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Abstract

In the exploration of modern precision medicine, an accurate prediction of the disease risk is crucial.
For such predictive research, high-dimensional multi-omics data provide unprecedented resources,
however, their high dimensionality and intricate internal relationships pose significant analytical chal-

lenges. We propose an adaptive Lasso penalized linear mixed model under a generalized method of
moments estimation framework (MpLMMGMM-AL) for predicting phenotypes using high-dimen-

sional multi-omics data. Our approach employs adaptive Lasso as the penalty function, utilizes ker-

nel functions in the random effects part to capture various types of predictive effects across differ-

ent omics data layers, and effectively selects predictive omic regions and their corresponding effects.
Through extensive simulations, we demonstrate that MpLMMGMM-AL can simultaneously consider a

large number of variables and effectively choose variables with predictive power from their respec-

tive omics layers. Our method is applied on a breast cancer data from the publicly available dataset

TCGA, and the performance is compared with MpLMMGMM.

Keywords

Adaptive Lasso, Penalized Linear Mixed Models, Generalized Method of Moments,
High-Dimensional Data, Risk Prediction

Copyright © 2025 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 518

RAVTI AP (5 BRI GE T £ AU — A A SR il 5 v i AR AR 1) S5 gt e A R
BT VH R B 3, BRRbk 22 14 2 4 22 0 T T B 7B I A T T, AR A 2, s d A,
L2, RMFERHYE, AR EAREIE Y. XS 4E R 2 2 41 225005 o 4T 70 700 IR &R AR
9o IRV T e A FHER B T BT BT AR A ML [1]o FEANIRI 20T 7KF X A 22 TR DR 38 HEAT B 2SS, [wiJ )
FIREA MR R MAR HEC R, RE AR TSR 1o — 0 [2]. BAAE%EZ ZH P H R T
EhE R, (EHA S GRS TA T R TR . DU 10456 5 V208 8 ) 5 R e 1 R N R 12
F BRI G AR B T . R, B 07 VR B T TR R IR, (B PR T  PR A AR
(R E BT, AEEE BN T 4T . 2 A2 A0 G PR R w4 S
KEMEFE[3], MK ER SRR AIME R R[4] [5], LA ETERA[S]. X8 R KR AR 7 HA
BRSO AR PE . DR, 38 D) 75 BT 4K — P AR08 AN i 4 22 2H 2 H0dl v BRI R, B v TIODRG FE T
TS

ZK, LR ABA(LMM) KLY & O3 AT 4 0 0 5000 o0 At o 35 B8] 2H e £ 2 e G Al T
(9BLUP) /772 LMM HESE R iR R Tk 2 — o Wl Harris 58 N5IA[6], HTHONAR =&, EX
I J T TN EAHRFAE[ 7] gBLUP (J [RI 20 55t £ 2 1 JC Ml T ) 18 18 138 A A8 R (R4 PR e vy, A7)
(R /NG A R IEZAS 70 A o gBLUP A4 T —ANBENLAN T LMM,  JHry 2 - Y i Z 85 M4 iD
T BRI R [8]. gBLUP RAGTHSBENRUS TR G — A S8, TSR RS REE
5T, (H gBLUP @R B T, SEAMERA X AR & . K A A XIS a2 R,
freqtl. W& snp MRt X, ATRLMAEA R KRR KN 4], Bk, gBLUP C&4 &3] MultiBLUP, H
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HE R R 2 A X SR (B, BT RN EUR R . B XKIE —NEEYLN TN E H R 2%
SRR . 2R ANEIR S AL (MKLMM) I8 {8 A A A A 2R AP A 25 18] o 9 A% R B T B4 R DR 2 X
S AL AR R SRS R MUItiBLUP, 3 0 V55 R84/ 35 R 20 [X 355 P (Rl E 2R 1 R0 [5]

ET LMM (75 308 0 388 4 A AR B T 5 o 4% 3 PR a8 A% RN IR AT G, il 35 AR IR 17 66 81 2H 00 11 4
B, ALK v A R B T A T LA IR 5] o R T DA F T v 4 2 A S R R A,
FEAFABU: A 4L 22 AR A BAR 9] 4RI, FEAFLE R EME S IS IL T, B TR -& B AL (LMM) (1 T e
FIRTRESZ IR . BRI, TEB AL AU A T ok A5 B e 75 mT DAY S B AL (R T R, R IN 4 es
TR A v R UER I . 76 H PR ERBOh RN L1 A8 57 el b Wt 75 B2 i (0 P ik Beah, ST A
LMM, 3R1F R R BSA f THREML) T EARM IR . | XU R(GMM)E N —FIETT LMM 77 %5
BT BR8] 78 IR AL KLY U 4 B R, Wang A Wen FER TRl E T RN T 5 A
(PLMMGMM) [ 1E Fil 2B PEVR A A RL[8] . X T 2 4 2= 504 (1 BU 4 BT, Wang A1 Wen $2H T —Fpar s
GMM fi i+ &5 LMM (MpLMMGMM) [10]. LA 75K H L1 #&5, Bl Lasso SRik#FEHiMAric, Hrh
Lasso AN R AU R A& o SR80, X F/ MR ZRE LT R ER e, ROZx K R 508 BV MR S,
Xof /N B BN R R A

N RRHX PR, BATFR T — M EA EERN Lasso & LIRS, 448 MpLMMGMM-
AL, JHT &% A H0E I . MpLMMGMM-AL ()R 5 7500 v A4 s 54, (i) o AN JE A
2 X 3 22 A% SR SRR 5 P SR (3t AR RS, DA R (i) 5 B8 22 4 22 500 2 TR R 44 R R e &R o 0%
TRMET R, RATEENNDH MpLMMGMM-AL J5ik. BEJG, BATE @ B 7T b 5 0H 7
% MpLMMGMM TGRS B2 o thAh,  FRATTHE 8 FH 2 s 4R U LR o

2. M5

MpLMMGMM-AL 8 i W 77 ZH B AZ AL RN T S vk RS 77k, ¥R T 2 4250 /A i 18 51
MRV AR, AT, AT EMR 7 LMM AN 2 2285 0 pri R, IR 7 B GMM
{5 TH I B & MY Lasso 7 52k 1t VRS A A,

21 BEXEZEFRRES

BEEATE NS n NSRS, WY InxlERmE, X, AN DG A8 & (e fik 5 i
nx Py FERE . FATREE IR 09 R 4L, ARYE AR b (i RAGE B ERE) € 30, IR O, K&K i-th
AL AR BT T AL RO IR A I R R o BRATTHRE 45 SR AR

Y:xdﬂd+ioi+g, e~N(0,531,) 1)
R ) 1 2
Y=Xdﬂd+i2m}+3,g~N(0,002In) )
i=1 jeS;

XHm ~ N(O,K}aﬁ)ﬂl S, X3 i REHRE T T A RN B A (91 D ik D) A 00 P93 s T 284 1 DA K
HE LRI A I B A 2 8] AR LA HT)

FEAZRBERREL T, BAVEHREEER R E R, JFH RSB ERERIE . JEDI 2 2 A0 2
HHE - BRATTRE 2 DR R Hctie 00 I R SR A [ 5 R B R G B 2 AN R IR E, 3 k4L 5
DhReJE Z AN REIE A B EOAH AR A o e BRATTRE DX 3 m FRAS [ 21 2 K (i PR 4L 2 M A0 i) AL
NIy, EAMBEAERND, , BRI bE, BATRREA R LIS K.
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i=1 j=1 i=1 j i=1 j"
X E R nx p R RIS BARMERERE,  y REATRN o) TR Py jth 4152 A HOAE B 1 45
HPIS: W) FoRIXI i 9 j'th AR Bl FoR X8 i 1 j th K2 ) 32 TLAEH .
ZKAUT Hai F1 Wen PIALE SR H K BLMM [11], FATIEFH BE AL TR IIX LE I 208
0 ~N(0,K} o2, ) W) ~N(O.KJ 02 )+ Bl ~N(OKT o7, 1) o b T4 ¥t ity 6 AN 20 b L0 A

7
(W0), RAIRALIRES, & X K;,j(zi,.)z( . sz [Lzljo B p, th 41 R

o) ey

B, ZERIZith A3 RO kORI jth AL R R TR TAER, RATE RS 2 4 E i ER

el

RIGIEIBUES, Kl K 24 R 7R jy b s 2R 12].

22. % GMMs it BR ENERET K ERESERE

VP22 52 J P MO AR AR J R AR AR SO A N BTN, DR, 23 v 0 468 1 K 2 DX S mT e e DA TN, AR i)
FETE R AERAR BN T . thAh, ZREUEIERE, JEAERTA ML AR 5 A0 XIS E A T RE 71[4]. BRI,
FEGI AT AN I 2057 J B GV AE I AH ELAE F T LB SO DR R s, IR S 80 Re . itk A8 &
MK TR TR (0 R e A B M B A B R (2], T AR A LMM HEZE M R i R, e L
IR T M3l B & b 5, AR Bk B R I e ABE LN . B, fERERL(3), A Hi R KT
{10 35 AT ) 3 &@JI%XJU”E’JJ@?%(EI] 7, #0), CpG AL s FIig % 748 7 (1 306 3¢ 75 22 b WL 2801 1D i 4% (D
OIJ;tO, o—wIJ =0, o-bIJ #0).

78 H AR R AR AN L A8 572 R AT AR B A S il i vk . (EIX BT, Lasso X4
A REOE AR R AE ST o SRR, XTI ZE RIS A RR R, RO K RS NIAE ST, XN RN
R A& .

R, FATHEIEMN Lasso &1/ E Lasso &5, BAR REML # 72 F Tl 112k R & 45 2 (Linear
Mixed Models, LMM) ) Z4[4] [7] [13], (HHITE AR G, FenlExt T HA RERHUART LMM,. %
S b, fE REML AU RAURA TH(MLE) T, B TR AR R, TEEH R R E BN . K, R
i Wang 1 Wen 2 H (2R URES,  FRATTEEAR 248 ) U &% (Generalized Method of Moments, GMM)
TR 2 14]. Rk, BRI H bR R BT R R

LA K, (2,)= o TR A R B U KL =Kl oKL, 0%

2

ZZT ZZK 011 ZZKWJ wii, j’ ZZKM%J O-gln

i=1 j=1 i=1 i=1 j"=1

120 D STV 3 SIS 3 SN 190 1

i=1 j"=1

(Bd 7 6'2) =arg minpd o

] (4)

ﬁﬁ?’ ( 7/R)’ Z=Y-Xyp4- Z.1E|7i » O _(O'o O_011 - O_j,R,JliO'vzv,u""’O'vzv,R,Jz,O_bz,ll’”"abz,R,Js)’
Zﬁﬂﬂzéj\ﬁ'ﬁk*ﬂxﬁlﬁ“iﬂll%iﬁlﬁ“ﬁ’]ﬂlfﬁﬁ)”ﬂﬁﬁﬁ = ( @Wy1q, a)oml,wwvlvl,---,a)W,R,JZ,a)bylvl,---,wb,R,JS)
REVERRIL, -y§], F 6 7 g KR H 7 Bt BRI B Gt ). 31 L
RSE, WRIRATA A BRI R € S HOHAT AR RS, FAVEAHN R E R E T, R HEC
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2
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i=1 j=1 i=1 j i=l j’=1

F ®)

i=1 j=1 i=1 j'

R J R J; R 3
[zz Olj 0|] ZZ w,i, j’ WI] lezwb,i,j”atii,j"]’ﬂl>o'

B Z, =Y =X By =Y Byl s BB e LR BSOS I S HU T, BAK S 1 5 2SI 5% 1 B 30
BN

N 1 1 :
(A7) = argmax,, = l0g[E| -5 27552 = 23 1] 2, > 0. ©)

EE =20 Y K o+ Y YK o+ D S K ot ot . SR REML 178
T LMM AHLE, BATi0 F bR R EE S VORI A S AL, ST LMM S e IR (KB L
REAFEELB], FRATII 7 v S0 VP A 8RR B X SR (B BEHLAE), P AT RO AT B RE AT (R X35 5500 45
A ZR B PRI S 035 L A SRR AT R 425 T LS AR 7 ) % St A 9 28§«

Y, =(Y,,Y) Y, 0, <1 BRRIGRIR, Sk SHliE W of By Y, TR L
Tﬁ?ﬁ%ij —Z. 12 j=1 0|J 0|J+Z_1z =1 WIJ W|J+Z|1z bIJGbIJ+00|n’ Y 5 22 ] LAt —

B
s, :(pr ZPO]
@ z:op z:oo
Hh s RS 73 BATREEA I GRREA B TT 22, £ 0 JIMAEA RO ZRAE A 2 1) R 0 07 22 50 .
ZICIES AT EAT A A5 REIREA 1) FAE 7T 5

~ R N R .
Yp:Xd,pﬂd+2Ei,p7/l+zp0200(Y_xdﬂd_inyi) (7)
i=1 i=1

Ho X, (X)) Epie (Lo, R)(E,) S BIZER A D235 SRR (NI Z5) B A o 19 2 PR 204K T
3. #ERIEBE

WATHAT T2 05 ERESE, LLYERE MpLMMGMM-AL (fitkRE, JEE— 0K H 5EARE TH
MpLMMGMM AT A (£ N IR BTG BT T, FRA 148 =R 2R (20 40 . SRR RIA,
SAL R N . O T AERVEAS FRATT I ik R B, ASAOUEIHE S 0 0T TR AR 1R S AL KRR AGE (191 2,
TR 26 R 5 TR P LSRR KT RS [ B 2 B (B, PR A 52 00 )5 ) X S B TR ) 3Rk ) Hh R VR IS AR A O
PEo Rk, FRATTFIA InterSIM B2 i ik IR 22 TR AV SEAL 30 . %801 DL TCGA B SLJs 1 70 3, #5%
P17 22 b B S 00) H A B R RO AE 5L [15] . BH T InterSIM 3R ASBUUE R 2504, RATRIUN T 3]
SRR N B FE A2, Consortium 25 M 1000 3 [RIZH Rl ) 4= 6 DR 41 00 5 55305 R 4R B T BT 10 B 1 R
5 (SNV) [16]. ARAEIRAEATRT 100 NMEEF ISR, FATTTE LA R AN BN R 1 VR4 HE 15 .
(https://www.ensembl.org/index.html?ref=opentrons.ghost.io) . [t J&, F AT F B L3 R 26 75 Fn HF 364k Bodis
R TR R X IR SNV, FRATHERR 7% A HAZ 78 7 (SNV) IR . ZERLIMIT 7 Hh 48 1 2 181 1)
TEAE BAEME PR (L S1).
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FATHR: SNV A1 CpG A i € AL BUHE A X 45k, I3k PR R SE DI € R A, b 25% ) SNV i T4
B E N DR R DR R BRR B TR b 0 T T R O T AL, BRATPRE AT = A X B BN SRR X ask,  TRe
RXIRBCE R . FAMERREEA Ry 500, Horb 700 REA ] TR ISR AR TR PR A . TEIRS
FERH Pearson AHIRPEAIE 7R IR ZE (RMSE) R & o X T A TIR M A0 J59%, A BETHE 1T WA R A
o TE A A T X S AR 2

3.1 HFR—: BEXIEE

MRINESERY, N2 BRI 2B 5N THAE . 8 7S ENTsem, A6 E
T A E RIS, FRIZETR e A DR R N 7 MENE] 97 4>, fERXFEFR T, JATAFEE
INPERER, B IR T -

3 3 3
Y=>Ep+>0 +> 0" +¢ (8)
i=1 i=1 i=1

TN F EARR TR KO AL HE, Foh, E. Go M 2 BIZEmSm ik, D 4120 F LB .
o) ~ N(0,KJo?1), j € G,M FERHE i rhFesns HE B4 AN R L HCHR UM o 1T/ A SR 5
B, RABCE BB RE, TN

o Tio

zk:lof+0'92
Horb, o NIERA ST IAERN kth K5 ERSY, ol NikZEH %, FERVFARE Xt Bk 15t
BRANIA . FLRHLE, XT3 r AMRIRIEFEA XS, et g skl v rh/6, Hdr=12,3 [17].
L SRS AR 5 R J DR A R R A B A BE LS, RIS B B0 thil2, JEREDN 20%~80%. FEA R
BN 500, HAIZEEARE N 350, MGEEAE AN 150, 784K D4 8 2 5256 500 k. BisfE 1A
0.6 [¥] RMSE # Pearson fHZ<tE & 1 .
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Figure 1. The impact of the number of noise regions (h = 0.6)
1. BREXEHAIFM(h = 0.6)
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TEEHZERNZST, MpLMMGMM-AL K4 EEERE T MpLMMGMM 777k, Bl ZE 7= & A3,
BATHI T IR R PR A RR S, o X e A S e, wTREA R T H S HUh v B T s A, Bl E
P DXECECR AN, BB AE ST 0.6 IR BOCHE IR LR L 1,

Table 1. As the number of noise regions increases, the opportunity to select associated regions (h = 0.6)
1 PEEREAXEHERIEM, EEXKXENI<(h=06)

X Ik BN FRIE KA e piR e AL H A
MR REPJE 551 REJE 551 R 551
10 0.9920 0.9449 0.8967 0.6894 0.2573 0.7429
25 0.9927 0.9403 0.8967 0.7043 0.2360 0.8605
50 0.9773 0.9553 0.8787 0.7483 0.2087 0.9082
75 0.9680 0.9459 0.8500 0.7728 0.2033 0.9076
100 0.9600 0.9624 0.8193 0.8045 0.1787 0.9301

1 h = 0.6 iF, MpLMMGMM-AL F¥)-F-5) R &R FIRe R 53 ) 69% A1 85%;  FRARIE ¢ I A5k PR A
R 5V AT BB 7 B S R DR R L R FE (R, {H MpLMMGMM-AL sk b 7 H TE #ff 2 35 10
LR B BRI 75 1) e

32. AR 2: KREWRE

BRI NRIIRRIAEAF 707K _E[16], B, FRATER AR D AL 1R A .
FLHE (i) R A LA B e e U R o ik, LS (i) 22 3 2H 2 5l ok XU (R S (R ok . AL 50 ARl ATLIE
PRI PP URAL | FEDIRIA R A, IR 3 MR E ARG A&

321 ZRZTHEEHEFRIFENFI
ATE LI T MpLMMGMM-AL 78 R A B 2 35 R AL S A B 19508 IR (15 0 R B o 3841
Z e T R MERAELRETI RN, HEBR T AN DGR, H6gs R

3 3 3
Y:;IiEEiyi+§of+§oiM +& (10)

WRXHR | A e st S R Tk, A4 1T R— AT L febrsm . AT R T DR 28 AL A
B, BFEARASHIRE, Wk s2.

3 2 LT RSO VAR BZ H A B AR TR (197 45 RMSE il Pearson AHG M. F& 7 Multi-omics 1]
) MpLMMGMM- AL 1 MpLMMGMM %4k, MpLMMGMM 7£ 55641225 R A 24 T Lasso. M5, Bt
A DAERR N K % . MPpLMMGMM-AL KU TEER 2 I HIEN B R 755 K2 M R A
g, MpLMMGMM 5 pLMMGMM AHXERZ[8]. #ric Ay S1~S4 (AT R T4 S1~S4, % 3 fiik T
TE IR LG5 A5 R e 38 AH O X3 W] R

Table 2. The impact of single-layer omics data on disease models

2. BRAFHIFRRIERNRN

A WIRES EZ kS sk FPIAH AL
MpLMMGMM-AL 1.03 1.03 331 1.69
S1-RMSE
MpLMMGMM 1.08 1.04 3.38 1.69
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g3k
MpLMMGMM-AL 1.40 1.48 1.39 1.47
S2-RMSE
MpLMMGMM 1.37 1.46 1.37 1.46
MpLMMGMM-AL 1.04 1.12 1.33 1.02
S3-RMSE
MpLMMGMM 1.02 1.12 1.31 1.02
MpLMMGMM-AL 1.51 2.04 2.05 2.03
S4-RMSE
MpLMMGMM 2.04 2.03 2.05 2.04
. MpLMMGMM-AL 0.951 0.952 0.0306 0.865
S1-Pearson #H e
MpLMMGMM 0.947 0.950 0.0149 0.865
. MpLMMGMM-AL 0.311 0.0326 0.340 0.0301
S2-Pearson #H e
MpLMMGMM 0.344 0.0575 0.356 0.0277
. MpLMMGMM-AL 0.521 0.432 0.0286 0.539
S3-Pearson #H <1t
MpLMMGMM 0.536 0.424 0.0300 0.559
. MpLMMGMM-AL 0.124 0.0322 0.125 0.0319
S4-Pearson HH <1t
MpLMMGMM 0.106 0.00120 0.125 0.0239

Table 3. The opportunity to select associated regions under different disease models.

3. ARERFIEE TR FEXHKXENNS

- BN RIA KA B K FA AL K ds
RS R S R 551 R
s1 0.996 0.9523 - 0.7540 - 0.9844
S2 - 0.8710 0.8807 0.7751 - 0.9647
S3 - 0.8767 - 0.7935 0.2393 0.9093
S4 - 0.8671 0.7733 0.8071 - 0.9758
S5 - 0.9942 0.042 0.9787 0.006 0.9893
S6 0.9927 0.9537 0.8973 0.7367 - 0.9528
S7 0.99 0.9549 - 0.7980 0.23 0.9041
S8 - 0.8802 0.8667 0.7915 0.2133 0.9182
S9 0.988 0.9490 0.7733 0.7367 0.1707 0.9203

M 2 HaT DA ER R, 2 A e S 41 5 on) 25 A DTk (SL),  BRATHI 5 1R S AU FH S R R IA %L
P IEAR L. A, L PR ER A s AR LR T RN N (S4), MpLMMGMM-AL it T MpLMMGMM
TEX RO, MpLMMGMM-AL - 35U R 14 43 51 A 88% 11 89%

322 ZRZZIMAFRIENF
2 P T 4H 2 A SR ph L R S 45 SRR, BATVEAE T MpLMMGMM-AL ffEgE. AT
22 M A EAEF (1,020 ) I AT (10), HEHLLE RN

3 3 3 3
Y=Y IFEy+>.0f+Y 0" +>1°07 +¢ (11)
i=1 i=1 i=1 i=1
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i HLJg 00 (K § KB 5 UL (b 2 I AR 5 A FDRORE HL o ~ N (0,KP07) , KO =KE o KM XL i f |
Rrperens, KS=28(28) [os o KM =2 (zV) /oM, 28 52" S BATRIKEL | I A R T
AR, 10 R AMEREREG WA AR, WSy 1, fExABmd, R EEEER
FIREL, S5: JA7 L BRI AL 0 Y (0 2 A FL A P A 2 SO R (1° % 0): S6: B L2 A1
BRI 2L A ST B B R (1B 20, 02 20, KO R FIERMERL THEEI): ST+ B3 A2 ALK K
S IR R (15 20, o2 20, KM A 2 PERFSTH0): S8 30 BRI 4L H 340 S i o M5
BRI (02® 20, o2 20, K&, KMEMGIERIE): S9: % MM MLl 2 Mk Sk R 7 45
P, AR R R AL MR 2 A T A (IE 20, 02920, o™ =0, KO, KM {EMMMERIE,
1020). 5 Fib2ll, I ILE S2 MR,

B 4 BT O IEAE S R SRR T T T AR S Pearson MAEHE. 4 H AN RUE R
PRST TR 4SS A (i S5 S6 A S7 HFAREEEI), MpLMMGMM-AL ft T MpLMMGMM., 448|287
FAy 2L 285 45 1[5 20 22 KO 2 2 A0 B B PR S B0 5 SLIRF (A1 SO 7o), MpLMMGMM-AL £ T 3t
ik, HEAR, EHAUE P A A AR O B PR B . XA, AR R A SRR,
S A 2L S KO B 2 3BT AT A T UMM . 9 T VPR PR RS, JRATHE— 508 T FRATTE 00
ORG-S 52 3. 7ESRTMIAI S5, S6, S7, SOth, TRATMIIETH RUE N 57%, HRPEH 01%.

Table 4. The impact of multi-omics data on disease models
4. HEFRIRERERNRI

A 7k 2 s FERH B3k
MpLMMGMM-AL 1.05 1.06 3.44 1.70
S5-RMSE
MpLMMGMM 1.06 1.08 3.36 1.70
MpLMMGMM-AL 1.42 1.49 3.56 2.01
S6-RMSE
MpLMMGMM 1.47 1.51 3.49 2.01
MpLMMGMM-AL 1.05 1.13 3.48 1.71
S7-RMSE
MpLMMGMM 1.12 1.14 3.39 1.69
MpLMMGMM-AL 1.42 1.54 1.63 1.48
S8-RMSE
MpLMMGMM 1.41 1.54 1.62 1.03
MpLMMGMM-AL 1.44 1.48 3.57 1.98
S9-RMSE
MpLMMGMM 1.49 1.50 3.51 1.98
. MpLMMGMM-AL 0.0323 0.0282 0.0325 0.0296
S5-Pearson AH 1t
MpLMMGMM 0.0323 0.0053 0.0297 0.0195
. MpLMMGMM-AL 0.916 0.906 0.0553 0.824
S6-Pearson #5514
MpLMMGMM 0.909 0.904 0.0678 0.865
. MpLMMGMM-AL 0.949 0.940 0.0188 0.861
S7-Pearson AH <1t
MpLMMGMM 0.941 0.938 0.0282 0.865
. MpLMMGMM-AL 0.519 0.325 0.253 0.443
S8-Pearson AH 514
MpLMMGMM 0.517 0.326 0.278 0.416
. MpLMMGMM-AL 0.911 0.905 0.0330 0.823
S9-Pearson A
MpLMMGMM 0.903 0.904 0.0392 0.823
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4. SCPRBEN A

FEAA T, FRATEHR BT VER ] T3k 1 TCGA (i 56 P 2 [ i) 66 81 4 50 2 ) 2L I s 0
TCGA #flt 7 KEMEE, AFEAMBRAL. ¥ IHE R, DNA HIHA. mRNA £ik, DUEkEHT
AN 55 TE s 20 i 5 R 2H $00H7 DG T5C e g BRI PG 135 8. TCGA Bl i AS [ g i 2 28 1y B e %t L AT 98 B A T
A, BTEAEIR F IR AL WA . TETRATR b, FATESE T AU AR, = SO L P 4R FR
PRI . KHALIK, MESER AR ER)RIAW W NAFET =/ LI [14], (HBF 7R I B R
Al BEHEIT 70% [18].

ARG T 333 MEA, WIEERNFEAEMMEERES . RATERT 41 MeriRiEr S5
JREEAR DGR . FEARME B LFE 50 A Tl LA, TAMEH 80% AN ER B2, FHHET-HR
20% 54 115724 Pearson #H5¢ R &R RMSE. iXANHFEE S H 200 ¥k, DABT ISR R IL. N T LR,
BATIERFH MpLMMGMM 77 4L G S 7 TSR RL o R s 77 3ok (1 FR0MIA 52 e 5 71

Table 5. The prediction accuracy of ER
7 5. ER KITUNAEE

RMSE ¥J{ Pearson #H <P 1418
MpLMMGMM-AL 0.09404 0.4078
MpLMMGMM 0.072553453 0.63809188

AR PAEINE 6 n. W LANIELS], 5 MpLMMGMM Htt, A1 7795 7E RMSE 48 F1 Pearson
FSCIAETT T B RG22 . MIAEAR BT I, 255 B E RS A BENL RN, MpLMMGMM-AL R ik #%
ATM F1 CDH1 FE R M 98%. (HAFVER AR, ATM H ) E AL 5 5 e fA 3L i XU A Ok
p fE/NT 0.0001 [19]. Banerjee “5HIffi45 i CDH1 FE R 7E T % 3L i 10 509 L2307 TR AT g AR
F, WERZGEEIE 90% [20]. AHELZ R, MpLMMGMM % $5 JX: J BA fOAERA
Table 6. Prediction of ER using both genetic and variable methods (ER?: Probability of a gene being selected for ER under
MpLMMGMM-AL; ERP: Probability of a gene being included in ER under MpLMMGMM, N/A: Not applicable)

= 6. AEEMTEHEMIT EFHIT ER FUM(ER: MpLMMGMM-AL TEE#H ER %FAMEZE; ERP: MpLMMGMM
TEFENIE ER BIBEE, N/A: )

H K LS| PRGN IR AR ER? ER®
AKT1 Included Included 0 0
ATM Included Included 0.999 0
ATRIP Included Included 0.5 0.5
BARD1 Included N/A 0 0
BLM N/A Included 0.5 0.4
BRCA1 Included Included 0 0
BRCA2 Included Included 0 0
BRIP1 Included Included 0.5 0.0025
CDH1 Included Included 0.9878 0.005
CHEK2 Included Included 0.3625 0.5
EPCAM Included N/A 0 0.5
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B3k
ERBB2 Included Included 0 0.0025
FANCC Included Included 0 0
FANCD2 Included Included 0 0
FANCM Included N/A 0.5 0.6
GEN1 Included Included 0.495 0
HOXB13 Included N/A 0.0025 0
MCPH1 Included Included 0 0
MEN1 Included Included 0.0075 0
MLH1 Included Included 0.495 0
MSH2 Included Included 0 0
MSH6 Included Included 0 0.5
MUTYH Included Included 0 0.215
NBN Included Included 0 0
NF1 Included Included 0.5 0
PALB2 Included Included 0 0.015
PMS2 Included Included 0 0
POLG Included N/A 0 0
PPM1D Included Included 0.3425 0
PTEN Included Included 0 0
RAD51B N/A Included 0 0
RAD51C Included Included 0 0
RAD51D N/A Included 0 0
RBBP8 Included Included 0.5 0.1075
RECQL Included Included 0 0.0125
RINT1 Included Included 0.3525 0
SERPINA3 Included N/A 0.5 0.6
STK11 Included Included 0.5 0
TEX15 Included N/A 0 0.5
TP53 Included Included 0.5 0.5525
XRCC2 Included Included 0 0
5. &g

FERWT T, FATHEH 7 — A HEMN Lasso I LMRAKAL S GMM it &1 T 2 418 1
BT $EHE MpLMMGMM-AL K2 21 22 Bl kil 70 9 2 AN XK, B mT DUREE & A iR e L. B
A FH 22 A BE WL RS T AS [ 7057 7K P P00 AR B ) SRAR TN M3 E AT A, e Aok Y 22 A A% o B IR 2k
PERIARZE LTI o 1207 R R S U B 700 XA 222, R GMM Al v S PRt S . K
B 3E N R A TR TN RN B AR M, DU 8 2 2H S s i TN g ) o G R SR B T B 4k
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TCGA LI Hds, FRATI S BIFRATH IV ELE TN ER 7K-F 75 TH R ILIE X T MpLMMGMM. 48T,
BAVR 7 A AR IR P 7 AR T 52 5 72

Bl & W KP ) BT, MpLMMGMM-AL K3 H — ORI #ERf F T PEEE, 1 MpLMMGMM & 5E
PERTREAN UG o T P38 RS FIRR P 1 el A 3, BATM 10 R X e s R e b, X 2T
FAEH R TS Y () OB 1 . AT, FIF HIERER, BB IRA T B AL AR . B
w, PN E AT, BT B U v AT DL R M B 2 2 A AR oS X 8k, ATTTIA 3 5
ASUASE P 95 A e 20 27 2 ARORE RS (81 B s A AR S, SAVKEALL I TR RS 755 /K F o BRIt 320 B S8 g
HY(RIIiAE Y SB), FRATTI 5 ikt R tH IE BRI G BRI RE 71, X5 MpLMMGMM #H4.

EARBRATI AR T E AP B e, (B R IR . MpLMMGMM-AL H SGEFFEL 45 3
TR EUG (B, T HEERIRA ) B4 ST R — MR TIR A B AL (LMM) RESE 2 & L. kA, FRATTHY
H b2 385 51N 8 0 35 RO, D 5 0 D AR 348 5 P 5o A8 22 TR AR B S0, 3 — 2D PR T B AR
G R AGFIER THEEL, REER T B KA E R S el . XL R RS EMAME S, B2
PAVFR T —FaH GMM A48 10 FUIE M. Lasso ZRVETRABIRY, T 2 20 S 4000 1 AR Tl 3 b o 28
IR RS T e &t  [FI AZ AN Z R T AR L, B FEEATZ AR AR . ZE T
PERETT I, EAERELAE ML LT MpLMMGMM.
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Table S1. Detailed information on genes in simulation studies

% Sl BRI P EERIFMEES

B A SNP %  CPG % £ SNP %  CPG % £ SNP#{  CPG %
ACACA 5700 1 EGFR 4736 2 PCNA 208 3
AKT1 736 1 EIF4E 1088 2 PDK1 1364 2
ASNS 460 2 EIFAEBP1 580 2 PGR 2352 1
ATM 2904 5 EIF4G1 436 1 PIK3R1 1732 2
BAD 276 3 ERBB2 824 11 PRDX1 772 2
BAK1 188 2 ERBB3 512 2 PREX1 5640 2
BAP1 136 2 ETS1 2760 2 PRKAA1 700 1
BAX 184 2 FN1 1744 2 PRKCD 856 2
BCL2 4568 13 FOXO03 2348 2 PTEN 2264 7
BCL2L1 1024 2 GAB2 4308 2 PXN 1024 2
BECN1 400 2 GAPDH 140 2 RAD50 1620 2
BID 1188 1 GSK3A 212 2 RAD51 668 2
BRAF 3988 7 HSPALA 32 3 RAF1 1872 2
BRCA2 1576 2 IRS1 1300 1 RB1 6348 19
CASP7 1228 1 ITGA2 2368 2 RPS6 92 2
CAV1 752 6 JUN 172 2 RPSB6KAL 940 2
CCND1 308 16 KDR 1188 2 RPS6KB1 972 3
CCNE1 296 1 KIT 1760 1 SERPINE1 356 2
CCNE2 336 2 LCK 688 2 SHC1 216 3
CDH1 2200 7 MAP2K1 2256 2 SMAD1 1280 2
CDH2 4604 2 MAPK1 772 2 SMAD3 3020 1
CDH3 2088 2 MAPK14 1660 2 SMAD4 888 2
CDKN1A 236 6 MAPK9 1528 1 SQSTM1 1044 3
CDKN1B 732 2 MET 2088 2 SRC 1372 2
CHEK1 868 2 MYC 148 2 STAT3 1292 2
CHEK2 1212 4 MYH11 4648 2 STAT5A 588 2
CLDN7 68 1 NFKB1 1916 2 STK11 1524 2
COL6A1 900 2 NOTCH1 1588 2 STMN1 372 3
CTNNB1 1140 2 NRAS 220 1 SYK 2632 7
DVL3 304 2 PARK7 772 2 TGM2 984 1
TP53 548 3 XBP1 84 2 VHL 376 7
TSC1 1096 2 XRCC1 948 2 YWHAE 1680 2
TSC2 1284 4 XRCC5 2200 2
TUBA1B 76 2 YWHAB 432 2
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Table S2. Simulation setup
= S2. RN E

Y L il FHA SiE 204! HEAEM
0.5
S1 1
15
0.125
S2 0.25
0.375
0.125
S3 0.25
0.375
0.0556
S4 0.1111
0.1667
0.0556
S5 0.1111
0.1667
0.5 0.125
S6 1 0.25
15 0.375
0.5 0.125
S7 1 0.25
15 0.375
0.125 0.125
S8 0.25 0.25
0.375 0.375
0.5 0.0556 0.0556 0.0556
S9 1 0.1111 0.1111 0.1111
15 0.1667 0.1667 0.1667

R AR S1. RS A R 85 R AT Trik; S2: RUAT S DR A1 e LUy 200t 45 SR ik
S3: KA FHEAL K Lot J7 sO0 85 SR TTlk: S4: KA R 2~ 550 vh A OO AR ELAE 0 85 3R A ik S5 KA
e PR 2 A0 PR B A B 2 TRV ELAE A 2 S BOBO AR S6: e s 2 2 AN DR AL B A S 3 BB KUK ;- 870 #%
SRZH 2 AN R AL O P (R T X s S8 5 AT ZH M Y A B 7 S B0 XUz s S9: J LA SRR ) 2H 24
8RN R 241 2 0l J 2 2 ) RO R ELAE G R 2R
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