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RYUFIT—P = EEETIVEHLOMEEE T D
EHT— Y DEMDI=HDY 7 by T FEEDEBN

L0 2% (EREE, $HATKE OERFR)

1 FL®IC

BEMF—5 DY RIEMAVSNEAYFT—2 K—X (BMD, benchmark dose) 3T W, #i5HE 7L & B
T—4ICEAL, MEMEICHY T 2 BMD {55 TR BMDL (BMD lower limit) #8501 %. EFTILOFEM S
HERBTIEOICEBORIETIVOEHENZEZLSNTSEY [1-3], REBEEORWV 3 2OEFILEIFTOEHIL
DNORELAZUULEBRENIBOND I BB INTVS 4. BMD EDY 7 o7& LTI BMDS ! %
PROAST *2 RIS NTW3 A, BEFED BMD A DY 7 Y 2 7 ICIGEESEDR WO EFILE T OEHE A TEE
BREDEIEELAEN . ZTDED, REBESEDORWIHOETILEIFTOFEMEEFREDY 7 U =7 BMDMA
(Benchmark dose modeling and model averaging) ** #Bi% L7=. BMDMA & R ®/8vr—I & LTREINT
BY, OIS IVITAVSOOEBEHARBERKED GUI #iex2H2 (KM 1). GPLv3 D142V R TH—F
V=RV 7oz T7ELTRALTWS.

2 Z“ERERBRT—4

BMDMA AR5 e 27— IEZERAERIET—9THY, AE, EABICE T 2EROFROY, RISHHATR
OISR D. ZRETNODOEIX BMDMA OV 4 ¥ RYICKRRINBERD dose, N, response & LTERRENS (K
1). L&, BEF— 5 D BOMEd, (i—1,...,D) TERFATONEL LT, AR 4, COEROHROKE N,
RIEDHEEHROBE T, & 5.

3 EFIOHEEEHL

BMDMA (& Logistic, Log-logistic, Probit, Log-probit, Gamma, Quantal linear, Weibull, Multistage2, Multi-
stage3, Dichotomous hill @ 10 DEETETFIVICHBL TWS. FEETIVICIK 2~4 BD/IRS X =9 DB Y, INT A —
SDEY) D BEDOHEEINEHSNT WS, WKODNDETFTIVICHL T, XS XA—9BEOFIREZEBMT 24T avh
HY, ZOFTaVOHMAOEREEREDLTETILOEESETD. NI XA—YDHEI, EROTRORIGHZIE
DEICLENIE LTREEERL, £=a1— M VE®D BFGS ¥ L-BFGS-B ZlWERAEZETITY. 1 vTv IR
m ODAERGERDETIVE p, &L, ETIVDNRIA=YDE%E M, (2< M, <4), XTA=F% z1,...,20,
ETDE, REIXRTERIND.

D
L(x1,...,25,) = H <§f§)pm(di)Ti(1 — pm(d;)) Vi (1)

EFTIVEHBLIE, T avDNRFA—FEOFHRIBVETILLS, EEFILE7IE AIC (Akaike’s Information
Criterion) @/NEWER 3 DDEFIVICRHLTITD. ThEh%s MA ALL, MA3 & 8<. EHLDEHIE AIC 15
HEITS. SERETILDA VT Y IRADESR, I, EETIm D AIC £F5&, EFILEHLIZ

o—Im/2

puva(d) = WP (d), Wy = =75
mZG;g ZnLGSe Im/2

(2)

*1 nttps://www.epa.gov/bmds/benchmark-dose-software-bmds-version-32-download
*2 https://www.rivm.nl/en/proast
*3 https://math-numerical-experiment.gitlab.io/bmdma/



IC&>TEESINS. S i MA ALL OIFEIENRS XA =9 DEHRDHRHIBVEETILDOA VT Y I ADESTHY,
MA3 DBERNRZ A= DEHEADFIRABLWVWETILOHRT AIC MNEVWEH I DDETILDA VT Y I ADES
TH3.

4 T—KRANZvTEICKD BMDL DEE

BMD (FAERGEHRDETILE BMR (benchmark response) B 5EH 5N 3. BMR IERISHH 2 HEERDIEM
A%, BEY RS EBMY RS 553, BUDMA OF 7 4L 338% Y 22T BMR = 0.1 (10%) TH 5. p &
ERGEKRETS. BEYRI%EEZSEE, BMD & BMR = (p(d) — p(0))/(1 —p(0)) Z#~-THE d & LTER
IN3. F7, BMYR20EE, BMD & BMR = p(d) — p(0) &%~ 48 d & LTEHSN3. BMDL & BMD
DEFERATH Y, BMDMA TIRNAFARN) v I T—RZAMSY FICE>TKRD S.

5 VY7 MU TT7 DR

GUITIRE 1 D& 4 Y RIDBKRTREIND. [T74)] RIVTIT 74\ EGHHFAL, [RITORIT] R
IR L CRRERIRT 2. BN RD2E, /57107 —9ICBA LAEETILNRERSIN, BMDL 2 & DfEIE MER]
YTICRELTRRENS.

T—HICEELEETIVIE, FMBIOY v 712 L7z h > T Unusable, Questionable, Viable (Warning # Y ), Viable
(Warning 72 L) OWFhHMICHFEINS. BMDMA TiE MA3, MA ALL QBB TH#IC Unusable THWET I
HAWREFINET S, FMAOY Y I ORR, #HEETIVIZ GUI DRPLHR—MIRRENS.

BITOERI, BIFTEROHA - FE RYVEHTE, 74 LNYIRETEIENTES. BFICAVWET—5OD
CSV 274, ERDERD CSV 7274, EETIND T4 v T4V I DTZ70 PNG 7274ILHRESIND. M
AT, BRORPEETILDITZ752EOCLHR— D Word BROT7 71 )LE LTRESNS. LKR— & Pandoc
ICEWERENZDT, PDF B EDHDHEATHATZIEELARERTH 2.

i

AARIZER 31 FE - 5 2 FERRKERZETMRMAR REL: —ERISOAERET -9 ETRE LN
VFI—V R—ZEEYV I MY 7 OREHAR REES: 1907)] OBKEZIFEDTY.

SE 3k

e [1] M. W. Wheeler and A. J. Bailer, Risk

MA3 & 1000, BE B TgE AR

S HIE= A= Analysis 27, 659-670 (2007).

@ [2] M. Wheeler and A. J. Bailer, Journal
of Statistical Software, Articles 26, 1-
15 (2008).

[3] M. W. Wheeler and A. J. Bailer, En-
vironmental and Ecological Statistics
16, 37-51 (2009).

Dose [4] K. Yoshii et al., Theoretical Biology

and Medical Modelling 17, 13 (2020).
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BEMEZICBEITBZFHET ) VJICDOVT

HHBE (BREBKT), BhALKE (FEREKY)

1 ([EL®IC

MEAEET 2 IR FERO TRV S 0, BEERITIIMER DM DR DO 2EE) 2 #9572 & O HlGR
Thd. HHUERY, SIEH X = (X1,...,Xp) LT, Flylz) = P(Y < y|X = z) %
X=x=(x1,...,2p) EBHEALPTNTOY OFRMNEMBEKEL 5. 20L&, MIEHEIFDOHE
BRAERE UT, BYIREED T T, y(x) > 01/ L T,

Jim P(Y > wy|X =,V >w)= lim 11—?(1015/!? =y~ /@) (1)
MHNLT B Z e SNT WS, T 2T, y(x) I extreme value index (EVI) &IN5 TH
D, 22T, y(x) >0 2KETS. (1) 25, Y BHAMHw &0 KEWEMT TORMEN HER
E () DAITHEFEL TWB Z e W30 5720, ZNEHEE T IER 2 FROGEHHERI AT RE &
A ZDIZ o, MEHETE T, EVIOETY V7 - MENBEETH LI Vbbb, b,
B z ITFEE T LK<, w=w(x) &T5.

ZIMHIE, y(x) DHEEZEMT S, v D/ YT A MYy ZHERIEL Ma et al.  (2020)
RERSFERSNTVED, p BREVEHIZRITCOM N ZE 2T, FLdMEN TSRV, L
2o T, RITDOW\NZ BT 5720 D FIEORFENBE L 725, Wang and Tsai (2009) 1
v(x) = exp[x0],0 € RP #F X 7=, exp[| EHVTWVWBDIX, y(-) >0 &2RifT57-dTH5.
DAttt, Youngman (2019) IZAMEE TV y(z) = explyi(z1)+- - +7p(7p)], v R > REZEE L. %
7z, Li et al. (2020) i%, & &% (x,t) £ L7z & & partial linear model v(x,t) = exp[x’ 0 + g(t)]
Zh-7-. L T, Momoki and Yoshida (2021, preprint) I¥#HHZE % (,t) £ L T, varying
coefficient model v(x) = exp[fi(t)x1 + -+ + fp(t)xp] ZMZEL T WS, 22T, t e RT T/ X
A MYy ZIHED, KEZERE L Tqg=1, MELBELTg=22BELTWV5. KEHTIZ
Single index model vy(z) = expla(z?0)],a: R — RIZEAL TH S N/ MERE2®|E L 72,

2 Single index model
HERZER(V, X) eRy x X, X CRP, X = (X1,...,X,),X; ERIZHL, F(ylz) = P(Y < y| X =
)% X =x = (11,...,7p) BERXZTFTOY OFMMEEFEKETE. 20L&, Hxidn
V— MR ZZEZS:
PY >yl X =x) =1— F(ylz) ~y /7" @), (2)
72720, v*(x) > 0,2 € X C R? |F extreme value index (EVI) TH 5. KiFEH TiE, EVI A¥single
index model v*(x) = v(270) L W &AW, 72770, v : R = Ry X1 28K TH O,
0= (01,....,0)T ERPIZPpIRTLNTA—ART ML THD. ZDLEY DM S AFEBIX
PY > y|XT0 = 270, X = z) ~ y~ /7@ 0 11 | 0@y ~#@)/1(@T0))) (3)

YEID. 1L, 0< B < B(x) <00 THS.



ez it (v, B) BB RO BMATHETE 2. UL, /285 A MU v 2 B8y RSO E
5 X B HURT B 720010, FHIEA (5 L FHER 751 Y THET 3. Tabb,

G0 = 30 [2(XT0) Mo () + 108X 0)| 103> w, (X
i—1 n %

+2[f{i;¢mmﬁ?m (4)

ERUNCT S (1,0) RHEERYE U, (7,0) LB 8 1HITE L7 MERR, () = expla(-)]
LEE (0,0) RHETAECEESMR LI L LAMETH D,

ZOMERIZOVT, F— 2B n BAT 5 FTOWEMME ML, EE LT, M5
BEDT T, UTFOEHAHLT 5.

Theorem 1. @Y EMEEZBRETSD. ZDLE, n— o0 DFT,

16— 6] = O(n~ 7557)

el
sup |’7(93Té) —vzTe))? <0 (n_ZZH»Iinl/m>
reXx

DD YLD,

3 F&H

ARIE L ERIEEE2EA LU ZBERHZCBII 2T VI FEOIAENHKTH . £<
DETV VI OHFT, R IT single index model (25 H U, FIEOMER, W2 MEL /2. 15
S NTAERD S, ITTDWN % [0 9 2 FiE 2 MIERGH 2 IR BAD I LITH I L ERAS. 5
BOMIEE LTI, HEEVWRLGETHSEIRCIIB T2 EAVEETHS.
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Forward variable selection for ultra-high dimensional
quantile regression models

—IERERFBEREAFIITER A T

AEREX, BIEOENIBER ARG AT OMER K OH[FZFETH % Honda
and Lin(2021) 12 &0 <. ##lllX, Honda and Lin(2021) Z &R X172\,

T — RUIVERM OESRIC LD, AR DFICBWTIEFICZ L DBIILT —
ZDBFHAEEICRE D, 206D T — R OEMED G E - T X7, Lasso=° SCAD
R EEEXRTCREEIRE T AR IR T 2HEILTDH D, SRILT — X ENT O RE
M, EEMEoEE Y b, FEHEB X CHGRE TOWRIEATE., 2L T
BETIE, ZO53ERILT — X i COBENLR Y — 2k o T\ .

L2 LR SRITCE p BIEFICRKE VSR, FHHE LORED 5 Lasso, SCAD %
WS 2% Z 21 TE 3, FHAlC feature screening & PRI 2 BEOEIR 21TV, 2D
MH ZAEITI e LLfTb 3.

A7 Mz & 551k LTIE, Fanand Lv(2008), Fanand Song(2010) 72 ¥ 23%
%. WEEREBHZ L 8 & DOFFAZE T OB DRI X 2 /715 b % K H % (He et al.(2013)
7). bR, —EOADEATIIEELRHHEZRZ R L5 THSL I LhH
HohTBD, BHERHGRLTOINSDEDRLIZED, feature screening %3
5ZEHEZ\W.

—7%, #DIRLZHHRE LAER 0#E % (forward type feature screening) &
L Tix, Wang(2009), Ing and Lai(2011), Cheng, Honda, and Zhang(2016), Zheng et
al.(2020), Pijyan et al.(2020), Honda and Lin(2021) 722 535 5. L LA B0k
[EIFICDOWTIE, T RFEE RIS S TWieh o 72728 (Kong et al.(2019), Tang
etal.2021+) & &), AIMEDOMEEIT o 7.

T ofEEmXT ©r g affERIRET AV ZEZ 5. SHZE X = (X),.... X))
X p KITT, HB—EBRIZ1 LT3, 2D p BIFFITKEL, EA n OO+ —
X—=—rWH5ZtdbdHb55.

Y=X"B"+e 7D E{y.(e) X} =0,
B°=(B,....5,)" = argminE{p.(Y - X" 3),

BeRP
U =1-1t<0) DD pt)=t{r—I(t <0)).



flifiD7z0, j>2 T, BX)=0»2EX}}=1¥735.

BIRREONIEE R BERE b ORI FOEEE M T3, p BIEEICKE
WZD M DEZFEB M E n ZHARTH /NS nwe T3, ZLT X, X) Dn
EOMIF—IEAR (V, X)), i=1,....n D2 T 5.

ZODFEERRELTVSA, ZITIEERADFR EIFATVS HDDAEZ BN
5. XFETETNS clpl ={1,...,p} W T 2 HWEE L(XTBs) ZULTITE
&I 5. )

LXEB9) =, 3= X5)

D) S=S(So={1H LT, k=126HHALT3.

. . . T
Jx = argmin min Ln(XSU{j}BSU{j}).
jese  Bsuij

2) S =8, LT,

L,(X Bs) = min min L(X{;;B507) > &S log pa/n

SUj}

THIUL, Si=Si, Ui EBE, DIKES. T3 THRVEAIIE, M=S, &
LTHTT 5.

Q) D & FEBRRICHEMX 2 TR I WD, REEOHERIZTERVDTI L
Ty Ial—YaryEritor.

RELFRICHET 2 HmNZER LT, & 1 CHWEEOBAITOWT
DGR 2B, EH 2 TEIFAIOMEE Z/R L, &M 3 T screening consistency % #EIH
L.

YIal—yavickb, R L FIEL Lasso, SCAD, MCP, CQU(Wu and
Yin(2015)), FR-PQU(Kong et al.(2019)) Z tt# L7z, Z DFER, BB L-F LA
AW RT e TEL.

S Sk
Honda, T. and Lin, C. T. (2021). Forward variable selection for ultra-high dimensional
quantile regression models. Discussion Papers 2021-02, Graduate School of Economics,

Hitotsubashi University.



SERAETEGT VA V(& 2RARRYROHE
REIFEL (MR — 5 B

=25

AMFFETIL, BERIREREB O Ry 2 2 ERAE TS 5 2 & T, FIRRERT A 0

£ 2012, BEICR T D RFTRI e FERRDR 2 HEE T 2 Ttk 2 km 5. BARRIICIE, Takahashi
(2021) 1T X » TREINTZHERAERELFET 1 > (MIRDD: multiple imputation regression

discontinuity) # A9 %.

1. [FLHIC

Rubin (1974) 1%, ETERIRERAEOPSEA (potential outcomes framework) 2 & > T K SEHEq
KT —Z OREE U CHEN. Lz, KRR ORARBE (Holland, 1986, p.947) D7=, EAERY7R
RO ELLL—FH LB SN2 D Th D, BIEMEICEBIT 2REHRTFIEOHRTE, [F
JF BT A - (RDD: regression discontinuity design) (%, JPFTHIZR BEAEZ BT A3 ARSE LT
HERIRENDZ LD, ROLENT-HESER (quasi-experiment) D 1 D& LT % (Lee and
Lemieux, 2015, p.304; Kim and Steiner, 2016) . T4 RDD O YEATAFFEIE, EAEAIRE A EL DO FERL 7
WZHEADW TR STV D (Lee, 2008, p.678; Imbens and Kalyanaraman, 2012, p.934; Calonico et al.,
2014, p.2298).

—7J7, Rubin (1987) %, KRMTFT—Z OFEHENT 2 %872 b DICT D HEE LTEZEMNANE
(multiple imputation) Z#2%E L7z. BUROKEHRNT TIL, 12 < OHEFICHBNT, ZEAANEITA
SERT —XIHLT BT Db KWILHBZe Bk L LTI AL S LTV 5 | (van Buuren, 2018,
p.30) SFERI TV S.

ZDE DT, AR SRR & KT — 2 AT O W7 ORFFE B2 30T, Rubin (1974, 1987)
IXEE B 2 B U C& 2. FEEE, Rubin (2004, pp.167-168) 1, EFEAURE LA E D KRSy %
ZHEMANECL > TRUBET 2 REMEICE AL L TEBY, MatREHmRO FiE e LTEZERALLY
ERALEYD W IOIREDL SN TE T 5 (Imbens and Rubin, 2015, pp.150-171; van Buuren, 2018,
pp.241-255). L»L, BUMEOEIZE T 5 /a7 FELE R (LATE: local average treatment
effect) DHEEIZHOWT, ZERANEZED LS RWEDRH D DNTIARHTH 7.

Takahashi (2021) %, ZEMRAEARERT A > (MIRDD) &9 8772 7o ke at AR e 715
ARE LIz, 112180 ORZRZFEEEICHBNT, T 5,000 [EO#: 0 K UK 2 FT L2E
CTFHNE eI al— gl EETLIEEDA, N T A, HEHEEDIEFE (RMSE: root
mean squared error), {FHEXRDO N NN—3 FEEXEOE IO 4 SOBLENG, KO RDD &L
L CRWEERP R E N2, F, BMOY I 21— 3 2LV, Calonico et al. (2014) k&
U8 Branson et al. (2019) DHHTD RDD Tk & bR THBEODRWFERNREN TS, 51T,
Takahashi (2021) (%, RDD it %422 W 272012, MIRDD (ZH5< 7T 7 FIEERE
L 7z. Imbens and Lemieux (2008, p.622) M &3 2 K 512, 77 7 X 2f#HTiX, RDD fi#trici
FOEERERTHD.



2. BIEICEITALATE ZHETHF AL LTOEERAE

Imbens and Rubin (2015, pp.150-171) 33 JUF van Buuren (2018, p.245) 127250y, 2 DDORAE
TNERZHIMEHT 22 & T, IBEAERERO KBRS L TEZEAAEICL S I 2 b—
Ta UMEERERT S, RBEFIETIE, 2 200RAETAVELZAIMEHT 50T, BIERRERZEE
Y(OEYOUZX LT, (RAETNADONRTA—=F IR EOBHESND. X - T, [l
DFATHEDOFTEN G T2 S TWRL T, KRR ZEUNHEEST D2 LN TED. 2F 0, Y()
LYO)DRERDEHET NV ThHo72L LTH, HiTELLWVWI & THD. ZhiX, RTEIG
DOEEEITHIE L TN S.

3. EVTFANLA LI aAL—YaVDRELHER

TREEOT —FERT R AEZHANT, SEIERAVRNFEEEELREL, 57T 112 OR
IRAHREREE FIZBW T, 5000 [EOFETH LAY 2 b—arERIT L. 31 7 A, RMSE,
BB O A N—3, [FEXEORE SO 4 DO CHERZ TN L7z, 557285 F1%, Takahashi
(2021) ZZFE X 7=\, F7-, Takahashi (2021) @ online appendix &2 X7z,

4. VI b7

ABFFEIC BN TIRE L7 MIRDD 23T T&E 5K 91T, RNy —I MIRDD ZBHFEL7Z. 20
V7 by =T EFAOTFSIE L, https:/github.com/mtakahashil23/MIRDD 76 # 7 > — R L CfE
HATE%. ROz Y —/LIZ MIdiagRDD (y, x, cut) & XA 7T 57200 CRBIZHITEZIFTT
5. Fl, SEIERA TV aobEEE L TREL THAFRETH .

SE X
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A Prediction Error under Area Level Model with
Arc-Sin transformation for Sample Proportions

Masayo Y. Hirose*, Malay Ghosh' and Tamal Ghosh'
Kyushu University*, University of Florida'

1 Introduction

In small area estimation, it is also important to consider some situations
when sample size within each area is not large enough. Such situation may
often occur in several research fields.

Suppose it is interested in the analysis of binomial sample proportions.
While the sampling variance in a binomial model is a function of the un-
known sample mean, the arc-sin transformation is a classical transformation
which achieves a known variance. This transformation is used for several
real data analyses in Efron and Morris (1975) and Casas-Cordero et al.
(2015). Hirose et al. (2018) also considered such transformation model in
the analysis of one consciousness survey at the municipality level in Japan.

Sometime it is essential to transform back properly to the original scale
to arrive at the final conclusion. However, the natural back transforma-
tion could produce a bias especially when sample size within an area is
not large enough. Slud and Maiti (2006) addressed such issue with the
log-transformation to derive a multiplicative bias correction terms and the
estimator of these mean squared prediction errors after the back transforma-
tion is made. On the dual power transformation, Sugasawa and Kubokawa
(2017) suggested a non-explicit empirical Bayes estimators and the estima-
tors of these mean squared prediction errors.

In this study, for arc-sin transformed data, we find an explicit empirical
Bayes estimators in order to correct biases. Moreover, the second-order
unbiased estimators of these mean squared prediction errors are obtained
explicitly, maintaining strict positivity. This study has been accepted in
Statistica Sinica. (Hirose et al. 2021, in the progress of proofreading).



2 Organization of Talk

In this talk, we introduced the explicit empirical Bayes estimators of the
original parameters under Fay—Herriot model (Fay and Herriot, 1979) with
arc-sin transformed data. And then we showed the asymptotic unbiased esti-
mators of these mean squared prediction errors. Finally, we tried to illustrate
an example in predicting the positive rate in PCR testing for COVID-19 for
each prefecture in Japan.
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2020 FEOFH L I T F 7 A NV ZADRAT (COVID-19) [F KEHE THEFFENTH D, AX - KEalb—¥arET )L (Sattenspiel
and Dietz, 1995; Colizza et al., 2006) {2 & 2#ifricdk, ZDOFHNAKDISHDHIAENS. ULLULIDETIVIEZHD ST
A—REGAETIVOREVPNETHL L VWIHREH L. KR TIEALX - R¥aLb—Ya VET IV ZEM S TOD 2020 4 10
HEE D COVID-19 DENFAT OB AT M2 G135, £ D720 SAGERFIROFATHRE €TV ICFET 5 Z & TIREE
HeExziro v, FIAMOFPREAEZFHILZ. Zhozd LICRITEIRORIZBE T 262w 5. FEHlIEHES
(2021) 22D Z L.
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ASiw=—A[STli =3 AlSSl + 3, ,, AlSSli, A[S1];i ~ Binom (Si,t, 1 —exp (— ﬁj’jﬁ’%ﬁi)) )
Alipsr = A[ST]ii = A[IR)is — 35, AllT)ij + >, A[IT]ji,  A[IR]ii ~ Binom (£it, At/Tiue)
ARin_l = A[IR}“ — Zj;&i A[RRL] -+ Zj;éi A[RR]]“ A[XX]” ~ Binom (X“pz]) for X S {S, I, R}
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INSEEDESIIHEET 50, LN THRRS.

NITA—=R pii &, At DN, ( ROBAEEON j RICBETHH00EHGTHS. I TIF MNkgtudaREiFad) c&£&o<
TR IRAE IR N B 3R] D5 B#kl, MAEhl 280 R0 ZEFI U723 DITHKRILL 72 (E L5584, 2011). 20T
B s j BOEREEANEB M,; 2525, G A7 ET IV (Gelfand et al., 2000) 126V, EHEE THET 2 RRERIY 47
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Rit=Rit—1+ €, €~ N(0,0.1%)
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Jif'gs ~ Poisson(A[ST])

EOBREMREL THES NS REBZEMET NV TT — XAMLETT S, FBERERRI Job 123y vy 7Y v S vkt
(2020) DfLIZ L BRI 24 1 H 15 H~11 A 11 HOMH O#ERF A O (300 Rim) &2 V5.
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BEDFTSH., ZIZT, INEBRRIT &I T AEFE 0 ARG Z XU D &3 558k T 2 HEOREFITHS. LA - JAL
AD Y T AR GHNT Yoshikura and Takeuchi (2016) Wz FEEZSFIZ L. TO XD ITER U EEREF] J,, DED
TIHENRIIHRED LIRET DL U CEMBEEEREHET S:
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1 RS (2021) & 0 FHE. 6 HGEIFRD T — X FEGEER. BT 7T — R 7 1 b RGO (2.5%,50%.97.5%).
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fEPREETH L. £ T, EA ML RS X ZHH LT 2 BHO PHEEZ R Uz, NEBEFRTIEEEEVED &
Wiz, FHEREVPKRE 0D, Kz, BED100%ANTH 201, duifiE, WA, WE, KB, FHOATHS.
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AEETIE, BRPAR - Rl —Ya vyETFIE XIEN 2 HEEOMER SIR EFIIL 2 ADFEATE I WTHER L -
TV EFAWT, COVID-19 DHARTOSH 24 10 H X TOWRITRMZEZ M U7z, 4 Y 7NV HFD & 5 RESE TN & DR
THHEGEUZRITPRONDBEPIE L B D, ETIVIZEETFNENENRT A =X E2+RICHIT 22T DERVIES NV E
WO RN D 572, ®XT ARy I TiEdbH, AHERR BT — X2 o blRE it d 572012, 5RO ik o
EEEERO RN EMEEF S FEz2E o7z, BRITANA X FiEE T 3 & AHED X OFMIZ N1 T ADRABZ R ED
MEEH DD, HRAAX - RE2L—VarETLDEISIBRTILVFIEY T4 DEWHEETIVEIRS N FHHAEETHE M
THGEITIIBHEN R L EZOND.
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Introduction

Class imbalanced datasets occur in many real-world applications where the class distributions of data are
highly imbalanced. When dealing with an imbalanced data, the minority class is typically of the most
interest. It is more challenging for a model to learn the characteristics of examples of minority class, and
to differentiate this class from the majority class. The imbalanced learning problem has drawn a
significant amount of interest from academia, industry, and government funding agencies. Most
specifically, the data imbalance problems in the medical community often leads wrong prediction
results. Thus, analyzing imbalanced multi-class data is a significant challenge in the medical diagnosis.
Conventional cost-insensitive learning algorithm could perform well on binary classification problem,
and they might be biased and ignore the importance of the class of interest in multi-class prediction tasks.
Hence in this study, the data imbalance problem is addressed on the medical image thyroid cancer dataset.
Re-weighting and class variant mechanism

As an end-to-end network training, we utilize a Unet-like convolution neural network (CNN) model. The
incomplete image features of patch-based training are not appropriate for the multi-class imbalanced data
set segmentation, we feed whole image as input into the segmentation network. Furthermore, in multi-
class joint object segmentation, the data sets that do not consist of all occurrences of classes, poorly
influences the activation in the following layers and sometimes it leads to zero gradient updates in the
back-propagation process. Hence, additional weighting mechanism is needed to increase the instances of
underrepresented classes?. To improve the co-occurrence of classes and control the false positive regions,
we proposed a re-weighting and class variant mechanism. For reweighting, we considered the number of
pixels of the foreground relative to the total number of pixels of all the foreground classes.

The larger proportions of the cancer datasets either consist of only one occurrence of the remnant tissue

or no occurrence of classes. The lymph node occurrences were very limited. The weights of lymph node

(w 1) and remnant tissue (w r) is defined as,

fl fr
w; = , W = 1
L7 fiefe T fitf (1)

Where f; and f,. are number of pixels of the foreground classes of the lymph node and remnant tissue,

respectively. The total number of pixels of all the ground truth classes can be represented as Ny=f; + f,..



Suppose if the total number of pixels of either f; or f,. is zero, then the weights w; or w, becomes
zero. Consider if the weights of the entire image pixels are,
w; + w,=1 (2)
then the weights can be calculated as,
w=1-w, ;w,=1—w (3)
The class weighting of each individual class is calculated by using the summation of the weights of the
entire image by multiplying the square root of all its inverse class frequencies. By substituting Eqgs (1)

and (3) we get the following reweighting term,
RW =wy BJ,(S, —P)? + we TL(S—P) (&)

The parameters S and P represents ground truth and predicted segmentation, respectively. Furthermore,
to reduce the number of false positives the reweight term is unified with our newly introduced class-
variant dice loss. It not only forces the inner joint intersection but also minimizes the outer joint which
maximizes the number of true positives while minimizing the number of false positives. Hence, it is
straight forward in creating flexibility and balancing of both false positives and false negatives. The class-
variant dice loss function is defined as,

ZZ§=1Z§=1SUPU +m ZZ€=1Z§=1(SU— Pl'j)z +m 5
Z{=1Z§=1SU+ Z{=1Z§=1Pij+m Z{=1Z§=1Sij+ Z{=1Z§=1Pij+m ( )
where sij and pij represent ground truth and prediction at each pixel with i row and j column, respectively.
To prevent division by zero, the smoothing parameter m is added to both the denominator and numerator.
Eqgn (5) is twofold objectives. On the one hand, the right term of the equation aims at extracting the
patterns of activation, associated with high confidence related to true location. On the other hand, the left
term of the equation explains the common activation between the predicted and ground truth masks,
which resembles the dice loss. The multi-class L, is calculated as the accumulation of all classes using
the following equation.

Lep =1-

Lep = leg LCDk (6)

where k indicates output class channel for each class. The parameter K represents the total number of
classes. The unified reweighting and class variant objective function is used to train the network to learn
the uncertain pixel regions of each class. It computes the summation of class weight multiplied with
L¢p, which is defined as
Lrwep = ZligRWkLCDk

Additionally, we set the network to train and control the uncertainty over batches of images using the
stratified sampling method. Likewise, the proposed mechanism makes the model efficient by maximizing
appropriate weights regarding lower instance classes and, at the same time, it can control the model
parameters from getting stuck in local minima. Hence it can efficiently handle the imbalanced
segmentation over the whole image.

References

1. H.HeandE. A. Garcia, "Learning from Imbalanced Data," in IEEE Transactions on Knowledge and Data
Engineering, vol. 21, no. 9, pp. 1263-1284, Sept. 2009

2. H. Phan, M. Krawczyk-Becker, T. Gerkmann & A. Mertins. DNN and CNN with weighted and multi-task loss
functions for audio event detection. ArXiv abs/1708.03211 (2017)



W 0 ARk U7 B I XA IZEH T 5 o)

AT, Il A
VHEBR A REIE SRR, 2B D

1. FIOIZ

IO BRI IZB W T, HBEOH LD, #EOEX VT 4+ L0EDL
AT lfg & e S RT3 5 ~ VT X OVIKEHG ST 23 T s [1]. L, <
FE X VHKEGIET CIIREE X V7T 4 DR Do, HBREOAH, ER
X MR EORMBEIY, T_XTOMEE I - 72 complete dataset (CD) D Eift i3
L < b, 2 OGS, —HOEX Y T 4 BBICKEDNE T incomplete
dataset (ID)23 5 541, & TOEBGDH > TV WHERE 2 HIBR L 7= dataset
(listwise deletion dataset LDD) COMET A3 Toi 5. U A R U A ZHIBRIKEE
M TEIENHHE CTH LN, REOEIENKREWGEE, 7t 1 XoEd %
&, "M TRAZRASELIENLRHY, FFEEICHERDD. ZOMEOMHE
WD =Dz, ABFFE TIEExHBE R R ~ b 7 — 7 (generative adversarial
networks: GAN)[2]Z VTR % £k, ez iTV, REleeT —%
(pseudo-complete dataset: PCD) & {ERk, T ZEZMHTICHWD Z & 2IRET 5.
AWF7ED HEEZ 0 PCD & LDD THHT L7 HE 0 85 5O BN REDH R %
FEE LS CE A0 ME 21T 28 Th 5.

2. Hik

MRI ®j#&7>5 PET HEitg 2 £ 3 %5 GAN & L T Pix2Pix[3] & CycleGAN[4] %
AL, 14 #loE# T MRI i % PET B ~ZEHT 25 L H 1258 2 1T-o7-.

~ VT HOVIMEHGAENT & LT Alzheimer’s disease (AD) DB D 7= 8, 100 1]
@® MRI ®jf & PET @it CD ZfEH L, multi-block sparse multivariate
analysis (MSMA):[5]%1T-72. AT, CD LV Z & A2 50 il iE 80
10> PET Wi A% KA S 47 ID 2% L, LDD * Pix2Pix s\ i CycleGAN
(2T MRI Bt & 0 £l S v/ PET Bifg TRIBZAE L7 PCD ZEpk L7z, &

@ LDD & PCD 12 MSMA ¥ % 5247 L7=. 50 Bl O EEH O 7 — % 123 T LDD
& PCD @ MSMA E0FERZHWTAD 2Pl L7=. Z0OHBIMEFEES LDD &

PCD ##F1 T receiver operating characteristic BiER D H#R FifE (area
under the curve: AUC) % #% L, LDD & PCD ® Ltk 2 DeLong’s test & FV 7=,
7 —# % Alzheimer's Disease Neuroimaging Initiative & ¥ PET [&[{% & MRI
B O T A FF ORI T — 2 & Tz,

3. fERBILOBEL

#IHIZ Pix2Pix & CycleGAN (2 X o> TA RSN -EBAZX 1 (219, CD %
MSMA {ETHATL, 5 2a7HiH L, Z® 955 PET OFERN 79% L b &
Mo 2 ZAaTIZHONWTERLE. Z0xa7d AUC 1 0.77 Tho7-. K
23 50 HlDHA, LDD TxRod7=% 2 227 ® AUC 1 0.775 Th - 7-. Pix2Pix
# X CycleGAN ToD AUC 1ZZH 274 0.735, 0.747 (p=0.38, 0.53), 80 #il D
4, LDD 7% 0.615, PCD 3 Z1%h 0.661,0.528 (p=0.08, 0.04) TH-7-. Zh



£V, LDD oY 7 YA X8 20 BILLTO L D IZHid T/ha<ird L &,
Pix2Pix % i\ 7= PCD @ 100 §| THEMT 21T 5 DITAM TH L RN H 5. —
¥, FZRMHT CycleGAN Z# W= PCD IZLDD kW 458 E7ro7-. D=
F3 Pix2Pix & CycleGAN OE#BA K DK E D7 (Pix2Pix @ peak signal to
noise ratio % 26.7, CycleGAN 1% 24.7)TH 5 L Ez LT,

Systhesis PET Systhesis PET
Real MRI Real PET (CycleGAN) (Pix2Pix)

'YX IEEXX X'
PODDPDPIOOODDD
2008800008

8e060|e08eE

® iD{D&}{J ﬁ)(“'@@{g
008B|00088

@c-ﬁ ,nr "l-f’

‘U.w W e e
1: GAN |2 L 2 BB ARDORER. EOF| XL v ARYod MRI, PET ®itg, A%0o MRI #Ei{ X
D CycleGAN, Pix2Pix #H W\ A Sz PET Wit a2 #or Uiz, EBITIME S, TEIX
ADBFEDHLDTHD.

4. &
PET {2 » /K 8% LDD ® 20 5l & 5 L 0 %, Pix2Pix |2 & 5 i % A,
PCD @ 100 {5l THEAT L7755 AD OHIBIMEREAS 5 ME 8 728 B S 407

235 3k

1. Calhoun, Vince D, and Jing Sui. 2016. “Multimodal Fusion of Brain Imaging
Data: A Key to Finding the Missing Link (S) in Complex Mental Illness.”
Biological Psychiatry: Cognitive Neuroscience and Neuroimaging 1 (3): 230-44.

2. Goodfellow, Ian |. et.al. 2014. “Generative Adversarial Networks. ” http://arxiv.
org/abs/1406. 2661.

3. Isola, Phillip, et.al. 2017. “Image-to-Image Translation with Conditional
Adversarial Networks. ” http://arxiv. org/abs/1611. 07004.

4. Zhu, Jun-Yan, et.al. 2017. “Unpaired Image-to-Image Translation Using
Cycle-Consistent Adversarial Networks. ” http://arxiv. org/abs/1703. 10593.

5. Kawaguchi, Atsushi. 2018. “Supervised Sparse Components Analysis with
Application to Brain Imaging Data. ” Neuroimaging-Structure, Function and
Mind. IntechOpen.


http://arxiv.org/abs/1406.2661
http://arxiv.org/abs/1406.2661
http://arxiv.org/abs/1611.07004
http://arxiv.org/abs/1703.10593

FHIEST — 2 ST DA B 7 7'e —F

RAEKRZIRBeRs Rl misrEx

BRI\ T, BUEBEEO BN e ™
WHEHNKIEL TR0, BOBEHEHTO—% . NAEEEY AR OB
ROME S A L 705> TN D, KRR B % 345 BRLEDY. TR
LI DOEBIRIEIE L LT, N A~—H—D ERlD

BRI STV D2, HRo A f Fv— || ERTHEHR . |
B =TI, RO~ — I — DR A ZHN /
S, A REBEOHRORFNN LB W X0, ~— I —MITEMERBRIEDN & D &\ o 7o D
ENTWD, A, Fox BT T0D, #EHD - BB T 7 1 —FC AW rif o m i, & 25
IR SN DRAMEIR DX ¥ v 7 H O 5 72O DR ERNT 5,

FAARAER

[/ 5UA FREFERT —Z 550 5 SFROFH]
FPNLT ) LU A RESEENT (GWAS) 7 —Z IZEES\W 2 9 DIER DO TN O\ TR T %, JT4E, K
PR & BT BB F S IALHHE SN TV AR, FHOBEFZHOBEY A P hENZ L bb
Y BAEOHFETIZBEE > TLEV, 72 FF—F Tlrb £ ) AEA THREILR S Tuhan,
Tex T B PEEMZDZ LIk PHIBELZ LIFD 209 - D
WO b &SP AR LTz STMGP 2 T, 5o | W7 HSEITRRR (Pcazeie

SEMR 2 WA T ST — 2 5 b TR 505417 - 72, STMGP i
iE, HEE (FIRIA X EUR) O TR T, FRIESE O b | sTver P=2.1x10"
EEELETFREF AL CTHS, #ERIE. ARO L9 I2, STMGP

Fid, AN TWARY Po=w 7 U 27 2 a7 iES0RIEIR - o 7
AETFVE (GBLUP ) Lo b, @%FE2MA5ZLicko

T W 28 L DRANCEIG F 2RO R E /6D

w5 Z LI L7z (Takahashi Y, et al. Transl Psychiatry | GBLUP. | P=096

2020), ZD—F, TRKEEIXBARICH TE 2@ S TiEe <

SRENZIE, B - B FEREMOMEENZET /MCED 5 000 002 ggé e OO
T e, MORTOERAEMAD = LTS BICPHEES 1P )
L ENHIFFEND,

[MEEF WY T —F 225D 5 DFERDTFHI]
A MIEF ONRGE T — 2 D 5 DR Z TR DU OV TRAT 2, REOHZEL D, MEF o
KD 5 5, 5 OREIR & BIET 25 b OBREEEWE ST 5, L L, [ERIORE OB RA A X130/
S A REKBIRLOE L, & 51T, R & RBVH ORI IERIE O BRI i S T
WD, WAITIEIEIE S B RE L TEREZ RIS 2 FE2 MWD 2 LT BFOFEL Y @ PHIRE
RERWINEARGENL T, £ 2T, HSIC Hat&Ez MW CIFRIBME & B 58 L TEZ BN 5 Fik



(HSIC Lasso %) THRE##WZ &N L1-%, AR—h
~_7 M=y (SVM) TR 2 HEEZ W, 2
DFETIL, BHEORIRZ L7y SVM X Lasso £ LV
HE W TS 2079 2 & 12ksh L 7= (Takahashi Y,
et al. Transl Psychiatry 2020), 41X, ZOFHIZ
o T REA 5 DIERICEET 2 6L, &
DIZTRNEE 2 BT 5 7-012, BIs 2078 E O
ZETICAND Z L 2RETL TV,

\
ARO—LT—RIZEDF R E (AUC) LPiE

HSIC Lasso + SVM - —ED—

MLR P<0.05 - —ED—
SVM P<0.05 - —D:'—
Lasso + SVM = -l]}

Lasso - [ ] I]:’—

we — [ }—

Random Forest - —EI:'- .
e — ] —

— 1+
(V27 BREEE 228 gy s Brom | = —L 1T

MLR all - . I]] .
%"%b‘&@*ﬁ?‘]‘] SVM covariates - —| I |—
%Elzlijt%?ﬁé@{zliﬁﬁbict n II:A‘E/J%{%%’X k I/Xlgﬁ%: MLR covariates - —:I:'—
(PTSD) #3 U 7= 7 AT %, FERASTEIE LTV D b pe ol e ol ok ol

LN LG0TV D, JERPBIES 5 U A7 3 [FE

SVM -

AN J

SNAUE, KERICHEOIH BN EREZEANTLZENAREL D, L L, IERBIEDT-ODY 27
TIEBRB SN TV D, ERBRI A RIS ERITIIZ L OAPEEDO Y A7 RTF 2B TND
DIz, VAZRFBOMHEAERICOWTEZNE THASICTHRLN T IR0 o7, SREFAIX, PTSD OJEdk
EEBIEXED K97, VAT RTOMAE DY E BRI Lz, M@EOICHEZAE DY ORFEIT I HA,
MABDEDO/NY = BRI/ 570, IR HEFFIE T, ZHEIBMIESRLTE720 | 3EN

BREPTSDIERFERARDURZ (PfE)
s

Iw‘". P>1 “1

| |

|

pRnRE || EETE

-
™

( ps1 P>1 )
T W
\ |P=2.2%10e-4
|
1P>1 |
\ ‘J
\\, S

SXEET (ORH

FEDHAESHET (ERELEL D) URS
DEFRE (ZELBRHIERD) FRMZHER

Reference

AAREE 2D LW oo ) LIZRIENAEL D, £ 2T, Fexld, %
— A =27 E OB E TE (MP-LAMP i£) 2 VT,
family-wise error rate A YNZFHEE L oo, WHIFHR CHHT 21T -
Too FEATORER, MEBID Y 27 [R5 Tik, PTSD OIEREBIE & A E
ZBIET D b DI o T2y, MABDEEREFT 5 &, 56 Y
(15 [RF) 23 A AT PTSDESRBAE & BN o D 2 L A5 o7,
ST, ZNHDOMAGOE 2N 2 & ERD Y 27
F L LT, #AEGDERZY AT TIIERY 1 X K& 72
LM A 5TV,  (Takahashi Y, et al. Sci Rep 2020)

1. Takahashi Y, et al. Improved metabolomic data-based prediction of depressive symptoms using nonlinear machine

learning with feature selection. Transl Psychiatry 2020; 10(1): 157.

2 . Takahashi Y, et al. Machine learning for effectively avoiding overfitting is a crucial strategy for the genetic

prediction of polygenic psychiatric phenotypes. Transl Psychiatry 2020; 10(1): 294.

3. Takahashi Y, et al. Machine learning to reveal hidden risk combinations for the trajectory of posttraumatic stress
disorder symptoms. Sci Rep 2020; 10(1): 21726.



