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ZIN—=ZAHICH D /A AfgEH LIEICDNT

KH % (FROSEYIA)
HIS B GRBBEYIH)

%-

1. IFC&HIC
77 LREE, IR, SR TR EOBRRED 1 DRI, T—2hE DAL

BOWKIILHD. TOVST@IITT — 2 DE—ORHIE, ToTtEDEAREZEMNIC
HWMABZETHD. BF_ORE, @It —23EEXERZET 500D, TN
WERE ) A RHENEDT N L THB. INSOMmN S, WH DL &R
WL TR EIICT — X OHEANCHEEZRAET 2 T LMW TE S, [ - 7kl Rz
LT EEADHDB. ZTDID, ERITT —ZOHTICIE, # UWEEER & 5 iEimD A E I
’%%. Yata and Aoshima [2]1&, @I/ MEARICISIT 5 PCADHEHZIHEL, PCAM
—H 2 & DI D DAL n O ICBIT 54 — X =& 28 &, SRwIMEARIC
BOTPCADRNERZRI I eamlic. CORMERRRT HHEL LT, Yata and
Aoshima [3]1&, EITWIMEAT — X2 M OB ANRIIZZE L, ZHUTEDNT </
A RABESHUE L RIENB Az ELR LT, —/T, Yata and Aoshima [4]1&, &
RICKRAEAR S G — R & ot T — Z IS LT, power spiked 7 )L &I S [H
AHET N ZERL, MRTT —ZICHTBH LOPCAZMEL. Rill, Aoshima
and Yata [1]1F, /A Af@EH UIEIC K BEENT MVoffEgZHWS LT, ik
ISR AEAME 2 E R LT,

AFHEH T, ASN—ANZEDO /A XmEH LEDW R Uiz, BfEz VT,
BT MVOHEEEZAIET ST T, WREDE L2025 2 58577
Fimztezm L.

BRTEENY MIVO—EHE

HOMATING d RO TH] S % b ORMEREEZ 5. FHEHID S n (> 3)HO
ART—2XT M)y, ..., ¢, ZIAEAICHIET 2. SOEEEZ N > > \(>0) &
L, WYRESATHNH = [hy, ... .hg) TE%E X = HAH”, A = diag(\y, ..., \g) &R
T5. BAISEITII S DARY MVMRE S = S Nhh, L35, 3, Yata and
Aoshima [4] 1%, power spiked ET7 /& KIENBEHEET N ZERLL, @XLT —&
m%ﬁ%%ﬂwﬁnA%m%bk.mi,&nzzﬁﬂMm@ZEQZELmﬂAhhT
EBE, =34+ 2 WO NMEERS. TOLE, ROFM2HIT &5 7%
Ay > .- > N\ & power spiked TTIVEEET B.

Ammﬂbfxhmqu@@Vwr:oﬁéﬁﬁwnﬁ%ﬁﬁﬁwmﬁﬁﬁﬁé.u)

WX, §; = )\j_ltr(E(g))/(n —1), j=1,...,k ¥, power spiked ETIL (1) DE &,
RDOEHETS.

EBE1L((4]). &j=1,...micDOVT, EBAXIEASRAFOE E, dn— oo D& ERN
N URYASN

~

A—ﬂ =1+3;+0,(1) and hlh;=(1+3;) ">+ 0,(1).
J



EH 1RO, @EYZRIERHIGEAL (CH)DE ERZ155.
1Ry — hyl|* = 2{1 — (14 6;)""*} + 0,(1). (2)

ZCT, || |[lEF2x—2Vy R/ )VL7%ZZKT. —/5C, Yataand Aoshima [3] &, &XIT
INEAR T — 2 2SR DR AIIRBIZ TG L, ZHUCHDNT /A XmESHLiE e X
BhahitmeERl, ROKS ZEAEOHERZHRE L.

tr(S) — g:l A
n—1—j

EHIT, TOMANT MUCDWT, /A XREH LRI XS HEZ2HE 2 5. #HiER
(3) ICHDNT, TOEERT MV h; % hy = (\/N)2h; THEET 3. AT,
h; ZRIELT. WE, hy = (hi, ... ha)T EBE, hy, ..., hg ZHOHED K ZWIFIZ IR
%?5{732E>a)%fikl),“.,E(d) EEB<. ‘é‘ii%315, |E(1ﬂ > Ei|ﬁ(dﬂ x5, Hii1H2 >1T
BB LICHERTIUL, YR <1, YL R > 1 biaB kW -RICEES. T

s=1""(s

EXE, h BZROESICAIS— AT B.

S\jzj\j—

(j=1,..,n—2). (3)

’,7’1 = (}/Lla"wﬁd)T'

=7z,
P {hs (sl = 1haw])
0 (Jhs|] < b))

L% ZOLE,
[[P1 = P [* = 0,(1)

52 —EEAREIOTOE LR L. RS, h; (j > 2)IcDW0TEZR—=REL, ZD
VI 72 BRI D DB RGE L 7z

BE R

[1] Aoshima, M. and Yata, K. (2017). Two-sample tests for high-dimension, strongly spiked
eigenvalue models, Statistica Sinica, in press (arXiv:1602.02491).

[2] Yata, K. and Aoshima, M. (2009). PCA consistency for non-Gaussian data in high di-
mension, low sample size context, Communications in Statistics. Theory and Methods,
Special Issue: Honoring Zacks, S. (ed. Mukhopadhyay, N.), 38, 2634-2652.

[3] Yata, K. and Aoshima, M. (2012). Effective PCA for high-dimension, low-sample-size data
with noise reduction via geometric representations, Journal of Multivariate Analysis, 105,
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[4] Yata, K. and Aoshima, M. (2013). PCA consistency for the power spiked model in high-
dimensional settings, Journal of Multivariate Analysis, 122, 334-354.



A unifying approach to the shape and change-point hypotheses
-All in one program of p-value, power and confidence region-

RETH (ARERZEEMERL Y ¥ —)
1. Fia

R ESENTIC WL, B, BB RO ARET D 2 & 0N LW 7o O I RN,
ik, SFEHEO XS RERHENA LS HESND. 20609 HLIEHSMET MIIxT 5
BRGEICOWTiE, BT (Asotonic regression)/N K< H BN TS, LILZRR D,
Z #uiE Bartholomew (1959, a, b)IZ & » TROSRCEBMIZEA I, EITZD L) Z2HKID
B % BEEZE RN D Bt B B T2V, & BICHIRA & R/ TR, FHE RO
AMOMEMET, i, STEMERIE, —MROMREET IV, S 52 2 ThLE R AAER R~ ORI
IXIREEALES . — 0, HEHEOT 7 1 —F 1% Hirotsu (1982) T AL 7= — Bl KR *F
TOMEOEREAIEIZLTEY, TOBRTOREMEZFF> TS, Zhick b L, Hif
PE, vk, S EHEGRE NS RE L, B, 2 H, 3 mARANICHK-S < BB HEtE N
REIND. D) LA TIEREE RS EH WD HIEZOWT@wmT 5. b3
AN — B L2 HIETRA 2 DT, HEE O unifying'l3Z O EWRZIAD TN D

—JF, THORRHFKITIERET NV EBERBARR S L. Thbb, Bk, Ok,
S FMAGRITZ N, B bR, An—78 A, ZdhsaET L& xtiihd % (Hirotsu
and Marumo, 2002). 5l 2 1%, BAEZCRTET V&R ITHEH Lo M TH v, Wi
T RTCOHF R LB S LS O — B IER BRI G TREIND. RfkoZ L 2n
—7ER, BHEET VOV THREND. XA RIZ, 2 OE(LAET I
%9 % efficient score REH 52 5. T7b b, HEKRFKEHFD oD R 5O CHIE
ST E IR & 20 R 2 A HIIC ) 5 FDS K, “unifying’ (TIXZ OEWK HIAD
HILTWD. JEHFIE LT, EEMLERERBAHEE CIXRIER B RREDIESH, T0
AR R ST WD, EO5E, BHFEIMEN 2 W H R BT 2 & RREC, $IE
MOAE TR R AT 2 2 IS ERERFERTHD. I, ERSMICRLT, 5
BHEN— B LT FETHRAD L 0D B TYH, AFIEIT 'unifying TH 5.

2. HZEEFTN

SEHJAT DS AR T YV U RA yi~e e—AiAiyi/yil, i=1, -, a, ZERET D, IFEAFR
HmO: Al="=Aa % ¥FEH Hm: A1<-<Aa, (2% U THRIET 2R3 ERE TR TE 2 5
nas,

max acc. t1=max t1,~ta—1, (1)
tk=tkYk=a—kakA—1/2A—Ykk, k=1, --, a—1, Yk=y1+---+yk, A=Ya/a.
—J7, THIROBEEEAET )V



Oi=logAi=0, i=1, -k,
{ Mmk:
(2)
- Oi=logAi=0+A, i=k+1, -,a.
(BT DGR
HA: A=0, for all unknown k. (3)

IZ%9° % efficient score MREH 52 5.

I 5T, BEEEAERETNV@ICA LT, K PELRTH D LT 25 Jm A
HOK+1:k+1=K+1 %, % 9 TIERWET DX HIK+k+1#K+1 12/ L TRIET % [
BUZHEERH Y, LT A3 emERiE (1) ZAHTH LS. B oE s 2
DREDOKEETHLND. ZTNHLOREEZORET, BLOMEHEBEEE 1 70/ 7 A
TIT 9 OPEEZEO all in one program’ D EW TH 5 (Hirotsu and Tsuruta, 2017). Z L
509 L, IR (3) [ZkT % pvalue 7 5H L Worsley (1986) & —# 3 528, fhOFHE
EHLWRETH D, TN O TIX, 11, thkDtk % 5 2 T2 [RIREGAEAE & 342 B3 5 Wi
(EROEFHEAT O . T OEE, th+l 5 2 TetkO RN E MBI D0, Zina e
TH, Tl T ANTHET IR ZDENE RS, e 325 Worsley 520U ’all in
one program’ (ZHED LT, 72, An—T7 B b, BT VIITRER SRRV, KiE
F—B LA TAr =72 bR, Bl RET VICIRIRNR S, K&, REMICESL<H
EITEFAREE SO THMTH 208D 212, 2 ohilELREERAMEICS ARICIEESH
L. ZOLEFT, SO, HHE—HICARRIEFZEET L5, Har RN H
v, Him b, oA EERS S REOEF CTH 5 (Hirotsu, 2017).

e PN
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ERIERICE D pEORT7 Y vEBEFHOHENMNEEE S TDBHA
HERXY & Jox,  BISE#BAKRY B (Fi

1 EC®IC
Xp,oo 0, Xp BECHNIZRT Y YA Poy(N),i =1, ,p(> 2), \C U728 S MERER L T 5, FEUE(L 2 /ALER

2BA% (normalized squared error loss)
LA =D A7 A = N)? (1.1)

BHAEL Uc e &, BTN = (A, -+, Ap) DRIKHEEREIZN LT, Clevension & Zidek (1975) I3 sUIZHE/NY

5 HEE B
\CZ _ . ©(2) , .
A; (X)—(l Z+p1>X“ 1=1,...,p,

EREUZ, 2T, Z=" X, TH5, o(2) WIFDEE. 0<¢(Z) <2(p—1) %513 OHEE RPN RAET
BEX=(X, X)) ZRETHILER U, LU, W DDD N\, BDRERETHB56, FHAITHINT 2 H#EE
BIFAESARBAREGZ 5 LI1EE 2%\, Ghosh, Hwang & Tsui(1983) H & UF Tsui (1984,1986) 1. 8& L 7=IFAD
BROID B WV FIEFHETEICHNT 2 HEEEZRE LU, UL, WX CREINHERIIEM T, dEORM
NHod, TIT, FEHRICEDI SR T Y VEPSEH DM NMEERR Z A U, & 2 IELME E 7= BUHIAE O B MEIZ#E/N
FTEEIOIRWERD Y 7 AR FEMHEET S, X512, KT Y VRSFEIZ simple tree order flfA3% 25412,  isotonic
regression T EZ WRT 5 HiEZ2RET 5, F7-. multiplicative Poisson models T D R:E-¥ D [a] e 2 [ 8E £ HY
b BT, EFERREEAOHMNMEE R ZIRET 5,

2 ERIEHRICED <H@Edh

ZOfiTik, BEINFALMERTIEFHEEADHNEH L 5, KET 1 D20EAFE UT, &#FEHEIC simple
tree order HlFIZM:D3H 254, isotonic regression #EE & 2 Mi/N g B FIFHEE R ZIRET 5,

2.1 FEEREADHEN

a;>0,i=1,---,p& U, MAEEC={(z1,...,2p)|xi > as,i=1,...,p} LZDA VI Tr—2EB%E I LT 5, a
IZHENT Bt EREDED LS ITEZ B,

~ (XZ — ai) .
M(X) = X — o(Zo) "% g, —1,....p.
(X) ©(Zc) Zerd ¢ i p

ZZT, Z¢ :Zle(Xi—ai) THH, d>0Th 5B,

HAEA C T (1.1) OBREEEDOFT. X & AMX) = (M(X),..., (X)) LD FEHEEDEZFHT 5 Z & T,
AX) B X 2WBET 50005 ME2OEDEHTE R 5,

EE 2.1 p>2&35, HEEK(11) OFTT. AX) B X 28ET B0 F05MF o) 1ZIERS BT,
0<p(-)<2(p—1), d>supyp(-)/2 TH5,

WIZ, BBk >2120 0T, WAEEGCr = {(v1,... xp)|a > ai=1,... kx; <aj,j=k+1,...,p} £T 5,
ZDEIH P —p—1HOEWVIZHEN R ECDENTNT a; ITHI/NT DL RMfCEE2EZ D, DFED, X (),
DEE,

(Xi — a;) )
S\Z(X):{ X7, @k(ZCk)ZCk_’_dk? 1_17"'7]6’
Xi, i=k+1,...p,

kFRD, TIT. Zey =0 (Xi—a;) THY, d, >0Thb, FHNEAT X & AX) L OFIHREDE%
fligadZeT, MX) B X 2WETE20D D&M 2OEDEMTEZ 5,

EE 2.2 HEEK (11) OFT. AX) B X 2WETB7200F05M1F o () 1ZIERDBEET,. 0 < () <
2(k—1), di > suppy()/2 TH S,
2.2 |EFHRETEADHE/N

p>3& U, BUME X1y =min{Xy,..., Xp} IZHINT 2 &5 miteiz

~ XZ _X(l)

)\i(X)ZXi—SO(W)W7 1=1,...,p

EEXD, TIT W =32 (Xp— X)) TH5,



I 2.3 AR (1.1) D FT. AX) B X 2WERT 272005501 o) FIERADBET, 0 < o) < 2(p—2),d >
supp(-)/2 TH 5,

Z DS FREAZERE & p AOE R R ARSI 0 AT, RESTOESREDEE TS Z LT
RENB,

3 IGAB—BFHRICHEHRED D %A D isotonic regression HEEEDHR:

Bl 3.1. X; ~ P,(\),i =0,1,...,pZf€\W, BT simple tree order HlIfI5tE. N < N\i,i=1,...,p BHD5H
A @ isotonic regression #EERIFIXD LS IZHGEZ 6N B,

Q X, fori € S°
(X) = {

At
Ax(9), fori € S,

TIT, MR ES ZEmL S ={0,1,...,k}, S ={k+1,....p} THBE L. Ax(S) = 2,cq Xi/(k+1), X; >
Ax(S),i€ S THb, p—k>20rE, MH(X) 2IRD & 5 ITHINT 5,
XZ*AX(S) . c
Am(X) = X; SDP_k(WSC)WSc—i—dp,k’ forie S
Ax(S), fori € S,
2T Wee =320 1(Xi— Ax(S)) TH 5,

T 3.1 HARK (1.1) O FT. A(X) 2 3(X) 28ET 2700 D&M o, () ZIERDEKT,d,_) >
sup pp—1()/2 TH %,

F/-, BEUZIRD & 5 BHHSEMEREZ SN GEIZBINHATE 5,
1 / 5
3/ ’ \
//// \\\\5 //// 6
1
1 / /
2 4
2

X 1 X 2

5l 3.2. LIZREIND L5112, BEUZFEED & S Al sl
A1 < A3, A3 Ay, A3 A5, A< A5

NHEZo6N5B LT 5, N\ D isotonic regression #iERH%E X/, i = 1 D ETBHE X=Xy, X=X 125720
DBFEAREIE Xy > Xiv X5 > max(X3, X3) Ch B, ZOBAE>T. (X0, Xs) % (X5, max(X, X)) (2#
INT B,

51 3.3. M 2 ITREND &K DT, BBUTTRIOD & 5 il

A< Az A3 < A5, A3< A, A< Ag, A< A, A< Mg
NEZod LU, A @ isotonic regression #ER%Z X7 i =1,...,729 5, TDLE, XF = X5, X§ =X W
> X: = Xy, DG (X5, Xe, Xr) % (X3, max(XF, X3), j;) f\%ﬁiﬁJ\Té X: = X5, X = X B0 X2 > Xy D8
Ao (X5,X6) & (X3,maX(X2,X3)) ZHEANG B, FRRIZ, (XE = X5, X§ > X6, X7 = X7) B (XE > X5, X§ =
X, X3 = X7) DEAICHHINT 52 LNTE 2,
4 multiplicative Poisson models TDREH D [ERFH# E BREA DIt

multiplicative Poisson models TORPSEEDFRIKHEEREZ 2 6 & &, Ll TRz HuiEHIc 3D <HE/hBEd
2 MEm X L HEE 2 OIETHET EANDHI/MNIBINHT 5 Z k5,
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Let ¢ be a nonnegative, strictly increasing, convex function defined on R. We discuss generalized geodesic

connecting probability density functions p(z) and ¢(z) as

po(z,m) = ¢(m¢~ (g(x)) + (1 = m)¢~  (p(x)) — rg(m)) (1)
for m of (0,1). A typical example of ¢ is given by an exponential function. Thus,

Pexp (T, T) = exp (77 logg(z) + (1 — ) logp(x) — ﬁexp(ﬂ')).

is nothing but the e-geodesic, and kexp(7) is called the cumulant function. We observe that

S| = [Qogpta) ~ lga(@)lp(a)ds,

which is the KL divergence between p and g. We find for a general ¢ that

sers®)| = [(07 0 — 07 a@))Z0@) s, sy Dylp.a)

where

e - SO0
=) = T ) dy

Hence, we call Dy(p,q) the generalized KL divergence confirming to satisfy the first axiom of a distance

function, that is,
Dy(p,q) > 0 with equality if and only if p = ¢ (2)

In summary, we the geodesic {py(z,m) : m € [0,1]} connecting density function p and ¢ as given in (1)
naturally associates with the divergence Dy(p,q). In this discussion we can consider the dual geodesic
defined by

py(e,m) = (1 = mZ(p(x)) + 7=(q(2)).
If ¢ = exp, then
Pexp (@, ™) = (1 = m)p(x) + mq(x)

which is nothing but the m-geodesic. In accordance, {pg(x,7) : 7 € [0,1]} is a generalization of e-geodesic;
{p}(x,m) : m € [0,1]} is that of m-geodesic. In this line, we observe a generalization of Pythagoras identity

associated with orthogonal e-geodesic and m-geodesic.



If we adopt a parametric mode p(z, 6) for given data {x;}?_;, then we discuss a loss function given by
I g
Lo(0) = —+ 3 6= (pla ).
i=1

and the estimator for the parameter 6 is proposed by é¢ = argming L, (6). In accordance with the formalation
we confirm the asymptotic consistency for é¢ as follows. Let p(x,6p) be the underlying density function of
the data. Then the expected loss function is given by

MWﬁ@:—/ﬁ*G”@@ﬁmM%%)

Then we observe that

L (0o, 00) — Ly (0, 60) = Dys(E~" (p(-,00)), =7 (p(-,0))),

which is nonnegative with equality if and only if 6 = ) because of (2). Hence we conclude the asymptotic
consistency of é¢ for 0 noting L, (0) is almost surely converges to IL(6, 6). The proof is essentially equivalent
to that for the asymptotic consistency of the MLE, cf. Wald (1949). In fact, if ¢ = exp, then = equals the
identity function and Ley,(6) is the negative log-likelihood function, so that é¢ is the MLE of 6.

We discuss to explore this view for the model and estimation methods in a context of generalized regression
analysis and clustering analysis, cf. Rose (1998), Notsu et al. (2016) and Omae et al. (2017). A typical
example of ¢ is considered in a class of cumulative distribution functions including exponential and Parate
distributions.
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LS HEABERA NI SR 204 XEFETIL
B ESS A P TSR0 Ak B

de =
1 B=

By ST =2 O E VDb AES, 35DV ELTETLNS [# (volume) ,
A (velocity) , Z8RME (variety) | I3#EEHRFFICZ < OFEZZ2E T TV
% (Laney, 2001) . ZOMNOHF T, 7 —F OBMOCEMEMEITH L, RERE
MAEEEEET L D RT =B H/oND 2 ENEL otz Loy, BE:
HHAZELT —ZIXEGREORIE Y, ~—F T 47 AR LY,
RO BFIZBWTHIZE SN TS (O Driscoll et al., 2012; Suk et al., 2014
E) . ZOX IR, W/ NRRH ST — 2 1B W TRET S
£ 97, H—OERNMMIZL > TT — ¥ O RIS 2 i & T3 AT
EIRAR S 5.

WE, T2 {(m,y;);i=1,... n} PBRHESNTND LT D, a i dED
PIER A BT~ bV, g 3G ERTCTH D, Z D& E, y 2B u(x;)
2L Pl - AT AMEEE 2D, £, T X T K [HORE IR E
MR EER, FEERITIZALOIBEONTRNCETHAHDET S,

DX D E T TOREYFIEIZ OV T, Desarbo and Cron (1988) I%LA
TOX S eFEET N EEANLT.

K T~ \2
1 ( (yi_ sz‘) >
Yi~ > i exp | ————5— | - (1)
kz; \/271'0']% 20;%

22T = (L), p.pk B k=1, p.>0(k=1,....K) %
BT RINVNTG A—=ZThD., ZHEFHOETLE LT, BREZF A=
E7 /L (MoE; mixture of experts) 23Z(F 5415 (Jacobs et al., 1991) . MoE
EBTUE, SRR GEE) B f (yilx;) ZIRO X D IZHRET 5.

K
f(yilei; B, ) = Zﬂk(wz‘;’)’)fk(yAmi;ﬁk)- (2)
k=1

eX T%i
ZZTCB=B B = () m(®sY) = = POy T)~ ,

_ - Ze:1 eXp(7g x;)
Te(yilxs; By,) 1337 A—=2 B, b, B EkESERICKT 5 &0 R (5%

1) BECHS.
2 BRI ZERAVEFEREH

AR TIE, —IEBIEET VE([Y|2] = g Y (u(x; 0)) IZxF L (giXV > 7 B
¥, eRY QIIRTA—FXT b)), LIFOL D REREEERET H.
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Abstract

The investigation to clarify the relationship between habitat distribution of some
species and the environmental variables is important for its conservation and and man-
agement purpose. To do this, the maximum entropy method (Maxent) or Poisson point
process (PPP) is widely employed using the presence-only data. In this paper, we pro-
pose an extension of PPP based on the quasi-linear modeling to improve the estimation
accuracy. The effect of sampling bias is also considered in our model. Some simulation

studies and real data analysis are conducted to show its practical utility.

1 Poisson point process based on quasi-linear modeling

For a study area A there are m presence locations {si,...,sn,}. The log-likelihood of Poisson

point process (PPP) based on a quasi-linear modeling is defined as

1(8.8) = Y loa(h(s)) = [ lo)is 1)

where )

A-(s) = exp [; log {mexp(78 x(s)) + (1 — m) exp(7d ' 2z(s))} (2)
and 7 is a mixing proportion; ®(s) = (1,21(s),...,7,(s))" and z(s) = (1,21(s),...,2,(s))"
denote environmental and sampling-bias variables at a location s, respectively. When the

shape parameter 7 converges to 0, then we have
hH(l) A-(s) =exp {78 x(s) + (1 — )8 z(s)}, (3)

1



which is nothing but the intensity of the original PPP. Clearly, we have the intensity of super-
posed PPP when 7 = 1(Streit, 2010) as

M(s) = mexp(B'@(s)) + (1 — 1) exp(8 ' z(s)). (4)

Moreover, we have

1
Aals) = mexp(—B z(s)) + (1 — ) exp(—8 " z(s)) ?

Th_)rgo A-(s) = exp [max{B z(s),8 z(s)}] (6)
TEI_nOO A-(s) = exp [min{B"z(s), 6" 2(s)}]. (7)

In general, the quasi-linear modeling in (2) is formulated by Kolmogorov-Nagumo average
(Eguchi & Komori, 2015). See (Omae et al., 2017) for the application to the classification
problems.

The study area A is split into n grid cells, resulting in the approximated log-likelihood
(Renner & Warton, 2013)

Lo(8,6) = 3 wil i log(hr(si:)) = Ar(s)] ®)

i=1
where {$, 11, .., S, } are the centers of the grid cells containing no presence location, y; = (i €
{1,...,m})/w; with a quadrature weight w;, and I(-) is the indicator function. The weight w;
is a grid cell area divided by the number of locations {si,...,s,} contained in the cell. If there
is no duplication of locations in each cell, w; = |A|/n, where | A] is the area of A.

Here we have

Lr(8.8) - > wals = Mels)als) =0 (9)
SEL(B.8) = 3wl als) e~ Mo} 2(s) = 0. (10)

where

5) = mexp(r8' x(s)) ' (1)
mexp(78x(s)) + (1 — 7) exp(1d " z(s))

If TBTa:(sZ-) has a large positive value, which is often the case where the impact of environ-

mental variables is strong, then ¢(s;) becomes nearly 1. On the other hand, if 78" z(s) has a
large positive value, which is often the case where the impact of bias sampling is strong, then
q(s;) becomes nearly zero. Hence we expect that ¢(s;) can adjust the balance of the impacts
of the two variables. This is an extension of the asymmetric logistic regression model (Komori
et al., 2016), where the weight function has an important role in adjusting the imbalanceness

of the sample sizes of the two populations.
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1. Introduction

In the past, data could not be efficiently collected, stored
and accessed, and calculation required tremendous amount of
human power. Especially for material science, data collection
comes from experiments that usually take a long period of
time, and consume a large amount of financial and human
resources. To design materials for a specific purpose, scientists
had to plot their research map step-by-step carefully to reduce
the probability of significant failures. This traditional approach,
which we refer as the small data approach, has led to many
successes to understand the physics of material properties at
the level of continuum models. However, the problem
becomes much harder at the molecular level due to the
exponential increase of the complexity. With the advancement
of experimental and computational technologies, it is time for
material scientists to move from the small data approach to a
big data approach. Instead of manually hypothesizing and
testing different prediction models for new material discovery,
machine learning offers a promising tool for big data analysis
to create effective empirical models. Such models can, then, be
integrated into a data-driven material design framework.

Similar successes have been seen in various fields, such as
image recognition [1,2], natural language processing [3,4],
games [5], financial trading [6], and so on. The necessary cost
for such an approach is the large amount of informative data.
Here, large and informative are very subjective concepts
depending on the targeted problem. For example, while 250
data points seem to be enough for training a machine learning
model to identify liquid crystallinity of five-ring bent-core
molecules [7], one would not expect that the same amount of
data would be enough to build a model for predicting the
thermal conductivity of any amorphous homopolymers. In
order to build more general data-driven models for material
design, we aim at constructing a bridge that bring us from the
existing small data approaches to a big data approach by better

exploitation of the existing machine learning techniques. In

this talk, we will demonstrate a specific implementation of
such an idea using the PolyInfo database [8] for searching high
thermal conductivity polymers. Our implementation aims at
providing an efficient end-to-end material design process that
incorporates Bayesian inversion, machine learning models,
and experimental design concepts.
2. Methods

Thermal conductivity of polymers has continuously
attracted many attentions for a long period of time [9-12]. Yet,
we are far from understanding the underlying mechanism
enough for general design purpose. For that, we adopt a rather
ambitious vision outlined in [13] that is to perform inverse
material design with generation of new molecules. Although
we would like to implement the idea directly using the
PolyIlnfo database [10], one of the largest databases of
polymers in the world, the data availability of thermal
conductivity appears to be significantly less than other
material properties: among the over a thousand of data points,
only less than a hundred of unique homopolymers data is
available with large variance. Given the expensive cost of
obtaining new experimental data, we propose an experimental
design schedule that integrates existing knowledge and
machine learning techniques, in order to increase the
probability of new material discovery while we are moving
toward the final goal of fully data-driven inverse design. We
achieve that by observing a correlation between the glass
transition temperature and the thermal conductivity based on
the empirical equation in [14]. As a result, we can exploit the
machine learning model using the rich data of glass transition
and melting temperature in PolyInfo using igspr, and then, we
rank the potential of each candidate by screening through the
newly generated molecules using the van Krevelen group
contribution method [15], a empirical model that is general
enough for our purpose here. We impose uncertainty
quantification for the molecules generated from iqspr as well

as the screening results in order to have a more intuitive



ranking at the end.

3. Results

In the igspr package [13], we set the target region to be
320C-800C for glass transition temperature and 430C-800C
for melting temperature. Default values are used for the
regression model along with a train data set that includes all
the homopolymers that have the glass transition temperature
values recorded. For the prior model used for generating
“homopolymer-like” molecules, we used all of the 14,424
homopolymers available in the PolyInfo database for training.
Figure 1 shows four snapshots of the generated molecules.
After that, all generated molecules are screened through the
van Krevelen group contribution method to pick out
candidates with a high probability of achieving high thermal

conductivity, as described in Section 2.
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Figure 1 Evolution of homopolymer design of high glass
transition and melting temperature using igspr. Orange dots
denote the training data in PolyInfo, and blue circles denote

generated homopolymers with radius proportional to the

prediction uncertainty.

4. Conclusion

In many scientific applications, we may have already
accumulated a relatively large data set, but not yet large
enough for direct machine learning application due to the
complexity of the problem of interest. We demonstrated a
roadmap leading us from the traditional small data approach to
the new generation big data approach. We focused on the
optimal use of resource during the process, that is to increase
the probability of new material discovery by integrating
machine learning, physical model and uncertainty
quantification techniques. We observed that the resulting
molecules from our igspr simulation exhibit similar patterns,
demonstrating the capability of a machine learning to
automatically cluster chemical structures relevant to a target
material property. However, the resulting candidates after

screening the group contribution model were not intuitive to

the polymer experts that we have consulted. A key problem
with the current approach is the lack of consideration for
synthesis ability, which is particular important when we are in
the process of creating more data. To tackle this issue, we plan
to implement a machine learning classifier to filter out
candidates without liquid crystallinity, which is an important
property for the ease of synthesis in practice. We are preparing
to experimentally test the proposed candidates in the near
future. The new results will be used for verification and
feedback into our database to help us improving our prediction
models.
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