p(2))p® (z)?} MIETHIUF, AMSE[p*(z; h)] < AMSE[pnw (z; b)) BIER 0 3L D.

p(x; ) DINA 7 ZADR,

Bias[p(z; h)] = ABias[p* (z;R)] — (1 ~ 2p(z)) N7 ! + o (A% + NT1)
B LT hz; h) = NL+ (1= 2N Dj(z; h) EEET I, CHIRELURHEZR p(z;h) DN T R
EBErHEERICRS. BERFHEDOTT,

VENih(B(z; k) — p(z)) —a N(pf(z)p2, p(z)(1 - p(z)) R).

ZTT, fz) = {p@ (z) — 2(1 ~ 2p(x))pP (z)%v(z)"1}/2 T, p(= 0) id KN hS — p? 2T HBER
THD. B273 kernel ¢ ZHATIUL p(z; h) D 1 KEBRIK 5O (z; h) & 2 KEBIEK 53 (z; h) BENTN
pW(z) & pP)(z) D—EHERBE2 . BIT, TD kernel ZHAT 2 Z &I2K > T p(z) DIFEAL100(1-B)%
FERMBNROXSIZBLND.

[ﬁ(m; h) = W f(z) — @711 = §)V, p(a; k) — R2paf(z) + 711 - Q)V]

4. SRE (EPRESEADIGR) EREKp(z) MERATHDEE, a0 < a < 1) IKHLT, 0, =p(a)
BT AHEENMBEE INDBENH . FIAIE, p~ (o) BEBETIE, VD 100a% BRETHD &
WMETIEIEYICX S 1000% BOERICH 2. EPRELETH, 0, DHEEPLRMHEER ENTRRbN 5.
Miiller and Schmitt(1988) EEH&ICL T, ©, DT RE 6, = (inf My +sup M, )/2 TEHT S, #HY
754 BDTF T,

VENTE(80 ~ Oa) —+a N(pf(Ba)uap™(©4) ", (1 — @) RpV)(84)~2)
MR D ILD. T, O DIEAL 100(1 — f)% EERMATKOL S IZBLNS.

[éa"{h2ﬂ2f(éa)+q)—l(1—g) \V %((-11\7;1(15)_}5(1)(601)—17 éa"{h2“2f(éa)_q)—l(1_'g) C;E}N_l(;) }ﬁ(l)(éa)ﬁll

5. Sab—-vary 0,0REL/KHEER, Nadaraya-Watson EERB B AHEREOHKRE I o
L—3a ko TiFleo . (iR MSE, #EERMEHERRE/ R, Y EHIXM, coverage probability
&> TiIF> 7. EIREE p(z) RIIT T O—RILO P AT 49 7 HHEREPREEO S AT v I 4
B EFERAL, W< DOND o IH LTINS DEERD THERZT> . O, DBRAHET RIIEIREK
MOPRAFAv T ETINVICETBEREL, REBEICI>TEHLE. RAOBRELEHERIE, =05
DEEHHEET, a=01 DL ERMPETTRNEFZRLE. TNSORBROFEMDONTIEIET -~
DEAESHETUYHERETS.

6. BbHVYUIZ Nadaraya-Watson #ERIZ, EAMIF 2 LOBFMRN 2 REERTH- T, @407 —
FEEDEHLOED LI RMEREEEL L THEREINS. —H, BAORBELAEERE, s8OBEHRES
BLEBRNEAMTEZR/N2REERTH- T, THIEIRTNELEHERERD Z LTE, MELE
OEWRTEWL. FRITEBRNICEZ2EHEMTE I EOZYUEEZEMTS. —#&IZ Kernel IKHT2EAS
I £ B EWIIEHEAICIZ O(R) N1 T ADHIZENS. L L, ¥ alb—a X5 HERDHE
BN T, REDBELEZHERIZRWEBERLE. #o T, 2HT Y ICBIBR&DITRBOEES
FFZESTHBENZID. F—IREITINY RIELORBRIZDOVWTIEISHOBEICLW,
&

Copas, J. B. (1983). Plotting p against z. Applied Statistics 32, 25-31.

Miiller, H.-G. and Schmitt, T. (1988). Kernel and probit estimates in Quantal Bioassay. J. Amer.
Statist. Assoc., 83, 750-759.

Staniswalis, J. G. and Cooper, V. (1988). Kernel estimates of dose response. Biometrics, 44, 1103-

1119.
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HETHIRE DE R Z BT 5 REM/AEHRHE
BRI A R

1. 7

HEHIBUEL, BIEMRHRERIE T2 EE L L TLA<AWSNTWS, —F THEFR
HREOEELOBMNBNDESND, HEEL TR, 1) BB HEZ%DD B
WA, HIRAD) . 1) TRUZT—F8BHTziT5. N\) SBRETHEIC I Rk2MmA 3. &
AB6ND, —HHNZIEHES T —FBITEOWFICEORER L T, EFEIER R
DLRDEEENEMENTE /2, BROFTEEBESNET—F OMFTIIHMILLZ 200
HEHETIHRLS, —~EKOHDEDEBBEALTETZDTH 5,

ZOWETIE., 2DDRASNFITDONTEREZITS, WHE T 2HEEITEENT
HBI, wmITEEREBREEE L TIT S,

2. EEOKEDRED
2THREMOHBEMER p ITDOWTD, Hy: p=py PRE. HBVE2D0 2 HEEH
DHIHER p, py ITDOWTD, Hy: pr=py PREEEZD, B<HOLNTWBLIIZ
HEHDKE o (F1Z1E0.05) K DEBOKENNE <25, REHKFEIEEK THIE,
ZOBRZIIEET 50720, UL UEBOKEENR o/2 KD/WNEL<2ZZEBENTIA N,

2-1. BREN

WG THO., BBROFEICZ<BEELARVWERELEZSHGEELD. ZOBEA
KIEBFEOREE LT, ) HERNEEE L T2 ANS, O) Randomized BRE E1T
20 \) mid-p REZITI. B¥H 5. /\) D mid-p WEIL. Frank (1986). Barnard (1989)
Dika LT3, BEmaiER & L TIHERAFE THS. Randomized RED. FED
REBOEDIRL TIThN 20 TRIFIUL, A I hEN,

2-2. EREFR

KEOKIEDORDZEHT 5 Z & 2RREFTEICHAAD ETNEZINEZSNS, 1
DDHER. REHKFTBNEAFHICREDEICIZ > TERELZOROAIC. EEEZBMNL
TRHZETD. THE2BREZBERREERD, BRBREOHREDE S IIELMSNTNRS
N, ERIIBEHABEZTOTHENDD ZENTES, ZOHBDORA > ME. EXDE
EHBOBAITIICED TB & TH D,
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3. FETAHWERBRTOESREM

Cornfield (1966) D3F)H THBEIZIEH L =3T3, HOMEENRBREEBEL T
REZTOEMNERE TR AN/, T TEMERDORKEIZRDLD ELENEZITR
Vi, HLZOMEENFREAGERZETONL, ZZCTRBREKA TREEAR T2 M
ET D, COBBFETRVWHERERIZRICIZIZORATIED S LN,

3-1. HERBEWN

%< OWFEEL. BINERIIFHFARINDEBEATNSEEDNS., L LR
THBHIEBHBTH S, ZamERICEBIRBRITONTZH IR ORF OKMASH
%, BIOWFEENE CRBREESE CHRBREERL B LM LIRS, —AT. EERMHN
TEHT2L0., RBFEICENZEVEATHEFIC L > THEAZ I EBEEWITRN,
3-2. BRIL&WRIE

LFRDOBEI, BEROPRERLIZODHREIIRENVEEY A ZORBREFE LR T
257N EZRLTNS, EZATHERBRTIIRENWVEERY A INEFL NS
BERZRD D, —RISIFEREITNIVIEEDIRIEIRETIHENZNIETHD, O—K
IFIEFEITNEI N pEIFEELLIBNI ETH 2, HBERZOSEF T, NS0 pfEIS &
FWOREZERTIEL, —RICEEE L. UM UBKRARTIE, PRSI T p-EN
HEIBRENINERBRIIPUHETRETH S, CHIIMHEERME TH-> T, HENME S
Riz5,
HLBHTHICKENT A ZORBEITIICRLKHTO D 2251, HFEEITERIH
BAEEMT S, TL T, £3F BATDHRLZLMTHERES) 3. MENICHENRD
SNEREFLETS., CNEBHKEOEAROBER LIRS FIEERD, HFEEL, B
HUWwhEERo 25810, BELZRR (RSEROERE, HREBFOLKX) 217
Do HEIFENRIEZEHE LAWESICEERIIMEENSM S, Cornfield 23R L 2K
# (fallacy) ZEEEINS,

Barnard, G.A.(1989). On alleged gains in power from lower P-values. Statist. Med., 8,
1469-1477.

Cornfield, J.(1966). Sequential trials, sequential analysis and the likelihood principle.
Ann. Statist., 29, 18-23.

Frank, W.E.(1986). P-values for discrete statistics. Biometrical J., 28, 403-406.

WA RE EEEROEEN S ENNSHFHHEROB R, HERKEHERR, 32 %, 291-
302.

—234—



BEHEFOEREECA

R TFERKEBRRY VY FREAE 5 —
REG et ER FREEEATERFDE
WHEZ

1 BEHEFENLERFEE

BEHEHFICIEIETELRFEND N, ACTFIVOEREFOHN GREEEA) ZEBERWEF
B GHEGNARNT) MR O TE GEGUR A ERIUE LMD Md5. Th5o 0 e T
AL

$1 B4 OEGURNT. EERTEEFIE L me

AT DA WY AMEER | EHAOHBLICK M8 | BEEER
INT ARV o R DERFRR B/ i
JUINT AN w7 B AR ERNFE R I B
TDT. S-TDT EZ- U3 I > 4%
SR L AR BEROBHE LMNRHE H B
BT LR DBE LNRE x T
KRR NAHBE 34T BROBHE L FIE Vi B

2 NIAMUYOEEBIROTINTY XADEE

RIA BN VESEBFTOERZEZ B,

FRE. BAOHEHHELHEEOEN TORETFE, BAORRE, < —h— B ML XE
&, MEFRHO—DOERBEN, REEM TORETFHREORBBERNEG A 5N ED K D BT
AJEETH A DD

BRHFBIWE-S T, —DDEREEX, FRNITXOWERTRTOHKRE (outcome) DEBGEELRE
Q) &L, TORPESZEHFKS (event) & T 5. AL FIOBEANCHDHIRFICHRRZRITBRN
HEIIESED. ELEHIBAERTH 5.

ZDEIBETINVCETOWTEHET Y THIHIGEMOBERTHEBAOKRRAMOEL 2RE, A
LAEZRD D EMODTENEEOBERNTES, LMLIFEALEOETIRHOTHS. > T, 0
ERBFEEELDT, HEHRSZEVETIENTENETFHEXELS 23, Elston-Stewart 7 )L T
YZXLTIE, RROBDFROEFEE MR ETOTHTRT) IZDWT, F—INFETIHEEZR
OERE, BoEDOAEFETHENIFEEANS, EBICE, FORGTFHEISHOMAEERT ¢
JOyYA THEVANT v TT 5,

BELFROBFEDO—DIIDONT., BN SEOAIRBFEECED T VIVERESHBEA . ik

Lk SRR
InNToy1IREEED
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BEDDONT DI A T7D—D2RIBRICDONT, TRTOHKER E,,...,Eq £T5. LEEK
DEFITIZKT Pr(Ey), ..., Pr(Bg) D ENIVREENTVNEOT, TRTOEE QEEICEEDT
Pr(E1),...,Pr(EQ) DWITNMMEIEVET I ENTES, Pr(E),... Pr(Eg) PELIZ0THD. &
NSDEEYTIENTES, KiIT, BoLEICDONT, 5K LOBKEKIIOWTHEEREBES
T (BB, FIEERHREOSZ2RUARAMERHREEZBE L X2). BRNIC—& LOEKKICEIE
T 5,

L EDORETIE, BFREOHFEBEIIOWTEEROEKDOEEZ T LD, Z<OEEHLED LN
BHEZITO CEMRA > b TH B,

HEMITOFEL LTI, B EOFEOMITREEAENRY bV EF W Lander-Green 7))L IV X AN
H5,

3 NT7O%A7#ELDSUPPORT &7 —IvENNTOY A Tt
£ LDPOOLED @7 J)LTJUX A

NTOyA THEEOMEZEMICRET S &, T—IVHEICETTES, —ADEAIR=DONT
O&A7&FE, FOZDOBEEL TOWTHERNRSIELTWS, TOLSBREZEBEER, 522
REHETSH, EWISBEMNTOF A THEEBEOEFETH S, CNE—RILTDEROL DM
Biciks,

ELDONTOFALTH, FNFN2m BONTOY 1 TEEFUDEL ONERKREINTNWS, £
DD, TNENOBRAEINET—IVBNTHEINZBERVERIND, TOLIIT. FELRK
o /-tHEN S RLHREHET 2. ZOLIK. —RONTOY A THEREEIEELZ 0TS
L7 Idpooled TH B, BEONTOF 1 THEOHBEIZ. oS kEEREN: 2m BoNT DY
AT TS OHEEDOHEOHR THII m =1 DEREFHETH 5.

B, ldpooled THEEA(LE 315 LEEBIRUII,

rey=I1 > II#& (1)

k=1Qr;ERx iE€QL;

ZREL Ry EBROT VDT —FIZERTHIXTONTOF A TDIFFIDEE. Qr; 13 R @
FBEOERTHAINTOIA TOEF]. Q13 Quy PETFTHAENTOITOBERFORETH S,
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R Ry bT—0 7 TU XL
WX DA OFEEIIMNNT

R LEXY HRETTFIITR MR

KR T— 5 ICED < HEBTIRBEREBRTOEBNERET 2200
EENFETHD, RRET—FRBLRELIEEAN—DEEGTHRERE,
FRBAOBETIHI—RIZEE 5NR - BEBEMNEBRETE RV E
WIRTARZELTH S, BREGTNETHEEE L, BEFEREED (K
Wiz) BT 2 BETE (RER) SRR &ITL (0,8 ((a,b) &EFT. B
SEBH OB RIIEREVHOBGTFHEAROEETH DL, TOZDHITI
BEEMTORRRA 2 N— DB TFHERS ML, RERNOBETHTEET
MEDEINTED D TEMERT AT MV THBMANY MV ORI
(MRS ZHETH2LENDH D, EHBTORENY I U7 THS
GENEHUNTER T3, #MRIHERRKOAREDH S5V IBETFEOMAE
DENREEOMENT ML EFONEINERY D TREHETAIRET
HEN, BERAETHT>TEY., IOIELNHABERERFTZROMT
EREICTOREER> TS, DM TIL BP (Belief Propagation, &
&%) © LBP(Loopy Belief Propagation) &MEENBH LW TN TUY X L%
BEHEMTICHW DA D W THE T 3.

BP & 1980 FERITT AU A D ALTHEEH KN — T2k, RERNOLTF
A= b I AT LITHERMKAFBR Z ¥ A L /= BN(Bayesian Network, HER
Xy hT—2) BT BERELTE2— ) AF 4w 7 CEAIN, 0%
Lauritzen FDHETRIT L D DAG(Directed Acyclic Graph, Jb— 7 &#/ziz
WHEY I 7) D&/ — ROBAAGEZBEHETEIT NI ILELTE
HaNim., —ATBPIIN—T2&EDYS7ICRVWTHLIELIEERITH S
ZEBHENTVWEN, TOHBEIOTINIT) XLNRERMEIT> TSR
132001 1T Jedidia ERET HHFO1 P2 T ETNERBTHIASHSNT
WX T ZHBIRIVF—O Bethe iSOG & BP OFRHIE—E
BT HZEKED, O THERRRESR:, VW —T0H3 77 7H#iE
XX % BP & FOEEEMBHL T LBP &FEXR, BP &R#IC LBP I3
J—RETAYy -V EREN2RERMTHIEET I 7R > THED
#DIRTFEET. DAG DA ZRTIEF UM & NHENE / — ROED
BN ESABNILTUBRITINEZW (H2 LBP 1 TEALEEDOTT
PRMZREET 5).

J—RES (i} 2DV 57 G OFERICHIRMBEZROERERL X,
AT BEL, EERR (BTORMNDB) IHB/—RafE i~ j EET,
X = {X;} ORBAHARDE D3 1HW 5 HEHEEREFOF T Z (K
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YR PETEREND 2T 5:

p(@1,72,...) = C [ [ wi(mi,z5) [ diles | ws)
i~g i

IIZT C REBLER (—RICEHERTIEE) T ¢i(z: | y) BF—% y 28
RLEZLTD X; DBERRICHATLIRBTH S, ¢, ¢ 2HRAPEZOR
BEGEORT v VR ERS,

IBP 7NITU XL/ —R i DEFDRE/— K j ADAyE—T LI
ENBBE ms;(z;) 2. OIHHE 1 ASHRLUROEFHFRICKD Y I 70U
(,) KB>T—ET B I EEPRTDETHRDIRT T LITHYT 5!

mij(z;) = D tij(zi,z)dilmi | ws) [ mus(ay)-
x; kk’;;a

&/ —F i BEOAEE/ —Rxt 4,5 IKRITS p OFAGHT (KA ZER
W) KRR TEHEEINS:

bi(a:) = ku(wi | 3:) [] muies),
k:k~i
bij (w1, 25) = kb (s, 25)b(s | ys)(s | ) [] mwalzs) [ mus(zs)

kik~d Lil~3
Py 154

bibi; MBIRBTLY p ZRTTERNWI EEEET S, BPLBP 7TV
ALDMNIENNT S 7D o7/ — BRI HHI T3 0—-h)L Bk
NE5RZHO>TED, &/ — RO z; ORSENHERNICBRT2KBRICHER
AEEIL T LT H B,

FRET—F TIEHAERETO—ADFH LN ZAERNEET S, 20D
FHICERD LBP 7NV ITU X LEZBERT HDITIE, ki, FjIIHLULAL
IR/ — R (4,5) Z8AL. Xi. Ej. TOTFH k2 (4,5) iR
HBHETB, FLTRTF v VEKIIRODE D ITHRD 5:

DA i O—@FERFT > IRBABT—F ¢y, OFTO i OiF
EFROEERER,

2) KRB/ —RO—@ERF ¥ vilid =1,

3) k. FEMIRT BRI/ — FHOZERTF vl =1,

4) K/ — RE—ADFHBD &R T > 2 v VEA L TID
HRRAITHRE B ERESR

ZOHEBABLIVERBO—FEBARR L, HETOFH-O_EEDHAMN
RENE, FRESEOBRGTRAMRSAVETIATETHD. ThL DK
MIBFEHET DI ENTETH S,

LBP 7 NIV XLZEN—TDH5 (DF0EEEELZED) FRRT—%
KBS LU EBEROBRIBET TN T TETH 5,
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DFECEEOHEREHETT L EBEGELDOBEL

FE EA GERR), RERS (RXRE)

1 7/ LBIGECOEHEEERRY—IL

EMOBISEROBE RIS/ LOBERNEH D, BBHREREIIS ) ADOFOL /S~ —DEHELT
Hd, MAOBEFIPEFELMOVBEL, T TEDHI, F/ ALV TRBEBICEETHIZ L bbb
% (Ohno (1970); Gu (2002)), RER/TIEIHEEZRVBEEGT LD, H-2EELEETS, 2, &
ErOESBELET VEIEEREFREMICOZ VARSI TV AHKZELHH L TV 5 (Force et al.
(1999))e EBIZ, NI TF VT LBEPORDIFEHEDIBVTEL, BEBEVEEETOREEEN LIZLIE
BRINTWD, 7z d@c OEDEIZR L CINE TN Tt FAE TN, K EEELZ@AL
TREEHEBOMEMIZEE L T¥RE (Normark and Normark (2002)).

THLw 7 n LR RBEAEEL L L TA, HEFEIZFLNTHD ), JhICHL T, AR
REREEEL LIEBEFLVOEE, £P0BA I LE SRLICRELERELTELEELDL
TN, PTH, 7 /By a— M 3a— FERE, KBHREESEVNZLLH Y, B<HFA<LRTH
%, WHNELEZREHT2-OOMMHEE LTRERD LIELERVW LR T2 L0, ERHBER L FER
BOLTHD, BEMZHNLZOHIE1 L0ASNI EREVE, RERICEESTIEET. FRE~
OEFHEREF, HRERBFRET, EOBRE (BHEBR) SEXAZLABH LTV S (Hughes
and Nei (1988); Bishop et al. (2000); Swanson and Vacquier (1995)), Rl EHIILEBHEBICE Z 57
. HERTROBOLECENE ROMITAE L T 5,

ELIEFEEINTVWDOR, BEFORRRL BB Y — U OfEic L2ELE BHELTHD, Y
Foavi, UEORE ZIHT 58EF thl ORERKIOE WKEEZR T, JOBEFHBERICHERL
TR, TONREE LTABIZ L > TEELRBHE M Lz (Docbley et al (1997)), N7 A D=7 A BIZH
%45 silver sword 1%, AKOFRREICH L CTHEREHREERL TV, ZOEYOIERTEME XET 5 /3
Az LOBEFERE ZA, HEREFICIBKERRONAT, HEEEFIRENRBKENRLN
7= (Barrier et al. (2001)), BEFORERICEE T IELITFFIZELS, ENBENERERDZLICEVR
HEns, BiofbInEmiER, AVBREEZZTCEVRERCEREZZT TV L RREERH B 720,
RERBOLLER L-EEL BT CRUTESFEERLZF AT, BLUEREATVWS, BIK0OH5D
A R, Waxy BEFOE—4 2 barD5 2754 AWMMUA GT 26 TT ICHEEBR T LiIck W EE
L 7= (Hirano et al (1998)).

2 NFRHHOLEELHEEEEOEELEETIL

) AIBENEROBESEO T o A EHRT A EHIE, COBBTOLEORTT, £ EORKT
SFEGEERRKESELED, BRERBSBRHTAILBEETHD, ELEELBRBESLFHNAT &
LTERYAATZRBET VL, S E BEEOE{LE: BRETRIHTAMEEEZR-> T3,

AL T T5 & HER s AOBEFIOSELEIL

1(81X) = log f(X4l6) (1)
h=1
LRDEND, ZIT Xy = (Xin, ..., Xon) B WEBLOT—2, 0, HELOT o AERET 57

A—BTh D, BAOELEL, /a3 7BRICEDEF LTS, SEEEAEROEOEFITRITIZEL
THERETHE. F(X]6) 12

f(X]6) = Z TZiq H Z szm(j)»zj (tanc(s)s) (2)

Ziy jenode(T\ip Z;
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CHBICREND, I T, node(T) IXRHM T OBiZR L., i (ZTEDORTH D, anc(j) 1T 5 ICBEETD
HELRDETHD, Ppy(t) 1100 ¢ 2EHEBRERTHS, HBEETSIZ R LE L, EBRERITS
X P(t) = exp(tR) & LTRDLND,

WA ICHEBLENHETS R HREMTERLT. R=rRo (r AN T —) L Lizd &, r D&
MIEREBTHEF V%2 EX D (Thorne et al. (1998); Kishino et al. (2001)). E(LEEDERTOH L LT,
r(t) OxEE L o 7(t) =logr(t) LT, KD 1K-2KDE—* b

EF@F(s)] = s)~5(t=s) (3)
VE®IFE)] = ut-s) (t>3)

PEOTFHE- L 7 BBRPEATD, DikE, HEIL 2 BETHMILIZERT D ETH8, UL LADELD
FEAT CII R OB EE L 425 (Shankarappa et al. (1999)). HKEROEFM DMLV o~ 5T LT 4
Y Lafic kv EETH, SROERFERRTTaZIck Yy, LR BREHTHSZ bR E 2o
7= (Thorne and Kishino (2002)).

LA CTREFOBRIE. I 7o bEENIELEEREARTIENTE D, BEFOFEICETS
EwNIATBEREFEZDILIZEY, Z2OTRRAZETFAMETHILNTE D, REEDQEOT ) A
FHEL, 3165 D7 AT EOXEFEREFTRL L - A, HHEMERY Ry —b0#ER VAGOBEEICK
i BEFITEENE L, RBBFECEEOREMICEE T2 REFILEN I L BBRERVICR o=, ik,
16S rRNA & OBURICBWOEEOTL 2T L& 25, R 7 Y 704 & & bITKEEIDBET MK
HELTWBET R ERHARICES RN,

&5 3k
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SNPRIE®D 2ERBERETH A VBT 59 Ty 4 Xe&Et

ERBE BAEE EHY
MEEM AP THBRH

1 ECE®»IC

b S AOLEERFH 2000 4 6 A IITIEMBH SN L2 EonTis, BRR R/ LEEH
ELTEL ORFEBRBAITORTETVS.,

D LD 2BFFRO 1 DIC SNP BT H 50, TOEMNRKRBICEET  »RIEFEELFEETS
TEiZHDH. SNPRFTIEIIREISRMAFETHD T LABELL, RBEFFA L TH 0
COPDORIFTREFEREZLOND.

AR TIE, RRCEETIREFSEERAETHIEEBMNE Ly —2 2y ha— V%
DY TN A ZEFICHE U, Satagopan b [1] DRI TREIN TSI X MEHKL Lz 2
BRERBRT VA OV TNd A4 ARIEDRD LTS, FIC, BEOBBRRELEY VO IAHA
AEEFOMBREHLNICTH L EHIT, 2BERBRTYA OV v Py AREEEET 5.

2 2BEERTYA

2EFERBRTIE, ETRT—V1Tn ADDEREN m EO SNP 2T, FEESFKAD
LONROmMyBEBETODSNP #AT—V 1 COFERSNP &5, ZZT, yIZAF—Y 2 THl
ETHSNPOEIE (0<y<1) THD. RIZATF—Y 2T, AT—U 1 LIRBERD g ADRDER
EFNAT—V 1 THELENONP & my RS, TLTAT V1 ERAT—V284bHET
FHEE AR RO SNP 2 KB LBEN H D SNP ¢RETS. REx 2BBIc+58HIL, =2 b
FHB LRSI, 1EREORBRETI LV ORBLEENE VSN 2LV EVERTEET
EBHNHLTHD.

aR bk, A¥E SNP OEOBICHATEOT, B A I T = nim+nmpmy 725, (Z
TTOBa R MI, BAEEEBRVWELOTHS.) T, AT—V1 THRWVWHII A ORISR
w=nm/T &75. LT, T¢mZEEL, 2BEERARICBVWTRBR LR LEERD S SNP
NBEESNDER (UTF, EHERBLES) BRERICRD vy wiERDDZZLEELD. 2B/
RROBREMGL LT, RBLEERHSH SNP (RBBIESNP) X118, KA LEENLVSNP
(ERBMEESNP) Em-1E&7 5.

SNP &y —Réarybu—LORBOELFOEEBRZETEH Y, EREHULEEZERERL
SNP & DEREZ R THMERE §5. SNP OFEERIIEVCHNL &35 &, FMEESIC Ik
BEMTBDT, AT—Y 1, RT—V228b¥iMiEREPERL LT, REBWCKHEET
HSNP 2RETHIENRTES.
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3 HIRBRE

EEOIZ, AT—V1TC2EDaX D T5% (w=0.75) 2ESTTXTDSNP 2RI J—=
VL, AF—P2TRIDARX FEFESTI0% (v =0.10) OFLRSNP 2FRNIEEL 0
BICHOWTEHERMIER KIS LRI, L2A8, EEFLIZLD v L& w ORMITE
HERMEBHE RA2RFCBLNATRY, BEHESNEL 22ROV THalaRatnsi
ERTVARY., 220, EEORRMLERREIV BAEVEE COEHNERERERICEZNE Y
Sal—iaritL VRN LE. £, KAKESNP 3EEOBEEBELT, F-REHER
EERERLL. TOEHEROEE LRI LL.

EBIC, 2BERBORABREBILOVCEMTEAINEMRH 2. FIE, FEERIILEDOELIE
Bl Lebo T, ER L SNP OBEZIEL S L TWARWATREERH D, £ I T, HEHNL
RIICKIIETE 2 & 5 I ML L2 KRB L SNPOF v AHICE X, A7~V 1 TSNP E2HEL
HETARICEBEELEATAZLAZBBLE. TLT, Z0#MBEEYIabL—2a L VEF
L7

4 F&OH

EEOPRBLE 2BEBRBREBRNL, RETRERTA—FITREIECTEVST S
BEWZ ERghol, i, MEEHREA v ALKEXTH LVWRBRT VA VERE LK.

L L, 2ETFHERE L SNP BT CIEIREEROLEN H DO T, ZBREAFORRLER
THEDICTMER LT Ay AHIEXBZHERDHSD. £k, BRETFHOBEE2ERTI LD
VETHD. INHIISHOBEE LT AATHL.
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1. Introduction. When we have two failure times 77 and T3 and would like to study
correlation between them, we need families of two-dimensional survivor functions for statistical
modeling. Cox and Oakes [2] list a number of desirable properties for these families:

(i) The association between 17 and T3 is governed by a single parameter § which has a simple
physical interpretation.

(i) The marginal survivor functions can be specified arbitrarily and, if desired, parameterized
separately from 6.

(iii) Either negative or positive association should be permissible, and the special cases of
independence and the Fréchet-Hoeffding bounds are achievable within the family.

(iv) Reasonably simple parametric and semiparametric procedures are available for estimating
f, even in the presence of censoring in either or both components.

They suggest the use of Clayton copula models (Clayton [1]). But in fact, many other copula
models are available, and we study some semiparametric estimation problems ((iv) above) in
general copula models with bivariate right-censored data.

2. Copula Models. Let 77 and T be two failure times with joint continuous survivor
function S(t1,t2) = P(T1 > t1,T2 > t2), and C; and C; be two censoring times with joint
survivor function U(t1,t2) = P(C1 > t1,C2 > t3). What we observe is (X1, X2, d1,02), where
Xi; = TiAC; and 6; = 17;<¢;) for i = 1,2. We assume that (T1,T») and (Cy, Cy) are independent.

A copula is a multivariate distribution function with all univariate marginals being U(0,1).
By Sklar’s theorem (see Nelsen [5]), we can find a 2-dimensional copula C satisfying S(t1,t2) =
C (Sl(tl),Sg (tz)), where S; and Sy are the marginal survivor functions. C is called the sur-
vival copula of (7},T,). The most well-known copula in survival analysis is the Clayton family
mentioned above:

Cluy,ug) = (Wl + 430 = 1)V v, 6e[-1,0)U(0,00)

Copulas join multivariate survivor functions to their one-dimensional marginals. This indicates
that we can separately model univariate marginals and dependence structure represented by
copulas.

3. Semiparametric Estimation. Now let (T\x, Tok, Cik, C2k), kK = 1,... ,n be iid copies of
(T1,T»,C1,C2), and put Xy, = Ty ACy, and bk = 1y, <o,y fori=1,2, k=1,...,n. Suppose
that the survival copula of (T},T3) belongs to a parametric family {Cp: § € ©® C R™}. Our
problem is then to estimate 6 based on the obsevations (Xix, Xak, 01k, 02¢), £ = 1,... ,n with
unknown marginals. We shall discuss two estimation methods: rank approximate M-estimation
and minimum distance method.

(1) Rank approzimate M-estimator. Assuming the density cp of Cp exists, we can write
down the full likelihood. We replace the marginal survivor functions in the resulting likelihood
equation to get the following estimating equation:

>~ $(Sn1(X1k),Sn2(X2x), 1, 2k, 6) = 0, (1)
k=1
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where S,;; be the product-limit estimator of S; for i = 1,2, and ¢ is some score function gener-
alizing the efficient score lg(u, v, 81, 82) which equals the partial derivative of

&162log co(u,v) + 61(1 — d2) log %‘;}(Z—’vl + (1 —61)82 log Q—C—%g’—Q + (1 —81)(1 — 62) log Co(u,v)
with respect to 8. We call any solution (7{:41" to (1) a rank approzimate M-estimator. Shih

and Louis [6] prove the asymptotic normality of 824 with ¢ = lp under somewhat strong

assumptions (continuity and especially boundedness of certain derivatives). It is possible to
relax their assumptions to allow wider family of copulas.

(2) Minimum distance estimator. The method of minimum distance is known to be robust, so
when a slight deviation from a given parametric family is anticipated, it may be an appropriate
method to employ. Also, the minimum distance estimator is consistent under very general
conditions, so it may serve as an initial estimator for more involved estimation procedures. Let
the MD functional T on the space of copulas be defined by

T(D) = arg mgnfo1 /01 [Co(u, v) — D(u,v)]? dudv

(some truncation of the range of integration may be technically necessary). Let S, be a non-
parametric estimator of the bivariate survivor function S (e.g., Dabrowska's or Prentice-Cai’s.
See Gill et al. [4]). A version of empirical copula for right-censored data may then be defined by
Calu,v) = Sp(F L (1—u),Fry (1—v)) for (u,v) € (0,1)%. Finally let 6%° = T(C,), which we call
an minimum distance estimator. It is not difficult to show the continuity and differentiability
of the MD functional T, from which, with the results in Dabrowska [3] and Gill et al. [4], one

can derive the asymptotic normality of 5,’;‘ b,

4. Extensions. It is (theoretically) easy to extend the estimation methods discussed above
to the higher dimensional case though the notation would be rather complicated. It would be
the next project to incorporate possible left-truncation or interval censoring. Wang and Ding [7]
study the pseudo-likelihood estimation with bivariate current status data, but they allow only
single monitoring time. The minimum distance method can be easily applied once we find
tractable estimators of joint and marginal survivor functions to construct the empirical copula.
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Model checking for transformation model

ARER B8
20024 12 H 07 H

1 Transformation model DR

T ZEHE5M 7 Z D failure time. C % potential censoring time &9 3. Z % p-KTHERANY bL&ET
%o Z DERITOMEMET 1 THEIASNBELTHEL, C DEERBSMIIRER Z ITKELRZWVEL, G
EB<. X =min(T,C). A=I(T<C)ET5. BMENBOE (X,A,2) THO. {(Xs A, Z0)}0, BF
D iid copy &ET B, HER Z ZfiG5 & L& ZOAERMBERE S;(t) & T 5. Transformation model 1.

Sz(t) = g{h(t) + Z7B}

CEDERSND, 20, L) ERADOHEAMKBEKTH O, ¢ BEHOBBRMOEE TH S, Cox AN
PF—RETF), HIF v XET I transfomation model DI HETH 5. 8, h(t) DHEE A Cheng, Wei
and Ying(1995 Biometrika) IZ & D BRI Nz,

2 Model checking procedure

EFRRHARIT IS 1T B B R725% 213 martingale A& T % % 4%, Transformation model 1AL THL, Az, (t) =
~log(Sz,(t)) EWIBERERNWT,

i
31(0) = Nit) + [ ilwidog(a{i(t+) + 27 B}).

& L THAK martingale RENEHE S NS, T T B, h(t) 1 Cheng, Wei and Ying(1995 Biometrika) 2 &
5—HHERTH 5. Martingale REIZEDEBNEL <EWHETH O, martingale BEO 7Oy MM SETF
WOBERZHWT2DIIE#ETH S, Lin, Wei and Ying(1993 Biometrika) & Cox BN — REFILIZH L
T, RBELUMHE L2 martingale REI LD ETFIVOBESOHEEZRE L. AWETIE,. AROAEICXY
transformation model DY T XD #FM T 5 AEEEAS. ETINOBEEERZREHRFEEL LT, UTO
EIBERTNT A—YHEREBE (BEERF) 2ERT S,

H(t,z) = zn:I(z,- < z)M;(2).
i=]1

EFNBELWERET S E, Taylor BRIZED ntH(L, 2) REHEKIC

n‘%f](t,z) = n‘%i:/tI(Z, < z)dM;(u)
0

I=1

*LERERECRRE. PO BIEBRR RH ERER AT

—245—



n t
+ n‘lg /0 1(2, < 2)Yi(u)
x d [g{ho(u) + ZF B} W, (t)]-

ERELED, Z2T glz) = L2 Jg(z) THY. Wy, (t) i nd{A(t) — ho(t) + (B Fo)T 2] LHRHEMITF%
7% zero-mean Gaussian process Td3 (Cheng, Wei and Ying 1997 JASA), ZDZEZH NS &, IRERH
(EFNIMIEL W) FT. n~1H(t 2) 13 zero-mean Gaussian process ICFINHKT B Z L &RTIENTE 5,
EFIDOEEEFMET BT, n~tH(t,z) DRENHETET 5L EHBH B, Z0D Gaussian process DA
RERERITRICR S ORBE#ETH S, T2 THBHEREE

n
wHH(tz) = oty / 1(Z, < 2)dh(w) Ly
0

=1

+ n—lgfo I(Z, < 2)Yi(u)

X

a[g{h(w) + 2T BYWa,(t)] £1.

EEETD, TTT {Li}, BF—F {(Xi, Ai, Z) )2, EHNIEETEHRERERETD, £, W, () 13
Wz, (t) FOHEBEZ -BHEETRTEERAZDBOLTS, T {(X,4,2)}, 2EE TS &, BRERKD
(L)}, DATHY, n~1H(t,z) Id zero-mean Gaussian process LB B, F—4F {(Xi, Ay, Z:)}, ZEE
LT TOSREMEDMMN n~1H(t, 2) DEBMETRVARICHINICRS TS S Z ENRES. 7—F
FEELIZEE, nm1H(,2) OF X TWNRG L}, ZHEBNTRES RS LT, ARV Ial—
FT&%, LzdioT. REKFBE 0 TH(E, 2) DRHEDTIT, P32l —2a RE0EMTEIENTE
%, nTiH(t, 2) OREST (FOR) DOEROROEREEZREI RS I L TRESHMVFMTE, L
7278 T sup,e(11p0ct<r 1H (6 2)| £V X I LHEED p-HOFESFTRETH 2. ZOHIED 1 AT
sub-class T, *ZE OB H 3 i link B D misspecification ICX U TEFMEEZ AT 2 EEZ SNEH
HBEEETDIIEDWHETHS. ISR 1IKRTOBRBETH D, FHERD simulation IZL B HEICEKD,

graphical 72 model OFHHENTIEETH 5,
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Variance Components Testing in Mixed Effects Models

Fumiaki Takahashi
Division of Biostatistics

1 Introduction

Nonlinear mixed effects model has been applied for pharmakokinetics (PK) and pharmacody-
namics (PD) as a standard statistical analysis. Population average (PA) approximation, which
can be derived from the first-order Taylor approximation of the objective nonlinear function
with respect to random effects evaluated at their expected values zero, have been used without
checking assumption that an inter-subject variation is sufficiently small. We can reduce the
problem as a one-side hypothesis test H : € = 0 against K : § > 0, where @ is a parameter
vector which fully characterize variance components of the intra-random effects. Likelihood ra-
tio method requires a complex numerical integration to estimate parameters of interest under
the alternative hypothesis. In addition, the maximum likelihood approach faces mathematical
difficulties such that the null hypothesis places the true value of the variance parameters on
the boundary of the parameter space defined by the alternative hypothesis. This fact causes
the limiting distribution of -2 times of the logarithm of the likelihood ratio as a mixture of
x? random variables instead of a regular x? random variable. Score method is an alternative
approach. The main advantages of the method are that 1) it requires only estimation of the
model under the null hypothesis, 2) it is applicable even if the exact population distribution is
unknown and 3) it is asymptotically equivalent to the likelihood ratio test statistic. Therefore
the score method has a computational advantage in nonlinear mixed effects models. In this
article we construct the score statistic testing for nozero variance components under the mild
distribution assumptions in nonlinear mixed effects models. Via Monte Carlo simulation study
we investigate effects of the size and the power of the score test with respect to those of the
likelihood ratio test in various small sample and under the variation of distribution assumptions.

2 Score statistic

We define the nonlinear mixed effects model as follows: y;; = f(zi;,8,b;) + €5 fori=1,.. K
and j = 1,...,n;, where y;; is a jth observation on ith subject, f(:) is a nonlinear function
with existence of third derivatives, z;; is a known design matrix, 8 is an unknown fixed ef-
fect parameter vector(P x 1), b; is an unobserved inter-random effect vector(Q x 1), and ¢;
is a intra-random error. We assume that y; are mutually independent given that b;, and
¢; and b; are mutually independent. Further we assume that an inter-random effect vector
b; is a random sample from a distribution function F with mean zero and covariance ma-
trix D(#), where 8 is a parameter vector(M x 1) which fully characterize D(f). We assume
that an intra-random error vector ¢; is a random sample from a population with mean zero
and covariance matrix R;. Then the marginal quasi-likelihood for all subjects, L is given by

K b; )
L(8,6) o ] [ explls (Xi; B,b:)) dF(bi; 0) where 1i(Xi; B,55) oc [ R (3 — u) du and pl* =
i=1

Ey))=f ()_(i; 3,b;). To avoid this numerical integration to obtain the marginal quasi-likelihood,
we consider that the integrand can be approximated in a neighborhood of the null hypoth-



esis Hy : @ = 0, which is equivalent to Hy : b; = 0. Evaluating the integration by tak-
ing the expectation with respect to b;, we have the marginal log-quasi-likelihood for all sub-
jects; 1(8,0) < TK, {l? + 5trViD (9)} + o (]|0]]) where I = I; (X;;8,b; =0) and V; is a sum
of an outer product of the first derivative of f(X;;53,b;) with respect to b; and the second
derivative of f(X;;(3,b;) with respect to b; evaluated at the null hypothesis b; = 0. To
check for testing Ho : & = 0 we construct a score statistic x4 = Ua(B)TI(B)"1Ug(B) where

Us (B) = 01(8.6) /00154 9—0» Us (B) = 01(8,9) /06lp_z,6-0 Too = B [Us (B) UF (B)], Tos =

E (U (B) UF (B)], Iss = E [Us () UF (B)), and 1(B) = Ins — 135153 Ipa. Here f3, the max-
imum likelihood estimator of 8 under § = 0, can be easily obtained by fitting the nonlinear
model. It can be shown that under the mild regularity conditions, the score statistic x% asymp-
totically follows a chi-squared distribution with M degree of freedom under the null hypothesis;
f = 0.

3 Results

Monte Calro simulation studies in a simple linear and nonlinear mixed effects model show the
following results: 1)The size of score statistics remarkably depend on the number of observations
per subject, and is about 0.030 to 0.045 when the number of observations per subject is five or
more. Note that the number of subjects does not affect the size compared with the number of
observation per subject. 2)The size of score statistic is closer than that of likelihood ratio statistic
based on a x? random variable to a nominal size when the number of observations per subject is
five or more. The size of likelihood ratio statistics based on a mixture of x2 random variables is
constantly closest to a nominal size. However it frequently exceeds a nominal size. 3)The power
of score statistic is superior to that of likelihood ratio statistic base on a x2 random variable near
the null hypothesis. The likelihood ratio statistic based on a mixture of x? random variables is
most powerful. 4)Score statistic is robust for the variation of a distribution assumption compared
with likelihood ratio statistic.

4 Conclusion and Discussion

We investigate the statistical properties of the derived score test for nonzero variance components
with mild assumptions of the existence of the first two moments about each of observations
and random effects. Unfortunately the size and power of the score test is inferior to those
of likelihood ratio test based on a mixture of x? random variables via the simulation studies.
However, especially in a nonlinear setting, the score test approach has a large computational
advantage. We do not need calculate a likelihood under the alternative hypothesis and a weight
of mixture of x? random variables. We can apply this method to many situations. For example,
recently worldwide simultaneous drug development has been conducted briskly by the impact
of ICH. When normal assumption of a primary endpoint is invalid with various estimates of
drug effect among countries considered as random effects, we can apply generalized linear mixed
effects model to the data. Similarity of the derived effect among each country becomes very
important issue for new drug applications (NDA) to regulatory agencies. It can be shown by
the test of the null hypothesis through the proposed score test approach. We think that we
need further researches on an asymptotic distribution of the score statistic and a method of
estimating nuisance parameters to improve the size and power via actual applications.
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2002412 A 5 B-7 H
BB CRIIN INAFRYT 4 AT 407 ROEFERER

cDNAXA 2 O7 A4 L EREBEHEE
BIHAR tBEAZAERE ZPWER  EBREGEHERR)

HmE

¢DNA %1 707 L1113, BERED 3 WTHREORGTREERE, —BICABCERILTSHEAT
H5. cDNAXAL 707 L1 ERIEHELFEMIE O HOTHD, HHLERTHIFKRIIKESEET
5. O, cDNARA 7 OT7 LM EROBELHAREZM LI E2D0RBINETONTED, &£
BHELZOBEEDEOVDEDTH S, FRETIE, cDNA Y707 b1 EREZERFEEOR A, 550
T35,

cDNA~XA 207 A

T, BEFBLUVENFEOFIFIIBNWTERTFRERTARZ<TbN TN, TOHNE, EMBERBK
VEBZEETFRROBSANSERTII &, BLUOTORELZHSRISHET A ETH . HZITEMRED
BETFREBTEIBEERDEANIZITORTVLAHEDODEDTH D, MIYE(LICE 5 OB S FHE
KEOHRICHERBEREZREHLTNS. ZOXIBBRETFRESFMSEL < THONE LD ZBEDD
EDI, BEHMOESHIEN, —ERKBOBGTRAZERCEIEAMHEEINEENHS. £LT,
FOLIRBEEDVEDN DNARA 7T LA [1] TH5

DNA XA 707 LAid, ZA54 RH SR LIZATHSMF DMK DNA(DNA) 2BEBELZHDTH S
Fo TN SMH L Ayt Y v — RNA(mRNA) % cDNA IZ#IRE L, cDNA X1 707 L1 &N T
FARTHIERKD, S TINVNOBMBHNRETRENREZ BB IENTES. LLAE H2HE
DEBEOBEFRETIO 774V %E cDNAXA 707 L1 TERL, EEHBEOTNELBTS I EICK
D, HHEONAMBE THRENCRRETI2BETRERETDIIENTES

DNA A7 07 L1 T, ARy FEBINE DNA BRIESDENRH B0, BENNA TV
A Y= a ETION—RNTH . BAKNTTVF1E—a il 2BEORRZ TV ETh
FNERAENBRTERELT, FNSE2EBALEDDE DNATAI/OT LA LTNA TUF 1 XEE
BIETHD. BRMKNATYTIE—2a %2 F0, 2BEOY Y FIVHOHENTEEFRRELEZERT
B52ET, EARY PO DNABDIESDEDHEEZRET LI ENTES.

¢cDNA X1 707 L1 Z2HWEBETFRREBIT T, BINKOY > TV E—FORNERTESEL, (B
FRRTIZRN) MBOY > TIVEHI—HORNERTERMLL T, BitdKod > TV EREDOTI7D
FUAZANWTHERNAS TV E—2a 275 EBREHEN RN THS. AW, Bt EEHRE
DEEFREALBLINEE, EROELBRFE T, #ROBEMEDLXTCEROER Ml —FoEN Ak
TEHEL, FREZINC, MBOY 7N EDI—HORABRTEBLLT, BERINI TS 1E—
TarEFHIENSN,

KEFHEE
EEREHEITE I 1920 £ 5 R.A. Fisher 51X > TAMRI N/HMETNAETH S, Fisher id, OFLATY
REBERBEOHMTH > HEHIC, ERICBVWTHEZZHET22DIiThRTNERsRWERELT,

1. k18 (replication)
2. 7 % it (randomization)
3. BAER (local control)

ERELE. TLTIORAEHAETIONERZRBT 2 HEREZRMLL.
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cDNA Y4007 A &REETEE

I, TORBRETEEOBADS cDNA XA I/O7 LA 2RETRAMNMTHNTNS [2]. cDNA (/D1
FLA1RIZalLN)NO7 LA BEHRICE SV TERINTVS Z 05, MELREHERNERERICK
E<HETS. TL1OHENST—IYOMDIASE TOBRE THODEZESBEZDITND FTHIRNA,
BREOHDHREBDZ DR, ERFEEOEANSOHEOM L2RD I ENEETHS. T I TR,
LD Fisher @ 3 FAICEDINT, cDNAXA 707 L1 EBREBLKTS.

RiE
cDNART o007 L1 REBTRET -5 2G5 D0FEEROMNEETS. TOIBREBNZHBOELT,
Bl TETLSNTWEDHDIIMA, UTD5DBEZXSNS.

1. ARy hOKE

2. MM BFEORE (L1 BIU mRNA OREMNEL)

3.1 o071 OKHE (mRNA OFREAE L)

4. 712071 ORE (A—0RED 3 NITHIEHZS, mRNA OFRERES)
5. 74707 LA DORKE (BikddWIHIIGHRNERS)

112&D, ARy MND cDNABDIESDENSELAEFHEZERMTESLZEITMA, REARY &3
RSBFIKEETBHIET, ARy hOT7 LA ETOMBIZL > THEL 2 REHNBEH EBkT 5 I L HAHE
THb. 210E2T, HNABEBTOMOAZHROBNEIHMEST S ENTES. 3I2L>T, N\1TTUFA
-2 a VRICEC2ERNEHZERTAIENTE, FETVIETOTF—YOHEREEBRTSZ 2 L8
T&E5. 412&2 T, mRNA ORBEZFVEBRNEHEZERTHENTES. TLTHIL, EBRERE K
LT BBICHEBETHS. INSOREEZEROBRIZIECTHENVMTZZ EICED, HEROBEL2MLEIE
BHEEEBKRT 5 Z ENEEEIC/R 5.

Z ¥ AL

BRL 7K DIZ, cDNAXA 707 L1 ERTIREHRLTE N BRICKESBETS. Lixdvrony
LAF—FICHAMEBNAEU D ZEAHERENTNS 3. Z0k®, 53U 7NIRDNWTIRERBB OO
HTHFL, oY TN EBROAFTRINT S E, Yo /NERMENZHKLTLEZY, HoltHhzE<H
BN S B, TOLIRRRNEINTE20I013, EROBEEES D ILRTHIENPRNTH .
Ll, 42707 LM RRIIBWTS X MEETD CEOEERIIH E0ERIN TN, ENZ, <
1707 L1 EREBINIEETERIE, BEOEMUL THEHOMWFIEN TS ERSH B, IR
By rOT7 LA LOMBIC LS TELAELTKTATEENRHSE. TL1 LDARY FORBLTESRD
FSUFNITBHIET, TOXIBEHEHETZENFARETHS.

BErER

¢cDNA A 2707 L1 ERTI, BIHROY T E @ERMKTRIEVL) HEOY > 7N THERNT
TN V=2 a b 2T OERENRERTH 20, LBRTREIDOEZMICTZ2EHHEROEANSIE, Kerr
L BDMBRRLEN—THEOANIOFELNVWTH A (2. £k, BETO7 71L& HEETREBETFHEN
 EETARIE, TNSET LA LOERELANBIIEREBTZZEEISNDAN, LEEOSFALENT
AEESTRETI2HERIVDETHSS.

SEER
1 Eisen, M., Spellman, P., Brown, P. & Botstein, D. (1998) Proc. Natl. Acad. Sci. USA, 95, 14863 - 4368.
2 Kerr, MK. & Churchill GA. (2001) Biostatistics, 2 163-201.

3 Janssen, K. eds., (2003) DNA Microarrays, Cold Spring Harbor Laboratory Press, New York.
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SFERERIE 1 EERICSITS
BEFFEIR O RRIGEDRET

fRi l— iR i
B R R R SR A Wi R 2

1. D TERERNCBITSE 1 HER

SRR S0, MR OERE & OER GEE), B, 58) B30 T2E/R L
UIERAITH D' ZRETHNDT—Y 13D 20 FENEROE | HEBROT—5 TH 5,
WETERIOE | MR T, BARAERBIUEMEEINFARSNED, KRB TIEZ
PUTEML, FFHDER LI > TWSBEETHBLOCOREETOREREE(LSE
/HDMEND ZEDFARNS Nz, TIUTEREMW) & AMETIIERICHN T 2 BETRED
RIET0 7 7 A NBERIZU TR 2D THD,. AMERICBIT 2 REFRE O 774
WD T EN, H-FERNER OFIEEIR DR OfFEHA & A0 FERERIN ST 5
EFRINDH TN —T DREDDITNAER DD THD, ZRBTHNWSNT
a7y LA IS BB OBEGT O 115 ARy FLEDBDTH D, HBIETFIIHAEET
W12 DT N—FIZHF e TS, SRERIEDOBERKIT 100ng 513 4. 200mg A% 3
£, 300mg A% 6 44, 400mg 33 B TH oz ZDIH 100mg D | LB ORENEER
B0, 2EOY 2 TIHA X3 14 B TH D, BIERSISIRSEART. REEGH%
2HE. #5HAREZIABD IRNTHD, L=dt- T, SBETFORSHBEEREH
RRTDHIZDNT, ABRKIGHNHZNEINERT S Z ENEFTOEN TH 5.

2. Biplot CHIBRRIGEROY

ERRGELBETFREEOBER R T2ERRBNAEELEL T, ERGHTOIEHAT
H5 Biplot® AT 5, 7=, Biplot N"SE NN HEKIGHEZA 17 2RET 5. Biplot
TiE MEE 0 A, BEFE D BD nXp T—FT5I X ICBL T T O K S 7skEa @@
2EZ 5,

X =GH’

GidnfrrFl. HiZpTrFIDOTHITH D, o TITFIX DLk TIFIOEFE X, 1T
x, =gh, ERDT I LINTES, g, 13756 DEL TR FIVTH D, h, 1 3HT5IH DFE
FTRY FIVTH B, N7 Mg, oh, 3TN TNEr MEECE I BETORRIIGET
BRI PIVTH B0, Bk MBEECEI BETFORRICET2EREENLZDDEEX
5%, LML, LEEOMESBSI—BTIdaWed, BUTOL I R ESEEEZD
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X=u&ﬂ=2amﬁ

ZZTAIZS, 26,2A 26, >0 EIRDREMES, 2MAERE LU TRDr 17r FIO% AT
FITH B, it FFIUIEFINY Miu, K ,u 257350 1Tr FIOTFIT. VU =1TH
%, £z, FHIVIIFIRNG Bhv K ,v, 25785 piTrFIOIFFIT, VV=1Tdh5, =
ITG=U, H=AV EBHEIEIO>TG LHERBITRET D ENTED, -8
FTOXIIT, 6, FTOMERSD ZELIZXK> T, HEDOT—FITHIX % 2 KTERNDNY
MVORTEE UTGREIT 2 2 EARIEEL 785,

? !
X=06uv, +6,u,v,

T THErREE ,y) FHEH LI, 0, OBk Bfu,, u, EANT, (U, ,u,,) ELTH
BY 5, ZOFENICBNTHEENERIRSEDIBERE D B ARERDITS Z &
TEE RERSHICET AEERMESNDITTTH D, TOHEERRT DERN
FiEE LT, HxOMSEOREREEE(LUUTOL S RERRNE LS.

FEEELIZRER) = u,p, +u,p, +4

RS NUEIRRE DAY Pla = (4,8, )8, 8, | 21D . mERIGEIBEY

BHMET S, ZDa LEEFARY Mh, ORBEIIEHBETOREED S bRAERIGE
IZBEE T AHDEHEL TS EBA5NS, CNEZAEBRGHEA 7 SRR EI2T 5,
COREBRIGHER 7 LBEFOEWERERETORDA Y U —=  FIHET A &
NTES, DD, AERSHEZA DT DREVEETH SHERZMZ TOHIEN,

CORERGHEAD7 OREREL T, —EHORKEEDRISITFR<IKEL TR I TR
B IR TSNS Dm0 55, LML, ZORBEICH LU TIREREX
AVICEAL TSy w7 F1 THEEC RN, Py v i1 7TEEXOTERR EREND 2
—EEL EOBEGEFITOWTIIERUBNE NI B ERSE Z LItk > THAEERES
haEBHhs,

BETR

D BHREER TR & 7 ORREHE A —/N— Y o —, BHRER. 2000: 32; 2462-2470.
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1 Introduction.

The microarray technology provides us enormous amount of valuable gene expression data. The
analysis of the relationship among genes has drawn remarkable attention in the field of molecular
biology and Bioinformatics. However, due to the causes of dimensionality and complexity of the
data, it will be no easy task to find structures, which are buried in noise. To extract the effective
information from microarray gene expression data, thus, new theory and methodology are expected
to be developed from a statistical point of view. Our purpose is to establish a new method for
extracting the relationships among genes clearer.

We consider constructing genetic network by using Bayesian network ([3]). To capture not only
linear dependencies but also nonlinear structures between genes, we use nonparametric regression
models with Gaussian noise. It is necessary to evaluate the estimated network by a suitable cri-
terion. We derive a new criterion from Bayes approach ([1]). By using proposed method, we will
overcome the defects of previous methods and attain more effective information. The efficiency of
the proposed method is shown by the Monte Carlo simulation method. We also demonstrate our
proposed method through the analysis of the S. cerevisiae cell cycle data [6].

2 Nonlinear Bayesian Network.

We consider a directed acyclic graph G and Markov assumption between nodes. Suppose that
zi; is a observation of i-th array of j-th gene and pzk), for k = 1,...,q; are observations of the
parent genes of j-th gene. The joint density function is then decomposed into the conditional
density of each variable, that is f(z;) = 97:1 fi(zij|pij), where @; = (T4, T, ...,xip)T and p;; =
(pg),. ,pfé) )T. Then all we need to do is to consider how to construct the conditional densities
fi(ms IPU)

In this paper, we capture the relationship between z;; and p;; by the nonparametric regression
model z;; = 10, my, (pgc)) + €ij, €45 ~ N(0,02) and define the nonlinear Bayesian network model
in the form

f(z::0) = H expl—{zi — > Z YOOI /202 202,
k=1m=1
where my (pgi) )
3 and 7,(7{,): are coefficient parameters. If a gene has no parent genes, we substitute the B-spline

= Mk 'ym)b(J ) (89), 6 is a parameter vector, bY) i(+) are B-splines (2] of degree

structure by the constant function. It is clear that this model contains the linear regression model.

'"Human Genome Center, Institute of Medical Science, University of Tokyo, 4-6-1 Shirokanedai, Minato-ku, Tokyo,
108-8639, Japan. E-mail: {imoto, takao, miyano}@ims.u-tokyo.ac.jp
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3 Criterion for choosing graph.

Let 7(8|\) be the prior distribution on the unknown parameter vector 6 with hyper parameter
vector A and let logm(6|\) = O(n). We construct the graph selection criterion based on the
posterior probability of the graph. By using the Laplace approximation for integrals, we define the
Bayesian network and nonparametric regression criterion, named BNRC, from Bayes approach

BNRC(G) = -2Mg{m;/fif@mequxywc}
i=1
~ —2logng —rlog(2m/n) + log |J,\(é)| - 2nl,\(9|Xn), (1)

where mg is the prior probability of the graph G, r is the dimension of 8, X, is the microarray
gene expression profile matrix,

(B1Xn) = = > log f(i30) + log m(BIN),  Jr(8) = ~0%1r(6]X) /06067

i=1

and @ is the mode of [5(8|X,). The strategy of computing the mode @ is in [5]. The BNRC (1)
depends on the hyper parameter A and we optimize it based on BNRC. Hence, the optimal graph
is automatically chosen such that the criterion BNRC (1) is minimal.

4 Computational experiments.

We examine the effectiveness of our method through the Monte Carlo simulation method. We set
an artificial graph and the relationships between genes. The results of the Monte Carlo simulations
show that our method can build the estimated graph, which is extremely close to the true graph.

We analyze the S. cerevisiae cell cycle data collected by [6]. This data was also analyzed by
[4]. The results are that our method can represent many causal relationships, which agree with
the knowledge of biology and the results of [4]. We could find some nonlinear dependencies, which
linear models hardly find. The details of the Monte Carlo simulations and the analysis of the S.
cerevisiae cell cycle data are shown in [5].
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