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Abstract

High-dimensional data are generally heterogeneous due to heteroskedasticity or non-homogene-
ous covariates. Quantile regression and expectile regression are powerful tools for analyzing het-
erogeneous high-dimensional data, but the former is a great challenge in calculation due to the
non-smooth nature of the loss function, while the latter is unstable due to outliers. In this paper, a
class of robust asymmetric loss functions is used to study the robust expectile regression of partial
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linear additive models, the B-spline basis function is used to approximate the non-parametric part,
and the regularization method with non-convex penalty is used to realize variable screening and
parameter estimation. The advantages of this method are: (1) A more complete conditional dis-
tribution of response variables can be obtained by taking different quantile levels, so as to explore
the heterogeneity distribution of data; (2) The partial linear model structure takes into account
both linear explanatory variables and nonlinear explanatory variables, which increases the flexi-
bility of the model on the one hand, and has a certain interpretability of the model; (3) The robust
expectile regression estimation score digit regression method has higher computational efficiency
and is more robust than the expectile regression. Both numerical simulation and actual data anal-
ysis show the advantages of the proposed method in model estimation and computational effi-
ciency.
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1. 5l8

e HG ARG L MEASE AL (%) BDUL AT A 2 HIOE A (10 R 35 M 1T 5 B A g A B R A H 1) AL
[2]0 AT EHF IS B AL b 38 221 AT A A (partially linear additive models, fi#jic & PLAMS), J&
I SCAT I AES Bl AL R RE R S AL RN 22 0 Bt [l AR Y 1) HE T [3] PLAMSs () fliiH FIHERTEE 10 O/ +'%
B Fe s SR [4]-[7].

TESEBRAEFirf, e A S R I, MR AR R A BRI R R SR AR R A A E S
(quantile regression) & 13 & T S B PE 1 125, 7E PLAMs HEZE R B4 1R 2 0F 78 R 72 H » Tadao [8]F 2014
T R B PEVEAT A AR S G 43 10 43 B At vl o A E =1 U, A8 P25 ik T 9 D7 325 9145 A o8 R
Jii; Sherwood F1 Wang [9] 7~ 2016 44 il s 4530 4 Bl o Sr 5 el s, R e 2 531 76 20 (5 28 80 051 4
R e AR ) S P SRR B T A 2 T IR .

IR ALEL R VA 32 BB A0 B AT 50T, AR R e, EmdEE Rt B A E,
X FR B e /N 7 [ ) (expecttile regression) [10] P8 H B A i B 26 s 3L, 150 CR RIRSEF, =5
AT S5 BT M AR (1 o — ELEE T[RRI KU 23 b A P R R, 7 4 Rl KR A 52 B9 E[11]
[12]. Fabian [13]%5 AT 2013 E4 Hi #6402 7T 0 expectile [V 375 H4 4t {8 A9 31 36 14 55 AT Bootstrap &
fGIX 05 Zhao [141%F N T 2019 SE4& w45 7 Ze v nT i expectile [21)3, FAFFEA R Al TH 5 AR Sk 5.

SR expectile regression Lt quantile regression T4 EE R, H1 5 52 55 [ RE A E GBI Al THi5
%, A quantile regression fafg . w] I, expectile regression F1 quantile regression #5273 Hr B 5 5 14 1)
BRTT i, AHEAEAEANF GRS . Man 58 N[15]55 A 2022 44 H —FpAa g expectile (55, A Lipschitz
SR SRS ) R AU B expectile regression $d 2 BRI SF 7 I, Y BEBE TS BIE R SEL y ikl 2
HHafdis 3P4, fi#vk 1 quantile regression v1-55.58 B2 12 Il expectile regression ANEa f ) [ XA | %%
FIPRR, T A SR R 7 VEHE S 2 5 R 35 ) PLAMS.

AL I BT R GRS o P v AR g expectile [RIAEAY . A SCN B ZHEW T 2B 2 TR 5

DOI: 10.12677/aam.2025.141018 148 B B ik


https://doi.org/10.12677/aam.2025.141018
http://creativecommons.org/licenses/by/4.0/

TR

Aotk n] I fi expectile [A] 91528 (retire-PLAMS), 2 3 715/ 28717 35 0 7% 511 1y 24350 43 Ze 14 wT I expectile [1]
AR, A4 RBUERRL, 55 RTHE A, %6%;% 4.

2. BYBOEMEFTMIZE Expectile E1Y7
2.1, —RAEXTRIOIR BT Sk

Newey #1 Powell [10]%Z quantile regression [¥])5 & T 1987 “-4¢tH expectile regression. % Z e R &—
MEBARERIBENASE, [F quantile [E1JH ) 7-th quantile BLAH, Z ) 7-th expectile 7] #% 7€ X N

e :=argmin E{n,(2-u)-n,(2)}, re(01) 1)

Hrr, . (u |r -1(u<0) | — EﬂEXj‘%E’J??ﬂ; %o r=1/2 0, f e, (Z)=E(Z), AT I expectile regression

FERME RIS FRER, expectile (A4 K “expectation” 1 “quantile” 1414 . expectile regres-
sion Lt quantile regression THEALFR, EIA LN quantile regression Fadg, X E R A BUK, JCHRE A4
TH . Man %8 A\[15] T 2022 442 i Fafi expectile [A1VH, 52 SCHR[16]19 )5 & H Lipschitz 342250 & & 5™ 1)
PR e expectile regression 512K AL S T 4, ik y > 04 NPT R 22 SRR RTS8 T
ueR, 40 (u)=y%(u/y), o :Ri>[0,00) B L LU =AM

(i) £(0)=0 Hx FH A uer A |¢'(u)<min(a,lu) s (i) ¢(0)=1 H 0t {E & [u|<a, #H
("(u)za,; (i) HFHHEMUeRE | (u)-u Horfra,,a, fll a, #2 EH 5

2 BRI BOARE R BB Huber $3%: £(u) = mln{u2/2,|u|—1/2} » PLEOGHE AL Huber 5125
(18R %, 0 pseudo-Huber #i%%: £( )—M—l$ﬂf )=log(e"/2+e™/2), smoothed Huber 4 %:
£(u)=min{u*/2-|uf* /6, |ul/2-1/6} mxﬁﬁu?@ﬁWﬁﬁ@mmmm@Emﬁ%@ﬁz

L,,y(u>:|r-u(u<0)|.{u/2' <.

;/u—;/z/Z, |u|>7/.

O]

Hefr, 7e(01), y>0RAeHEER FEMRIEMRES . — SR N Th:

—(1—1);/, u<-y,

L - 0 -1 —y<u<0,
L ()= r=u<h g o<uey,
Tu, 0<u<y, 0, A,

7y, u>y.
2.2. YRR LA MERR Expectile BT
%%i&ﬁxm%@ﬁWM$},A¢xeRﬁmfﬁa’xﬁzﬁ%ﬂ?E’X—vamJ%
D IR, p, TR N BRI 7= (20,2, ) R d AR, d RFEEWHS, i=1-n. T4
BRI 7 (0,1), ASCH IR /-4 T expectile [ JAAE AL
Yi :XiTﬂo"'go(Zi)"‘gi 3
o, B, R4EHh p, FIZE[RNH R ¥R & go(zi)zgoo+2‘;ﬂgoj( )% ANEAESEE S, 9, €R S
TR E[ 0y, (2,)] =0+ & MALIBINLRA AR, e (5)=0. BBORYE B BN - T,

PRI RERS tH 4 3E x Mz )5y, BRAS 25 R 0 AT I 0, 328 70 9% 8 PR R A8 0 A1 s e A i 22 (1) B S 4B 1) 5% 3R
[177-
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G — BB R B By = (S, oy, ) AR, A2 A={]: By #01< [ < p, | RAHCR
HERER TR, Mg, =|A, AFERAH AR BTN, Rk B g, = (8.0, 4, ) » Hb
A 0, BB ETR T p, -0, M REAE, 12X =(X, X, ) 5 nxp, JEBE, 555 L PEAS BRI
HIKERE X R0 X BT g, LRI THERE, % x, REIIN 0 920, 7 <[04], Vi, j. (AHEIIGE,
SV g BT 0 R, SRR S 2 B R WSS R T (5 B0 2 TR LA S SR
EFRAEZ S g, (), BRI T L

EX L Wm NIEBE, ve(01), r=m+v. M RZh()E[0,1] £ m KR H ™ () BB v
fy Holder 26 Hi0 KR 2, BIXETAER I h() e M, , #BF7IE IEREML C 13 FaAars

h(m)(z’)—h(m)(z)‘£C|z'—z|, v0<z',z<1 (4)

BB F SIS gy, e H, o 1215, b (t)= (b (1), by o (1) REEON 1 +1 B1E
[0.1] BA k, M58 i m bR AL B FE2 R s B i . Stone [4]F01 Schumarker [18]45 Hi#59 & Fib R 5%
fF T go; (1) UL B HEZ LB B A1 4 T1(2,) = L2 (2 )’,...,ﬂ(zid)'j Wt Rt — A aR
& =(S0r b1 boa) €R™ . i D =d (k, +1+1)+1, {7 sup, H(zi)/ &—0o(z) =O(kn")ﬁfcﬁo

B B, HE RS AR, AE re(01) 2, UML) S5 Rl expectile [k A

()= ar(gminii L, (v -x8.-1(z) ¢ ©)

Bag) Nz
S X, X, A X, IOAFELEE . B, 1 oracle 1 (L0, o ) FBHOBI g,(2,) Ml

d -~ A A A\ ~ A~
Q(Zi):QO+ZQOj(Zij)’ iafz(foyffr“,é;) , Hi g eR, f;eRk"“”,
j=1

6oy () = 7(2,) -0 (2, )& G =Grn La(z,) &0 =L o TERE 6oy HRLACHISIR,
RN T AR ATRA A E[ g, (2)]=0 -

3. WIEMETI S I AL MERT N Expectile Y352 ¥5%

X SEBR A BEAT 3TN, B E A RO p, R R I LA g, AR EEN, EHRRE
Je I A5 T O i R AR R R B T MR AL Lasso [19] B T HOR L R EUE T SR AT 2R
W BT I A5 S X, ELAS AT 220 2 o 1 0K ) 2R 0T 5 UM - 22 AR R 0 DA B 50T o 5 2
WL — SRR 2. AHELZ T, iR A 1 AR B ST AT AR U Lasso 9190, {5t SCAD f&
$i[20].

KA1 IETREP, (4> 0)SHMER t 20 AFRIENXP, () =2%p, (t/2) , HAEE p, R, >R, 2
(i) P, () AE[0,00) LAERERIBREH. p,(0)=0: (ii) py(-) 7E (0,00) EJLTAbAb RIS H lim,, p, (t) =15 (iii)
>t >0H py(t)<pg(ty)-

SCAD & i A H— i S 8 Rk 50«

P,(0)=260-1(0< A)+WI(A <f<al)+ (a+1)2 1(6>al) (6)
P/ (0)= 4{1(9 <)+ ((?__1')93{ 1(6> ;t)} )
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Hrha>22REZH, 6>0. TRWARDLEN N EAERE expectile [AIH Al THE R E UL &AL R
IR

(Bef) =argmin

1
(Bg N

n ' p
ZLW(yi -xp-T1(z,) §)+ZZP‘ (|ﬂj|) (8)
i=1l j=

FE B R A (8) 2 Al P T A7 AE T BN RAE I 1, T A SCSR A Zou AT L [20]4 H K e e
foligk, AFUGEAMIE SRR t IS RS R . 10 P () AETT R B, O RIERIIS
E#H4 0, S(ab)=(a=b), —(-a-b) RKIMERL, ofKF1MIEL, VR -1 B AL R,
55t UOBAR G S BY) ph R L MRS A A TG M AR e ) SR SR

( ﬂ(t) ,31(1*1)

5("1)) =arg minlzn: L., (yi -x'g-1(z)" 5("1))+Zp: Pl’(
s Nig 7 =2

)5 ©)

sk By (| g0 )t s e P (1) 2 | 61| ab i skt

KRICIE WP EE, BRI 2 e B T IES T A MR EE , PRGN
PERE B, RERFETSH y . HPAESHE G BB R MR A8 b T 1% (GDBB) [22], i 1% 1]
TR 26 32 A Fan 25 A4 Y Local Adaptive Majorize-Minimization 5.9 (LAMM) [23]. B AR 4
W 1~3 Fios.

Table 1. Two-step algorithm
=1 mSEE

L1 PP S

Step 1. Input »© = /n/log(np) , &, &, B*=0, t=0
Step 2. SERALSHER M REE , BRWENEME R B
@) FESEIS: BT t-LREBERLE Y, it DR SRR A E) gV

£V —arg minizn: L[y(yi —x' g -11(z,) 5)
gerPn N

(b) Loy

mnm%namm%ﬁﬁﬁﬁw:Uyamﬁyﬁw%%tﬁ%ﬁmﬁmW$ﬂ)

(b.2) 4E@)AITHELE S EY N R AL 1R SR AR g
O1£0) Z arqmin LS e T 0\ v pr(]g 0D
(87]¢")=argmin- >'L (v -xp-11(z) ft)+§a(|ﬂ,f 1]
Step 3. 40 £V A1 gY A N R S LRt e, 7O, mad(f(t))ﬂly(‘)

O — Y. — XiTﬂ(H) —H(Zi )T 5(1*1)’ iV = (1_ T)ri(t)l

(t)
t)<O+Tri I

r—( )>0

o

mad (r”(‘) ) = {cI)’1 (0.75)}71 median (

(O #® n
¥ =mad|(r" ) f
( ) log(np)

step 4. Wtk g0 - p V<. 1(z) €0 ~1(z) €
step 2 41T 4K

) —median(F(‘>)

<g,, Mast p=pY, E=£9, HNLt=t+1, KH
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Table 2. Step (a) of Algorithm 1
=2 BEIEMa DR

#y% 1.1 Gradient Descent with Barzilai-Borwein Step Size (GDBB)

Step 1. Input &, O<g, <1, k=0

13 -
R e niay 4]
Nz
08,
return & =&Y else Step3

Step 2. d, = -if ||d, | < &, . then stop,

T T
SeaSka Skl

T T
Sk—lhk—l hk—lhk—l

Step3. I o, = min{ } ,where s, , =& &, h,=d —d,,

Step4. &, =& —ad,
Step 5. k=k+1,, [[%]step2

Table 3. Step (b.2) of Algorithm 1
F=3 BEELERND2 BER

#y% 1.2 Local Adaptive Majorize-Minimization (LAMM)

Step 1. Input B =BV 0<g, <1 k=14, 6" ", o
Step 2. HF 55 k~L USRI B (B0, U)o B K B ACHIR I LT
W(k) :(p}“'( ﬂl(k—l)‘), Pﬂ/(ﬂz(k—l)‘)‘“.' P/{( ﬂp(k,l)‘))-r :(Wik)’...’w(jk))-r

Step 3. Initialize: ) « max{¢0,gfl¢<k—1)}

repeat: If F(ﬂ“),w(k))z‘Pw(W (,B(");,b’(k’”) ,then ¢ « op™®

until F (ﬂ(k)’w(k)) < lijw(k),,pk (ﬂ(k);ﬂ(k_l)) ; return ﬁ}k) <Tw
_ . p ~
() Sl |

r(ﬂw-n)zi

o (47 and 4% Where

Lr,y (yi - XiTﬂ(k_l) _H(Zi )T f(l)) '

vr(5) wio
(k) = (k1)) _ (k-1) !
ﬂj =Tw(k)y¢4k) (ﬂj )_S[ﬂj —T,ﬁ

W (BB =r(80) e (vr(84 ) g )+ g g -]

Step 4. If H,B(k) —ﬂ(“)H <g, then Y =pY otherwise k=k+1, X[ step 2 4k&LHETIEL

n
i=1

>

4. BUEARHL

A RIS T 3oy 2e T infadd expectile [B1)7(retire-PLAMS) ZE AN 18 §1] (KR 4EAS TR A5 48 551 (K s i
AR RN R L RS, 45305 L P P IIREZE ik retire SRR VEELES: (i) huber; (if) Ak
R/ 7 [E1 U (sales)s (i) quantile [FIVA(qr). #2471 100 YRBEAUELRL, KA BAHEMIR ELER AN 7k

1) MSE: {8, 477 102, B vl 4 St | B - ﬂo”z (I
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D AE: B, MR, BB LI 30|, — gt
-1

3) AADE: HL& IS M0 T %400 B 25, B bt ah Bt n*lim ()~ 0, (z,) I E.
4TV ~am;-;mEljﬂ%iﬂ%ﬂﬁﬁ&yﬂtzaa@é%ﬁ@ﬁaﬁg%ﬁ@m&;u:a@i@fao
B) FV: 1 ORI Hh R M 1 2 2 P AR A0 B U PR S8
4.1 NEESIRREERR
SRR IOR 112 T I A 0 Ny (0, Z) B9 X = (X Xy )+ B S=(0y,)

Zl:(D(XlO)’ ZZZ(D(XH)’ Q()%$37&E§ﬁﬁ%ﬁﬁ@ﬁ, X|=X~|y |=1,"',9’ ”ﬁ@’}ﬁ%ﬁﬁuﬁl\#
[l VAR 2 R

"
, oy =050 ik

\

Y, = X[, +sin(2nZ,,) + Z;, +(0.5|X |+ 0.5){& —e. (5 )} (10)

b B, :(ﬂl,---,ﬂm)' = (2,1.6,1.3,1,0.7,0.4, 0.1,-0,1,-0.4, —0.7)' s BONBEE, &I PIREE, —&KHEIE
AHAIN(0,2), AR AH B 2.1 1 t 40415, AR n 43 200 A1 400 FIFIETE, 7 /KP4 0.5 Fil
0.8 PG L «

F 4 RIF 5 SEBIER T HERLERA K N (0,2) At(2.1) MIEAL(13)7E £ = {0.5,0.8) I PUFH AR A 7 A4
BRI, WTLLE MBEREAREEN, Fratfd i SOREE Prifutt, 554t r = 0.5 I retire 5 huber it
SERME, BOY =05 “F NE—MEA, 5 n] WREHLEE 5ok 5 IR AT, retire A THRZE 2T
AT A RN 6 4 BoRBENLRZE R H t 204, retire A4 1H2ZE EE huber 1 sales /s, b quantile
Pl TR, JEEAE T quantile 38 3 5 BN 2 SAa g i), {H/2 quantile THELIE L retire 18. ST &
2, BUEBANIGAE retire-PLAMSs ZEHA R 1 (1 [RI N A THE SR L
Table 4. Comparison of the fitting performance of the four methods for model (13) with random noise fromt(2.1) at z levels

of 0.5and 0.8
5% 4. MFhEERENUIZE R A 1(2.1)RIHERI(13)7E r 7K F 9 0.5 1 0.8 RO A FRINEL LR

n =200 p=10 n =400 p=10
T method AE MSE AADE AE MSE AADE
retire 1.413 0.310 0.303 0.974 0.152 0.205
huber 1.413 0.310 0.303 0.974 0.152 0.205
o sales 1.784 0.545 0.469 1.437 0.488 0.337
qr 0.974 0.150 0.270 0.618 0.061 0.192
retire 1.584 0.402 0.390 1.080 0.192 0.260
huber 1.431 0.320 0.841 1.002 0.160 0.820
o sales 2.309 1.072 0.623 1.957 1.384 0.485
qr 1.343 0.290 0.403 0.889 0.130 0.275
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Table 5. Comparison of the fitting performance of the four methods for model (13) with random noise from N(0,2) at 7
levels of 0.5 and 0.8
= 5. W75 AEREEA KRB N(0,2)RIHEEL (13)7E - /KT8 0.5 #1 0.8 HIBIERIVLLER

n =200 p=10 n =400 p=10
T method AE MSE AADE AE MSE AADE
retire 1.007 0.163 0.265 0.725 0.082 0.184
huber 1.007 0.163 0.265 0.725 0.082 0.184
o sales 1.010 0.163 0.272 0.726 0.082 0.189
qr 1.066 0.181 0.283 0.737 0.087 0.197
retire 1.088 0.187 0.327 0.822 0.103 0.260
huber 1.035 0.172 0.612 0.728 0.083 0.608
o sales 1.073 0.182 0.280 0.805 0.099 0.193
qr 1.348 0.287 0.359 0.870 0.117 0.283

4.2, HESIHHHRER
EEEE%E Np+2 (Op+2’2) E,(J )Z :(Xl’”" Xp+2)’ ’ ;H‘:EP z :(ij )(p+2)><(p+2)

Z,=®(Xy,)» O(-) RAREES A ATREL T 1=1,9, X, =X s F1=13,p+2, X, =X, «
Wi S A8 B Y, A LA [l YA R A il
Y, = X{B, +sin(2nZ,, )+ Z}, +(0.5Xs| +0.5){& —e, ()} 11

oy =051, ik Z =0 (X,,),

Hr g, :(ﬂl,...’ﬁm,Opfs)’ =(21.6,1.31,0.7,04,0.1,-0,1, —0.4,—0.7,0;78)' & WP PRME T, — Rk EIES
GrAN(0,2), —URREE BB 2.0 [t 43045, FEAR N =400, p=300,500 FFI{ETE, /K905
0.8 WAL, # 6 fiess 14l SCAD fE 1111 retire 5577 Lasso 41 (1 73 4h =7 ik 4 & 45 AR ELEL,
AU retire-SCAD (IS HUGTHR Z RN, TP RK, FP i/, 2Bk 800,

Table 6. Comparison of the fitting performance of the four methods for model (14) with random noise fromt(2.1) at z levels

of 0.5and 0.8
%< 6. WOFh EERENIIRAE RS t(2.1)AHRE(14)7E - 7K 0.5 1 0.8 BIHL & FRIELER

n=400 p=2300 n=400 p=500

T method MSE AADE TP FP MSE AADE TP FP
retire-SCAD 0.107 0.693 1 0.015 0.132 0.7123 1 0.010
roer-L1 0.443 0.400 1 0.095 0.510 0.439 1 0.056
05 huber-L1 0.443 0.400 1 0.095 0.510 0.439 1 0.056
sales-L1 0.991 0519 0995  0.093 1.092 0546 0993 0577
qr-L1 0.006 0.018 1 0.017 0.072 0.019 1 0.129
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gk
retire-SCAD 0.157 0.656 1 0.010 0.161 0.607 1 0.007
roer-L1 0.609 0.463 1 0.099 0.621 0.461 1 0.062
0.8 huber-L1 0.471 0.560 1 0.095 0.497 0.497 1 0.057
salse-L1 1.002 0.615 0.994 0.091 1.207 0.780 0.996 0.072
gr-L1 0.263 0.021 1 0.169 0.257 0.019 1 0.135

4.3. EHEXTEE

B I I o B DL S R TR 7 1 retire-L1 5 qr-L1 M ECAE TR EILA . RIS RIES

) adaHuber 1 rqPen PN, FREEIENSE0 A B A X EGTEIE R, retire ARME S 2Ly WiHE 1 Fros B2
i G N . 100 POREAUL R ECHE B (15) 4 ks

Y, = X{B, +sin(2nZ,)+Z}, + ¢ 12)

H X, z,MZ,[ 42 THRE, ¢RAEHBAEN21Mt 9, =05, HAEEN=p/2, BEL
mEHH p= {100, 200,300,400,500} o

PSRN 7 fos, IBATI R SRR D, BESE n A p (0BG INAS TR Z AR D . BARTE t,, BIBE
HLEEF R qr-L1 L retire-L1 Ffa g, (HTHEBCREA I retire-L1 P, HF51052 p IRAKHIEHE, 4 p =500 K,
qr-L1 S [E] 2 retire-L1 9 16 £i%.

Table 7. Comparison of time and estimation results between retire-L1 and qr-L1 at =0.5
%% 7. Retire-L1 5 gr-L1 7£ 7 = 0.5 BUBFE) RN T4 RytEE

p =100, p =200, p =300, p =400, p =500,
n=>50 n =100 n=150 n =200 n=250
gr-L1-time/gr-L1-time 1 1 1 1 1
gr-L1-AADE/qr-L1-AADE 1 1 1 1 1
qr-L1-MSE/gr-L1-MSE 1 1 1 1 1
retire-L1-time/qr-L1-time 0.176 0.121 0.092 0.065 0.060
retire-L1-AADE/qr-L1-AADE 1.496 1.351 1.240545 1.261 1.081
retire-L1-MSE/qr-L1-MSE 1.139 1.207 1.340393 1.406 1.432

5. SCUERASR

SCHR[24148 H g HEY 5 . FLME S RE 2 AP E B R, — SR E 0 7R I iR
RV RETE BRI RE S EURE R 28, FR 21 g E D 2R BRSNS 708 RO X B R S
FA5r T Nierenberg 55 A [25]USEEMIMLIE B EARY b 27K T4 B2 F g N o 2R e T A 2, 4R M 2%
BE MR EA NEHEZ M FI 5 5, EREER MR R E RN R &, i N A5 & Y 2 L ng/ml
RIS B AR MK, dr %N BETAPLASMA, &40 B 1 B L3 8, {3 FH LA 5 2 £ 1 Jop e A 784
HEAT AR
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Y =u+ BSEX + 8,SMOK1+ B,SMOK2+ 8,BMI + BVITL+ B VIT2+ B,CAL + B,FAT

+ B,ALCOHOL + f3,,BETADIET + 7, (AGE) + 17, (CHOL ) + 1, (FIBER ) + 0

=u+B"X +23:nl(zj)+ag
=1

Table 8. Explanation of the variables for the Plasma S Carotene Levels dataset

(16)

8. M3 pHHE MRAFHRIEETENBERFA
R4 P
SEX 1= 5, 0= %
SMOK1 1= VARIWRAE, 0= JAik
SMOK2 1= BUEMIH, 0= Al
BMI SR AR AL
VITL 1= WM RgELER, 0= Hit
VIT2 1= /R YA R, 0= Hifh
CAL BERIHAEA i BLAL
AGE R
FAT BERIH BRI R I vt 4
ALCOHOL B AR BIRS VORHEICR:
BETADIET JE T B-I1% b AR (M K)
CHOL B H BN HIREE B (£ 50/K)
FIBER B H NI 4L 2 (5 R)
BETAPLASMA M3 B-THE R EEIZTT)

TEEAEHTH Min-Max PRl BrAs s 2 A0ANE o] g i s &2, AGE. CHOL A FIBER JAAEZ
PRy, HARMERAS BN LRI R 4) . FH Y SCAD &1 [1iFafiE expectile [FIAFFIER M AL g HHE MR & &
(E A, WIS g S N ERIEANIA expectile KT 7 ={0.2,0.5,0.9} I 404, [EIHZER WK 9. W
AR B =ANAE 2 AP RENE R 8CF 257, BB e R Y, TR E LR H BMIL 5% M EAE.
WO HEfh BRI RIS g HEY PR R S E
ZINERORIEANR g IS PR ERAL, REIPIEIEEIIRIE L.

B
L5

Table 9. Regression coefficients of important variables at three different 7 levels

F9. A=NTFR r K FTHEZZENEIAZRY

W R AN RT3 . BETTHE A EEA BMI G AU

T BMI BETADIET SMOK1 SMOK2 VIT1 VIT2 SEX
0.2 -143 84 -9 -39 0 -30 -29
0.5 -187 135 0 42 23 -39 -23
0.8 -222 140 -11 -59 33 -38 -31
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AAE PLAMs HESL N 58 kR fe expectile [FUF#5 Y, HUEBAISLUERF 7T 278 1%3% 5 quantile

regression — £ REXE L AN [F] ¥ 7 7K~k o3 #5df = Bt {HLEE quantile regression FTHR ARy, TG
AN quantile regression [RI4f E A R4 ik
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