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Cancer characteristic-specific analysis
via L1-type regularized regression modeling

Heewon Park (L 0 K“FEESA S RFE)
HoetEsk CGRRKZFERAZERT)
EEHE RS ER IR SEAT)

Over the last few decades, research on the individual genomic characteristic identification
has been received much attention, especially personalize anti-cancer therapy has drawn a
large amount of attention in various fields of research (e.g., statistics, bioinformatics,
computer engineering, etc.). In order to understand the complexity and heterogeneous
system of cancer, various statistical strategies have been proposed, and used to genome-
scale information analysis. Although the statistical methodologies have been successfully
applied to infer gene regulatory networks in cancer progression, the existing methods, such
as L,-type regularization methods, provide averaged modeling results for all samples. This
implies that the existing methods cannot reveal sample (patient)-specific characteristics of
cancer.

Shimamura et al. (2011) proposed the statistical method, called as the NetworkProfiler, for
sample-specific analysis based on a kernel based L,-type regularization method. The
NetworkProfiler groups samples according to specific genomic characteristic (i.e., similarity
of the modulator values) by using the Gaussian kernel function, and performs modeling a
target sample based on the grouped neighborhood around the target sample, i.e., the
NetworkProfiler constructs gene networks for a target sample based only on samples having
similar characteristics with the target sample. By using the NetworkProfiler, Shimamura et al.
(2011) revealed the system changes in epithelial mesenchymal transition.

We construct anti-cancer drug sensitivity-specific gene regulatory networks through the data
analysis of ~"Sanger Genomic of Drug Sensitivity in Cancer dataset from the Cancer Genome
Project”. In the dataset, anti-cancer drug sensitivities are given as IC50 values (i.e., half
maximal inhibitory drug concentrations) of each drug. In other words, we consider the 1C50
value of an anti-cancer drug as a modulator, and then infer the gene regulatory effects related
to the drug sensitivity.

The NetworkProfiler, however, cannot perform well sample-specific analysis for a target
sample in sparse region (i.e., the value of the modulator is in sparse region of modulator
distribution), since the method is based on a constant bandwidth in the Gaussian kernel
function. In other words, the NetworkProfiler imposes an extremely small amount of weight

to almost samples for modeling a target sample in sparse region. In short, the modeling for



a target sample in dense region is based on many samples, while the modeling for a target
sample in sparse region is based only on a few samples. This implies that the NetworkProfiler
cannot provide effective results for modeling a target sample in sparse region, because the
method may lead to extremely high dimensional data situation. Consequentially, the
NetworkProfiler is not suitable to the anti-cancer drug sensitivity-specific gene network
construction, because the IC50 values of anti-cancer drug in Sanger Genomic data set, which
is used as a modulator in this study, are non-uniformly distributed.

To settle on this issue, we propose a novel kernel based L;-type regularization method
based on an adaptive bandwidth of the Gaussian kernel function. We consider the k-nearest
neighbor (KNN)-Gaussian kernel function based on the Euclidean distance to effectively
group samples according to the cancer characteristic. The KNN-Gaussian kernel function,
however, also cannot perform properly inferring the drug sensitivity-specific gene regulatory
networks, since the Euclidean distance between IC50 values is not large enough to properly
impose a weight for constructing drug sensitivity-specific gene networks. Thus, we modified
the KNN-Gaussian kernel function by imposing an additional hyper parameter incorporating
dispersion of a modulator into a bandwidth, and propose a novel NetworkProfiler based on
the KNN with range-Gaussian kernel function, called as an adaptive NetworkProfiler. The
proposed adaptive NetworkProfiler effectively groups samples for modeling a target sample
in not only dense region but also sparse region, because the hyper parameter, i.e., range of
modulator, can adjust the width of a kernel function depending on location of the target
sample on the modulator distribution. The proposed method can overcome the drawback of
the ordinary NetworkProfiler that an extremely small amount of weight is imposed on almost
samples.

We demonstrate through Monte Carlo simulations the effectiveness of the proposed
adaptive NetworkProfiler (i.e., robust performance against the distribution of a modulator).
We also apply the proposed methods to publicly available Sanger dataset from Cancer
Genome Project (http://www.cancerrxgene.org/), and construct total 19,800,000 drug
sensitivity-specific gene regulatory networks for 99 drugs with 2,000 target genes in each
100 cell lines. This computation may be the largest scale of gene network construction, and

thus we perform the huge amount of computation based on super computers.



Cancer Gene Analysis using Small Matryoshka(SM) found by Matryoshka Feature Selection Method
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Boundary-free Estimators of Distribution Function with Transformation
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Asymptotic properties of SVM with
Gaussian kernel for high-dimensional data
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1 Introduction

In this talk, we considered the classification for high-dimensional data. Suppose we have independent

and d-variate two populations, II;, ¢ = 1,2, having an unknown mean vector u; and unknown
covariance matrix 3; (> O). Let A, = ||y — pol|?, where || - || denotes the Euclidean norm. We
have independent and identically distributed (i.i.d.) observations, @1, ..., ®n,,, from each II;. We

assume n; > 2, ¢ = 1,2. Let yp be an observation vector of an individual belonging to one of the
two populations. We assume xy and x;;s are independent.

In the field of machine learning, there are many studies about the classification in the context
of supervised learning. A typical method is the support vector machine (SVM). The SVM has
versatility and effectiveness both for low-dimensional and high-dimensional data. Nakayama et al.
(2017a) investigated several asymptotic properties of the linear SVM in the HDLSS settings. They
showed that the misclassification rates tend to 0 as d increases, i.e.,

e(i) >0 asd —oofori=1,2 (1)

under the non-sparsity such as A,, — 0o as d — 0o, where e(7) denotes the error rate of misclassifying
an individual from II; into the other class. Nakayama et al. (2017b) investigated a general framework
of the non-linear SVM in HDLSS settings. In this talk, we gave asymptotic properties of SVM with
the Gaussian kernel:

k($]’, mj/) = exp(—||a:j - $]"”2/7)7

where (> 0) is a scale parameter.

2 Asymptotic properties and bias-correction of GSVM in HDLSS
settings

In this section, we consider asymptotic properties of Gaussian kernel SVM (GSVM). Let (o)

denote the classifier of GSVM. Let ; = exp{—2tr(X%;)/v}, ¢ = 1,2 and B3 = exp{—(tr(21) +

tr(zz) + A,U«)/’Y} Let A = 51 + /32 - 2555 n = 1 - Bia i = 172) A* = A+ 212:1 nl/nl and

0 =m1/n1 — n2/n2. We note that A > 0 when p; # py or tr(3X;) # tr(X2). Then, we showed the
following result.

Lemma 1 (Nakayama et al., 2017b). Under some regularity conditions, it holds that

A )
y(xo) = N ((—1)’ + A + 0p(1)) as d — oo when xy € I1; fori=1,2.

1



Now, we consider the following condition:

(A-i) limsupld|/A < 1.

d—00

For the misclassification rates, we gave the following result.
Theorem 1 (Nakayama et al., 2017b). Under (A-i) and some reqularity conditions, GSVM holds
(1).

Without (A-i), we gave the following results.
Corollary 1 (Nakayama et al., 2017b). Under some regularity conditions, GSVM holds the following
properties:

e(1)=14o0(1) and e(2) =0(1) asd— o if liéninfé/A >1; and
— 00
e(l)=0(1) and e(2) =14o0(1) asd— oo if limsupd/A < —1.

d—o0

We estimate 7; (i = 1,2) and A by

=l > M@ i) i — 19 and

ni(n; — 1
1<j<j'<n i(ni )
ni 2
° — TZZ n; — 1 n1n2
=1 1<5<j'<n, J=1j'=1

>

Let A, = A +11/n1+12/n2 and § = 71 /n1 — 12/n2. We gave a bias-corrected GSVM (BC-GSVM)
as

9Bc(xo) = §(x0) — 0/ Ax.
One classifies xg into 11 if §pc(xg) < 0 and into IIs otherwise. Then, we gave the following result.
Theorem 2 (Nakayama et al., 2017b). Under some regularity conditions, BC-GSVM holds (1).

BC-GSVM has the consistency property without (A-i).

In this talk, we discussed the choice of the scale parameter v by using the asymptotic properties.
Finally, we checked the performance of BC-GSVM and the validity of the tuning parameter by
numerical simulations and actual data analysis.
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CONFIDENCE BANDS IN FUNCTIONAL LINEAR REGRESSION
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1. OUTLINE

Data collected on dense grids can be typically regarded as realizations of a random
function. Such data are called functional data, and statistical methodology dealing with
functional data, called functional data analysis, has now a wide range of applications
including chemometrics, econometrics, and biomedical studies. One of the most basic
models in functional data analysis is a functional linear regression model.

This paper develops a simple method to construct confidence bands for the slope function
in a functional linear regression model which is applicable to a PCA-based estimator. To
be precise, we work with the following setting. Let Y be a scalar response variable and
let X be a predictor variable which we assume to be an L?(I)-valued random variable
(random function) such that [, E{X?(t)}dt < co, where I is a compact interval. Consider
a functional linear model with a scalar response variable

Y =a+ /b(t)[X(t) —E{X(t)}]dt + ¢, E(e) =0, E(*) = 0% € (0, 00), (1)

I

where a is an unknown constant (indeed, a = E(Y)), b € L?*(I) is an unknown slope
function, and X and ¢ are independent. The error variance o? is also unknown. We are
interested in constructing confidence bands for the slope function b centered at a PCA-
based estimator. In spite of extensive studies on functional linear regression models, to the
best of our knowledge, there is no formal result on confidence bands for the slope function
b which is applicable to a PCA-based estimator (see below for the literature review). The

purpose of this paper is to fill this important void.

2. METHODOLOGY

Let {¢;}52, be an orthonormal basis of L*(I) by the spectral expansion of K(s,t) =
Cov{X(s), X(t)}, then we have the following expansions in L*(I):

b(t) = Z bjo;(t), and X(t) = E{X(t)} + ij¢j (t),

1



2 1

where b; and &; are defined by b; = [, b(t)¢;(t)dt and & = [,[X(t) — E{X(t)}]¢,(t)dt,
respectively. By some calculation, we obtain the following alternative expression of the

regression model (1) for each j = 1,2,..., namely,
bj = E(&§Y)/k;. (2)

Empirical estimation for {¢;}; and {x,};, we obtain an estimator Zj for b; and consider an

estimator for b of the form .
b(t) =D bio;(t),
j=1

where m,, is the cut-off level such that m,, — co as n — oo. Hall & Horowitz (2007) study
the properties of the PCA-based estimator b in detail and provide conditions under which

the estimator is rate optimal.

2.1. Construction of confidence bands. In the present paper, we aim at constructing
a confidence band C = {C(t) = [((t),u(t)] : t € I} such that for given 7,75 € (0,1), with
probability at least 1 — 7y, the proportion of the set of ¢ at which b is not covered by C is

at most 7, i.e.,
P{N{t e IT:0(t) ¢ [£(1),u(t)]}) S mA()} 21—, (3)

where A\ denotes the Lebesgue measure. If the band C satisfies the new requirement (3),
then the band C covers b over more than 100(1 — 73)% of points in I with probability at
least 1 — 71, and so as long as 7 is close to 0, the band C covers b over “most” of points
in I with probability at least 1 — 7.

Under some regularity conditions, it will be shown that

mMn n 2
nlb— b2 =" (“”Q Zai@,j/ﬁj> + Op(mg/* P ), (4)
j=1 i=1

where g; = Y; —a — [, b(t)[X;(t) — E{X(t)}]dt for i = 1,...,n, and the last term on the
right hand side on (4) is (suitably) negligible relative to the first term (the parameters «
and $ will be given in the next section). We will approximate the first term of the RHS

of (4) and construct the confidence band.

REFERENCES

Hall, P. & Horowitz, J.L. (2007). Methodology and convergence rates for functional linear
regression. Ann. Statist. 35, 70-91.



At o HARBFEICRB T 2 EMEB MR O 7= OfEH T 7 o —F
BRITT—RIZE T ERBRETIOSRIFHETE &£ DRE1L
UK EBREEE T kO 5

1 8BA

FHEHTIE, nxp DEERET—FY OnhaEx 5. 22T, nl3MEEE, p 3R THTHD. F
TG CIE, E[Y] = O (n x p BaiT4)), ZBEERDOT —Z TAWVZEHRETH Y, FEKDT — X
DEDOHEILSEITI A REN) & L, Tidp x p EEMITHITH D ERET D, — 5T, K#HT
TR n R0 p DRPNBERIAEZ B, 22T, 2EET—2Y 20X OHtERE S
X, BCORDMP 1D nkKIE_7 b1, ZHNT, S =Y {I, —1,(1/,1,)"11,}Y /(n — 1) THL
1% (Rencher & Christensen (2012) 72 E2M). £72, 2D S XKD TN LIFAEMEITIITH 5.

Y O D% OLEIZB T, S (FEEATH) NUE L7572, § BIEEMITHITHD Z &
(DFV STEREFEETDHZ L) BMESNTWD. LI L, (ERDEEBRIZEIFICIIT D HEE & (A
BRIS, n < p DBFAREIC ST BHEEET, n>p TH-oTH Y OINHBEORWELEOMNH 5
BAEIC ST RRLEICR>TLE Y. REHTIE, 2D OMEZERRET 2 FIEICOWTEZ .

ZNHOREICH T A UEROEREHEE UTE, LTO X9 RFESREI N TV D;

1. Moore-Penrose B — #1751 % S~ b 0 IZH WS Fik
(—MEHATHNT DT, Schott (2017) Section 5 7¢ & & 2 )

2. S OIARKYTET & AN TATHIOHATEI % S~ Ofb 0 ITHW 2 Tk
(FEAMIE Srivastava, Katayama & Kano (2013) 72 & &2 )

3. X @ Cholesky 7 f#IZ4 B 5 FikE
(FEHEX Chang & Tsay (2010) 72 £ &= &)

4. SV v U H A T O ET T THE ST Db v ITHW S Tk
(FEA0IX Wang, Pan, Tong, & Zhu (2015) 72 &2 &)

AGEHTCIX, 4FHOY v o2 A4 TOEHI T2 FEICERT5H. ZOHEEEL, IEO/NT A —
B & VT SICEIRIZ T T Dol %R, ZORICHREEZITHIHEIETH D, ZOHEEIET
X, S OETOEAEIKT L T—2D/T A—F THEEIT> TN D120, K& S FHREBLERE A
B LT H RN AEREAEICH L TH—RICHET 2R Lo TS, iz, ZDOD/T A—
Z DRIFFRE LS EE L 72D LW O [N S 5.

AT, Uy V2 A T ORI EMT 2 FEEIR L, RO —H% - RRsiaiE b O MBER %
[ 2 HEEE A IRET D, ZHUC LY, FEEDS TR R IS I 2 R L, SR 2R RIS
(TR LW CORRAHEENFIRE L 72D, I BIT, ZD & ZITHND/RT A —Z O e BH 5
R ED T, FE DT DKEFHENAREL 720 | FRHRELS AR HEER L 7o T 5.

2 HAIfTHEEETRAVSFE
21 VP4 TOgRIEFTEFELETOMER
FRL72E 912, STEMARLEILIRD Z ERFE LW E WD [EEZ RS 5 2D Tk L LT,

U v VXA TOERZMT DHEEEDNMER SN TV D (Wang et al, 2015). ZOTFETHW L HEEE
XS L ORDVIZ, ZoDNRTA=FA>0L a>0EFHANT NS +al,) ™t VI EOHEEER
MAWLFETHD. 22T, A=1,75& Chen et al. (2011) THWOLNTWOHEERETH S.

ZOHEEEIZBWTIILLTO L 5 2RER S 5 ;
K B-1/2-



I) SOBAEAZBL TEZD &, 0ICIEWEAMISH L TIERE SHENLET, 00 bR
A LTS IZERELED, Tb%x a =D CT—RRICHE T L o TV D
(II) a & X DFRFFRELALETH D

AGEHTTIL, 25 ORIEZ [BIEE L, LR 5803 "I RED D[RR i L 23 N B2 HEE RETD.
2.2 RETIMIEYvSEA TOTREMTEFE
Vo ou A 7OEHIZT 5 FECBWTE, BERLERER S 5. 2o OfEZ RS 5 Tk
LT, ROHEEREZ WD FIEEIRET 5,
ST, 0) € A(S + Qdiag(0)Q") ",
ZZTO=(01,...,0,) (6; >0,i=1,...,p), é&lQﬁS@Eﬁ@dhnﬁ%%ﬁﬁKﬁ&k

D = diag(dy,...,d,) ZHVT Q'SQ = D L 2 HEAATHITHSD. 22T, SOKRDF LY d; >0
(i=1, ...,p)’@g?)é.
ZOHEERIZBW T, S OFEAME d; (IZ6 LTI A—=F 0, NENTRIELTWD. DT

W, di DOIZITWEARIL0; ZREL L, d; DODNLEENTWAEAIT0; 2/hS< 352 L THifk7Z
TN AIRERHEE R L IR o TV D, £, NI A—28T) v F A TOERI T A HEERL VS
< (p+ D) EEZRDN, thikd v AR ER/INTT 5 0 BIHICKRE D720, FREREGITIAELE 72 5.

2.3 Z“EOXEH
AHHETIE, AEFFEE L FTO 0 Oz E£3E x5, 22T, #il 21X Wang et al. (2015) 72
ETHDPRTWD o ABBAEZLS. SN 0) D T AL, kOB TERIND

L2(S1(), 0)) ¢ Kﬁwmmz—%f}

ZOBER/MNCT S 013, A BEE LT CBICRES 2 L2 AH#ETRT. S OICAHBETIE
CViEZRWET AT Y ZLATO N OEELEIZOWT bEEHT 5. & 512, James and Stein (1961)
RETHELNTWD B ABKESETR RO e AR E R/INCT 5 0 OEH A LiconThfihs.

BERBTEICKBLERGE
fth oD v AR 1 A REE A /N T D 0 OB E DR, B FERR A @ Uz iz Elizon

T H OFE TlET 5.
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BERMEERNOHBFENT 7O —F

EEMCE) (R EIEMRAT)  BREAR (MR

ILL®HIC

2015 £, KETANTETKAED —BRHEED TR I N7z “Precision Medicine Initiative” ® & 5 (2,
figl 2 NOFFMEIZ G 7z it ER %217 S HAMEER IS T 2HRIEE T TR E > TWD. K, Hidta
K72 & OIEFI T, IBESIRPRIEHOMAEDRKEL, TN 5 % EHMIZFHIT 2 0 T2 WA DOBFE P EE
THE, BEMEARIE - EERITICE 2 2SO TREW. 20 &5 ERLER BT 2581,
MBI B I BEHELFELAEE > TWA. HlZIE, KEESAEYRIAERE Y X2 —2MERL TWd T —
K N —2Z PubMed (285 W TEHI T W S HILER (Personalized Medicine) (ZB3H 3 2 SCERE % 38 X
THD L, 2004 £ TIE 500 HFEFEE 72 o 728003, 2016 4£121% 7000 58 < £ THOTH 0, 10 FRE THEEML
BRI B L 72 UG SCODSTRIBBAIZ IS I L T WA Z e DR TE 5. AWWETIE, Al T —AT 1 V7K
(Friedman, 2001; 2002) & IFIEN 2 BEEE FiE2HEAT 5 2 & T, KRB ABEERT — 255, [#HliE
BN O MR HEE 2 WREIC T 2 FIEZHFEL, KO BEOESWMENMLEROETIZEHIRST 5 Z L 2 HIET.
ERAE R B 1 B FIEICE LU TIERH O L ¥ 2 —35w3C (Lopkovich et al., 2017) IZWFERIZE LD 5
NTW5B.

eRFE

T € {0,1} ZIEEB (T = 1 P0EZ2KXT), YO 20ET O L TOEET Y b7 A (potential
outcome) £ 5 5. UL7A-oT, A—EAIH LT YD YO FEMKIZEMTSZENTET, b
Y=TYD 4+ 1 -T)YO BEHEND. 512X % piIRKTOHRMUEBANZ MLE T £ DEAE, X D
Wt p EREWV B, X L UCEBFRHAREZAVIHE X, p 3BUTOA —X—127%25). BT — 4

(Y, X0, T, i = 1,...,N} THA 5NB.
BRI (ITE; individual treatment effect) IZBA D XS ITEFE I N 5.

A(X)=E[Y|X,T=1]-E[Y|X,T=0] (GHffH, —fH)
AX)=PY >2tX,T=1)—P(Y >t/ X,T=0) (time-to-event)

D&% AX) ZH#EET 572017, Tian et al. (2014) TIE, Y & (X, T) OBf%E% MC(modified covariate)
HEEEN S FHEEZEAL, Lasso R EDEANLIEZHAGDETNRI A M) v Z7IZHET 5 HEEEZREL
TWa. LU, ST A MY Y ZET L X OIRGTTEITIE U TRBRERNT A= RBDBWRKIZRDE I EPET
WVOBREDEBRMENRBHZ Z s, J VRT AN v 72 FiEBIREINT WS, Lipkovich et al. (2017)
DL a2 =X TIEAREIFIZ K 2 HEIFRMSI N TS, 7z, Foster et al. (2011) Ti&, REFDT > ¥
VINFEEDO—FETH DT VR LT VAN (Breiman, 2001) 2 FHAWT, A(X) 2#ET 5 FIEEZRELT
W5,

AW TIE, REGEDT V¥ > TVFEEHO—FETh 5E0 7 — AT 1+ > 27 K (Gradient Boosting Tree;
GBT) ZHWT A(X) ODHE%R1TD T 28ET 5. LLNTIX, 7Y b A LD time-to-event DEFHITH TS
REFEOHRNEZ DT 5. Y % time-to-event, C' % censoring time, § = I(Y < C) % censoring indicator,
Y = min(Y,C) ZBH X N3 time-to-event £ $5. ZD & EF, KB (T = 0,1) Z& D Cox Hlli%#H
Z5.

A(s|X, T =t) = M(s)exp{h(X)}, t=0,1
HURRIS L LTI RIEE V3 2 2T, GBT 12 & D ho(X) BEV by (X) 2HET 2 2 LA TE 5. ITE

A(X) = P(Y > to|X,T = 1) — P(Y > to|X,T = 0)
to to
—exp |exp(n (X)) [ Ma(e)is] - exp [expla(0)) [ do(eas]
0 0
ERFTABIENTEDEDT, fiE I N7z Cox [MIFDKERD S ITE 2 HET I B TE 5.



HIERER

WA FIRICN S D IREFIEON T 4 =~ v A%l § 570, BiEFERZ175. LR TR, N = 300(%
YITNVE), p = 1000(HEEH) U, U TNVOEREWNER (T = 1) 1ICH0 4TS, 5617, LEH
X = (X1,...,X,) 2 ¥ 0, 781, X774 ZHHBERE 0.3 DELRIER DA S EKS 5. Y (time-to-
event) Z A RDET P SERKT 5.

p p
Y:exp{ﬂo-Fz/Bk(Xk+X£)+G(Z’Vka+ Z aijij)+€}.

k=1 k=1 1<j<k<p

72720, Bo=01,81 = =8=02, 91 = v3 = 08,790 = 4 = —0.8, a5 = a5 = a7 = ayg = 0.6,
£~ N(0,(1.5)2) TH Y, TN DAT A —ZDEIFET 0 & Uiz, C % [0,40] EO—FEDTED 5 ER L,
Y = min(Y,C) 2BHEL 5. 50 EKIEBB L7 30% THo7z). B G() L TiF, 220y
FUA (1) Ga) =z, (2) G(z) =z +sin(z) 2Ex 5. HigEFiky LT, EHHL Cox [ & % 1% (FL),
Tian et al. (2014) 12 & % /5% (MC), KlElk#iz & 5 5k (RT), 8% Fi% (GBT) 2% 2 5. ITE %

AX)=P(Y > to|X,T=1) - P(Y > t,|X, T =0), to=10.

EEFEL, FIITER LU 1000 O T — 206, MInd 5 AX)(EfE) 2558 T 5. £FENS A(X) OH#ft
EMEZRER L, BAEE O 2 Fiis (MSE) BEXUOCAET YYD T > Z7HB (RC) 25 L7z, 500 [E DR
DEUASEHE L MSE B XU RC IZBAFOROD & 51270, BEFFIRICN T 2 REFIEOA R HER
TE5.

MSE (scenario 1) MSE (scenario 2) RC (scenario 1) RC (scenario 2)
© ©
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BRER - TR T2 0F A T —0— DR :
PEBRIESE T V& AV TeRER AFEDIS A

KA Felh
8 H R 2 T

R TE DRI DR ORI, BRI RFE I KD RIE Y A 7 OZA A IEMEIZ TR
LI2ODGF A F~—— ORI, lHx NOFHEIZ G OE 7okl 2 i E ER - T
EBTHET, ROLBEELHEO SO THDH, ZOEBICHIT T, FFEDOHEEIZE W
TR - RERE L ORBEN R T B F A EBENICIRR T2 L2 E L, 7
J LU A KBEMHNT (genome-wide association study; GWAS) 23 % < fThbh T\ 5
(Thomas, 2010), L/ L7225, BURTORK vV — RKbleoTWa, BUFET MIZE
DWTEEF L TEK - f)%i‘i%@%@éaﬁﬁifﬁ RS 2 ME FIE O )3 TR |
INFETIZRESN T DA A~—T—IXRENTH D, Z OREZEFRT 5
722, Matsui HIEZkILE I /37 A MY v 7 BEBIRA T T V& W T i g 7 FE
(optimal discovery procedure; ODP) (Z L 2 zh=RaV 72k FiE 4 % L, BLROFE%E LE
%, B BER RO Z L AR LT (Matsui et al, 2017), Z O TFETIEH, KEs
FNRIBICKIET RS A ZAO5H % | 7T — FITHEDWTRERAA ZEIZ LV HEET 5,
Z LT, HEESNTDTNERO LN DK BT ORBEEREL S &2, RO
BIn &3 A~ —T—DfFEM & L THRET 5,

AWFFETIE,. ZOFEELZ GWAS OF —Z TS L, Bisf - RET — 2 X—
A dbGaP (https:/www.ncbi.nlm.nih.gov/gap) TABI S TW5 2 DO KEIHE GWAS %
FHE LTI 2T, ZhoDTF—F 232 2L T, ZNE TITRES N TV RN
5% R BE 3 SNP (single nucleotide polymorphism) OIEZR 27 7-, £, IBEONELT
W D~—T—E720 9% SNP OEEREZHIE LT, MEZEZ G L Lo KRBT
2 MMEEERFER [Vitamin Intervention Stroke Prevention (VISP) trial | (dbGaP 7 7 & A %
5 : phs000343.v3.p1) 28T 5 GWAS 7 — X DMt 21T o7, X BT, BREE&ZFEICL D
PRIBIIE Y 27 OEALZ THT H~— T —DWBZ B E LT, BN ATIEY 27 DE
BIOREER ZFR25 Z &2 B Thbivizr—A « 2 hr—/L GWAS A Genome
Wide Scan of Lung Cancer and Smoking] (dbGaP 7" 7 = 2375 : phs000093.v2.p2) DT —
H iRt LTz,

VISPtrial i3, </LFE X I A (R, ©4 3 B6, B12) O EH FEI, I
FEIE D FRRECHEESENE DA ZE R IE DI AN DR BN E I MIRGET 5 Z L 2 BBy &
L7z, Zhigk —EHEMT v ¥ MEHERBR Th 5, 1BRHECIIv LT EX I U Hl%EH
BEHFEERL, MEECIHEHEZ BFERL, 55803 2164 4 TH Y | BsA
PLEE Humina HumanOmnil-Quad vi-0 B 7 LA Z W T Tz, mEEHE AT 7=
R OXIRERNL 1533 4 (IBHRHE 760 44, xIHRE - 773 44). SNP Hd 774,670 TH 2,
AL TIX, Wakefield 512 X - TITOIL - fi#dr (Wakefield etal., 2014) & [AIERIC, ~X—
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2T A UL IR TOMPRES ZAT A VIBEDFELT T NI LE LR &
Tole (MHRET AT A REIIIERIER & BT 5),

B RTFEZ O T OfE S, Wakefield & Of#TIC &> TEEICHRE Sh Tz
2 ODMARET AT A RIS 5 SNP (21X, 3 DOBE SNP 2872 (M
L72 (FDR<5%), Z® 9 H D 2 D&, MHARET AT A AR T D8R A XH3,
TREREE STRBECRES BARD ZERBR SN b DO ThH o7z, 2D OFZITHRH S
Tz SNP 122N\, AMNBT —Z N—R & W85 TR 21T o 72 & 2 A, 5l
AR D SNPIZEBW T RE T AT A VMU SN2 i COBE - RBLSC,
R M HEER T OBE T HIL L OBER 2T iz, EORDIBAEDPLELREOD,
O OFERIIM 47z SNP DAEMFR e 24 %2 R LT b,

WIZ, WA zmktgel Uiz GWAS 7 — X 2T+ 2 2 & ¢, BUEEEIC L A0 A
FIE Y A7 OB TRIT 2~ — I — DB Z R AT, ZD GWAS ITEBIT D R5EK
1% 5588 4 T 0, B EIE lumina HumanHap550v3_ B 7 L 1 & AW Cfrbiiz,
BB AAT o T O RERNT 5527 4 (U — A 12716 4, =2 hr—)L 1 2811 44),
SNP %1% 519,431 T 5, HRERFITHOWV TR OFE WA 5 SN TR0 . AiF%E
TlX 6 7 HEL EDOEHIR 7B 24T 72 o TR BR DN & 2 5 B 13U | BRER DN e WG A
FEWUE R L U7, FEMUEF L 9314 (F—A 12204, 2> hua—)L: T114), MR
£4596 4 (U — A 12496 4, 22 hu—/L :21004) Thb,

FEAT OFE R, HEHA M2 6 DO 2B B ESH SNP Z i L (FDR<5%), %
DHIHO 1O, BERIEOEEIZL > THIAADRIEY AV IZREBRENRDDH Z &N
IRBEIND LD ThHoTz, B THEEFITICE D &, T EITRRS 150 SNP 12D
WA ATIEY 27« BYEEE L ORIENARINTND DD, fid SNP (2134
WP 72BN BT AN S HRDMEIIENLETH 5,

AWFFEDBATIZ & 72V, JST CREST (REEZE 5 : JPMICR1412), I XV, ENZHFZERH S 15
N HARERFSCH R (AMED) O A A R AL e 2 GREE -
17ck0106266) DX k% =T F£ L1,

2 2 BTN
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SREA LT F Y P RICBIT L ERIEE R F 7 HEH Tk
Rt BT SET BT A

ARTFY R, BEITONZEROHKABRO T v A2 AL, BE
W) 7 B R O R 24T 5 72 Ok TH v, Evidence-Based Medicine IC 35 1) % &
BT ELE LA E R L Tw S, BEOEEREDO T EmOERICEY . %
EE&T 7 b LaRKo72%%@EmA X T F VA (multivariate meta-analysis) DHFZEH
TREERYICFEIE L, BEEMTROFERICO RE B2 52T\ 5,

ZDORENRFEDOOELE DD, Ay T —27 XX T F V> & (network meta-analysis)
TH D, WERDRAZTF ) v RADFFEE, FAIE LT, SR L 72 2EEONHE (10
1 DB OfREMAET L L it nzdboThy, [EHECO VoY
TV ADE. X NSO BEOEIRE O A 5, EOBEEITI O RERDOP?

CEzhtE, R ? BRANRIZ?) ] REDORWICLT LI AREN AT X %5 2
TAND D DT ZD o 7. 4R, SEiEEIC BT 2 () EinfbibaoFkic kv,
R - ERER OIS X RN RE S D70 1c, BZHFAME (comparative
effectiveness research) 23HRIICKE R LAED CTE Y, ZD X5 hEBOERE%.
MR E LA - AREZ RAERNICEHE T 2 72 0 O J7iEmIC N 3 2 EaE 23 TREE R I
FmEoTCWVSE, 3y b7 =2 RXXTF YA (network meta-analysis) 1%, ZD X 7%
TG A B 72D IR I NEARFIETH Y, RO A X T F Y > RO F %R —fik
LU, EEDBEDO A - A% LR -5l 3~2 2 & 2 A[REIC L2 5iEmCH 5.
v bT = RXRXTF )T RATIE, HBONRLE 2 1HELZECHIKRBOER T £
MAICEDHE L, BRE OB OGRS ez T v 2oi&RThbh s,
IHICX Y, EREKOITOL TR WIAREIOLIE S &0 T, MR E ko inktik
TRCOFMME - FHBEZKT 2 2 & AReL & 5.

L Lo, SEEAXTFY v RIE, T ORI CRBICT K U 738l 7 /7 i5qm
TLH Y, BE, EETERL TWBEIAX Y X —FAGETH, T3 FRHKEFEN
MIEATFE T 2 A REMES S 5, Z DRIED U & > & L T, Brockwell and Gordon (2001),
Noma (2011) 7¢ & CTikam S LTV S HEMFEOZ UM DORENRH 5, A 2T F IV v R
Tt B2 HRE» G N T v AOREEAFEE L 72 L CEROHA AT
720, AREE TV (random effects model) % F\W 72T (T i % D53 —fi%
WTHd, BEBAXTF I RATE, UTOLEBLRREMRET VBILS Hebh
TWw5,

Y;~MVN(0,;S;),0,~MVN(uX), (*)
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Y id, iFHORBRICE T 2, FFEDSHL RV (F7 R4 L) TN L TORNRE X
ZIRBOBENROIRIE (AF—FH, 4+ XA Y) OHERED O R BMHERR 7 b
LTHY, 013 DEfEERT X Fv, S IFRBANILESTI (v, D5 AT .
T FEAEBM LSBT AR T, ST XA -2 DTk, HIRAM X &AL (restricted
maximum likelihood; REML) IZ X o TfTh N2 DRI TH 5, ., RERE D R
BT £ BT ERIZ. Y, OF —2Bucklld s e Ly BEBED
ICREWD LT, KIEAHEIC X 2IEYLAfEL e b, LALAEEL, HL DA X
TF U AT, MEDONRE 7 2B HIc K& IF AR, Wl 2 2DiA
BIEON D X 27 F VU & 2Tld, 20 Iz ViR COMEBITHhIL S DA
—KITH B, ZDYHE, KEREUOFND L., FEHEEEOHERI L HKEL K
X T2 EOMERD S EBHONT S (Noma, 2011),

ARFEHTIE, Y2 —vavEREZEALT, 9. RO % v & — F T
#FETH D REMLEIC, EFLD X 5 %5t T ¢, #2436 D 37 72 7 WAk LA %
STFETEL2RT, Z LT, HEOIEERMB L, 2EBXA LT F Y v R0f#
WeET VICHHMICH S 2 LB TE D &ML IS < GRh 7l 7%
(Nomaetal.,2017) DN%2IT5. 720 ¥ I 2L —3a VvERE X KA LTER
EDA Yy bT =2 AXTF ) v AOHRJIFENT 2L T, Z OERENAEHEICO VTR
ER
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