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Abstract: Genome selection ( GS) breeding builds a genetic model based on the association between genotypes of molecular markers on
the whole genome and phenotypes of the training population, and then estimates the breeding values or predicts the phenotypes of the candidate
population with known genotypes, so as to achieve efficient and accurate selection of the population for breeding. Compared with the commonly
used molecular marker-assisted selection breeding, GS breeding does not require marker significance testing, and is particularly suitable
for quantitative traits controlled by minor polygenes. It can shorten breeding cycle and reduce breeding cost, and has become a cutting-edge
technology in the field of animal and plant breeding. However, for quantitative traits such as crop yield that are greatly affected by environment,
it is still bottleneck issue to improve the accuracy of genomic prediction. This article first analyzes the main factors that affect the efficacy of GS
in crop breeding, and then elaborates on the research progress of GS technology in crop breeding from the aspects of models with non-additive
effects, population construction schemes, multi-trait and multi-environment prediction, multi-omic prediction and the current status of breeding
chip technology. Then the article points out the issues and development prospects of the research, and provides the strategies and ideas for
further research on crop GS breeding technology.

Key words:  crop; genomic selection; genomic prediction model; breeding

Wk 9 2023-11-17

B H - FZEAPRTHRITE (2022YFD1201804 ), LA Finll IR 243 BEHEIMI H (JBGS [2021 ] 009 ), VL7548 8 G A& 15 H
( BE2022343 )

YRR - Bk, B, WL, BIEEZ, B . 2IEE AR 5 E-mail: seuwangxin@163.com

WIVES - Rk, B, Wid, Bz, 5rm  EWEEEE S 5 E-mail: cwxu@yzu.edu.cn



2 4 % ¥ A @ 48 Biotechnology Bulletin

2024,Vol.40,No.3

RS IVED & LT RABE R, Wil WERAED
TR R R G BARFFE A LA A
Wil — A . LR AR RRAR A, MR A
ST DN 5 e e o = B N ST gy L vt € S ||
RHTAERERE FEMENER, BeREK. 20
e 90 LK, PEREE LA R E S FhRici
R, MMIFHGEIEB s FhRic s Tl B a .

Hur o Fhricii ks a MR e 4@
R, R UGE B i A 800 QTL YE bk
o FLPRIEWE R TAET 2R DRI R
BRI E da] B AR A T
HECH G W 2, SR T MR, R
BAPRIF AR TINGL, BRSCREAR, SR
& (genomic selection, GS) ' Jy pEF I 35 4 5L K
YL 53 F- B IC FIRE AR () 2R R EICH e 7 AR RS, LA
TR AL AL . I GS HARTF R E R TAE,
ST X B (bRt S R AT RIS, s nT LAF]
FRIE R 20 E 0 1 28 BE AR B 22 1 o T 8 FH B 6
AL / b A R A HEA T T0N , REAS SRR AL B Fh il AR,
PREE R,

GS FARALE S W B R L L2 4 & Fhrb £ 4
BTARRIERE, JFHAMER, EEEEZOT
HRSEPAR Tz (AR T AR
B EARE 225, YEYIEY GS T4 T AN [ (4 fa) 4L,
SR RI G Z BRI RIS R, IRBEX R IR
SO A, AR SR Bt v 3 AR 1) e A
AR T, GS BARTEAEE Rt A5 T KK
. FEREEYIM 2R B R rh, s S R R A]
PLUF AL R P HEIRT, GS IR, H
BIENANC IR T ZFEY I GS BUEM 5. W
IKAEH, Xu 220N 210 4y EAL [ 58 B EA IR
1) 21 945 1y 7238 Ja A h BEALIE$E 278  bHRL A 73R
RIMSE, FEAIFIX 278 (M RHE R I Zhke Ak i
JITA AT RE 2SR SR JC MR, R BT
R 100 U8 FE 2SI A7 i L P i R 16%.
INFEHR Juliana 25 Y E R TR AN B R L
(CIMMYT ) 48 562 />t XU 25 S 1y A 7 5 s A
Frafe, e/ mInss 1. 2 F 3 BrBeariakes 1
0.56. 0.50 Fl1 0.42 FJ F- X FIRG . 22T EOK 11
ZEATRREA T, Zhang 25 4 BFSESE T, Pl

06 B Ik PR 2 39 458 2 — P 7 e U] N R R DR RRist L 2
FEPE M BBARAS st 41 £ A B Fh ok m .

VERAVEY) 3§ B R rp— U ] sl ) e ik
HR, GS ZEPRECR B AR E S, AR
RAEBITNE L | AR . ZHIRE Z T
WU 73 0 22 2 2 5000 5 12 5 D TR B T R b5
SRR A Guo % VIR ABISE T A RN R B )5
ZEXF Z A PR BT ()5, A5 SRR, Xk
AR OB, RES W R SRR A FNKS B2 . Wang
S5O MBI K E AR — RS F1 (GCA) A
THRIZRANRTITOMAI LS 5, &1 T W B 0 W 22
2& (SPDC) Bt %, RS [RINT S BT FoK Kt o
A GCA {E I 22 7% 58 P e Y ARG B T . Xu 457
1EEARPIFRZHFIRG A ay[al ), RS XOER
TUTIOMN Ze 22 A 2 B0, 0 S 4R T T SR TR T30 %) M A
Mo Yin 2 W & T I8 RS2 > B I S 50
KAML J5i%, HHFaEER. AL FMSHE
ANEARAE, TN = 48 GBLUP A DLHr )y
B, ORI ALER 2% 2 5 AE GS LN . i
) Wang 26 27 JF R T — P2 TR B2 M GS
J51%: DNNGP, HRIE L T GBLUP Hl LightGBM 45
R

P ITIE BT R GS BRI A& S B5E T Sk,
NS EAEF R IR RS AL, VR BLD BRI R ALY
RO g L BRI . AR, AL IR Z A5k (SNP)
PRICHEZRAE . FK . /N RIR G AR I B IR S
WAL M. DIREIE ZHE o i R A Dy iR
SRR 2 N . BRI SNP ARid % AR
FHEMTFEA, (AL RAART AL, W,
FA M, AR R, R B R,
h GS BRI R R AR IR AL T AR S

GS B EFItEMIE Lk, AL
M EA “HATEFMEAR” BERR. HETESNE
I E A AL 2B EY) GS B R AHE S, (H
R EEY GS BRI K Z 04 F 5255 S B B,
FO RS 22 7 T, A 45 A5 AU F5000RS 2 A 8 AR
FEDR BRI R A E L = R AL, B GSEM LA
DL R B A Y- 5 S (R, AR SC B A AR T
BT SHTVEY) GS MR BAR, i Hh T I 1 [
MR JERT S, RHESh GS My HE— 25 K Jre $ AL 5w A



2024.40 (3)

FIREE - AR SE NP T R BTFE U 3

g
1 &ERFAERFFERR

GS Wi FE, 1 e R AV AR R R AL
FERBME R, RIERHBERAG ARSI RO, i
T 1R AR A ) S R R L A v i 0 4R
AR A PRI PR R v, ARl i P AR RIE
R UL AR AR K e, DT 265 45 R 31 25 R0 E A
AR FRPRTBA TR R e, Aok, R PR
T ROV ARSI, FEARR LM S
e, A0k, AR ZFLER > (machine
learning, ML) 53 (1),

GBLUP

LASSO
Linear models and their extensions

RR

EN

BRR

BayesA

BayesB
Bayesian methods

BayesC

BayesCm

Bayesian LASSO

SVM

KRR

RKHS

KAML
MLP

ML bl DeepGS

CNN
DNNGP

RF
GBDT
XGBoost

LightGBM
BEl1 GSHEMSE
Fig.1 Classification of GS methods

11 SMRERLY R

DN 20 fe AE S MR TG L ( genomic best linear
unbiased prediction, GBLUP) R — R ) 4
PR ZH i T E A R A DR A AN R B AR Y v RO
WL RN R 6, LS

BLUP T RIECR ARG RN, 6 HF
AL A A R AR IO, A O
FERPRCAE B AL TC A T W IE T GBLUP
7 L TRNRS B AR, A ) 2 B A 2R AR
AR BLEEF . BESt, T GBLUP J5 ik L 3%
Mt A, HICHEMRIEE, FrUSeRieE,
& GS WHFE rh fi o I — B 12 AN 4% Rl 818 7 vk Y
FERCREME, WAl E IR 2 (il
ZARIRFNZ ST ) T GS 40 J& I i HE Al AL
Tz /N 248 X6 W 4 AN E R 55 7 (least absolute shrinkage
selection operator, LASSO ) U LELR AL B R 1
WINY LY IR, E A R 3 A eR S B 5
RER ALY, R R AR IC B ROV 46 0 0, 2
— P B A S Friedman 28 ) FI) FHAEER AL bR
TR R T PGECR R LASSO S, ik T RKZE
RO PR AR FEAE I R R IR, i s i —
KOLF, I (ridge regression, RR) FEZM:[HIIH
FOSER B AN T L2 IEMI S, #ER (elastic net,
EN) 7R A LD A L2 B4k, 2 LASSO #
W Bl EE A
1.2 Nt

DURHBT 2R 5 VEABRE AR BRI IR K — 7 1 Se 3
A ik BRR BE B R0 B RN AT 2
[ ) 75 22 5 BayesA W SR /0 45 S5 10 HY ROV A AN (]
f77 2% ; BayesB Hl BayesC H RCER 73 145 12 R0 Bk
WHERO, MNTHRADVEIRICHIBL, BayesB S
AR T5 2, BayesC MMEE AT AR IR Y 7 2%
BayesCr 7E BayesC [ 5EAil |, BE 0 AR ICHY 5
FeA IR ) oA i AE i . BRI A5 F BB, BRR
WA MPRCE X, X — 5 GBLUP J2E A ]
KEARCH BIHE G FFFRRCRAHML, BayesA Firfil
TSR ARICAN, 225 K. BayesB. BayesC #ll
BayesCr W B g — 2547 K T X Fh 22 5, H b BayesB
JUPAE R R AR b X bR RO A T 1B S 4 0 22 53]
X, PO R R L AR, RRiE T
DB R R e PR . &R DI R
BOPRGET . AP R A AT AR SR S O, (HE A
TR AR SR AL AARHSE T D1 - S HE SR T AR 5 V5K
PR SRCREBUR, R92brfe) ok 7 —E i 29



4 4 % ¥ A @ 48 Biotechnology Bulletin

2024,Vol.40,No.3

1.3 MEFIFE

Bl > By P & i oy GS 4t 17 B 3=
RIEWIT e — B BLAR 27 2 R A4 SR 1] L
(' support vector machine, SVM ) 200 AL A RO
=23 [a] ( reproducing kernel Hilbert space, RKHS ) (a1 ]\
#Z 1% A 5 (kernel ridge regression, KRR ) [22] g
KAML %5 '8, SVM 3 1o T 4R HE o0 o -, A
TR s AR LAk 1 43 2SRRI H . RKHS F1H i 307 %
BREGU SR, Al ad i DT HE 2T AR D5 5 5
TRA LR . KRR WUAE 4 113 /) L a1 5]
ARZLRRER, R I 2 18] H A 50 ke S 30 B v 4 ) A%
Z3 (6], DASEIRT LA R B2~

T B % > (deep learning, DL) %' J& ¥l 58 2
SR Y3, A AL 2 BROEUZ A TR
W25 RS T HA 2 S R B, TR 8 I %
HAT W s AR IR > RE 7, REAE i S X8 b 28 5%
M AR LR R . R A IR 2% ) U HE 4T
HiZ A pp oo Z s, [HI2 BNk B
A FERIZRMG, 12 GS Wh W I Z WS 2 )=
JE AL (multilayer perceptron, MLP ) Fl 45 Ffh 282
® % ( convolutional neural networks, CNN ) ’24Jo n
Montesinos-Lopez % ' §4 F Fl 7 4/ 4 K 9P A
T MLP iy BE A i RE . [RIAE 2T MLP 4544,
Montesinos-Lopez 55 D627 FH e RAR IR <7
SRR RWEARIBL IR G R AR &, Ml T 2
PERFNZ GRS 00 . CNN BRI A BB
MLP S BUE B, JEAFRTE GS W8 P 2 i 52 5
v W Ma % 8 JF & T 3T CNN B DeepGS, %
2 000 f3/NAZ LAY 8 MR BT I, BUAS 1
—E MR, AT Wang %510 B LT CNN I &
TOBTJT % DNNGP, HfE 2 Bl e P BUS 1.

£ 2% > (ensemble learning, EL) L2 T oL #y
HIFLE G Z ML T AR SE e D 55, InBEdL
PR (random forest, RF) [30]\ GBDTBI]\ XGBoost .
LightGBM " FHARE 2 OB R Bl A )7 v . RF
PRy 52 T A, ERE DR B Zhid Re
B TR B BERARE XA AT KA, BTEREAY
FRAE SRR B LRI — R AR E T 5 i,
TR 28 B TN 25 RS2 JE T FIr A DR SR A 50 SR B 2

GBDT J& — ik AQ P S p B ks, 3 oo fiff P o 3 A
R, ORWRE N Zrad B 7 A i 5% 25 S B A 2l 1| )5
XGBoost 7€ GBDT Jtfili 47 17— R ALk, A
T B R HUE S AIE NS . LightGBM J& T &
AR R BE FE R TIAL, AHXT XGBoost HA I 251
PRFIPIAE S PRSI S, Yan 25 P DS F Bk
—HRAVEIEAE, TETIRG B . BEAVR e AT
ORI R T R T EE

AR F 2R A N UL 4 s, AL ) il
FIE % B 17 b X I DR TR R 2 70 22 [ (gl e vk O R b A 7
2], AR HE SR AR A 2, MERAX AR
PIREA B AR B8O A LA T 0 i, DA ORI A
FR RSO AT TPAT o G ) 1 SR ASS TR X 35 4% R0 9 e BT
fedy, SISO RE R, BAKILS
2 ) D5 IR T T I ) — 00 B Pk K
2 EEFARFENIFHFESE

R Z2HL GS W5 7 FH A= DR 2 78 Y900 {1 5 52
BRAEL 22 1] (4R G 32 B8k R 22 B50Ay e A 78 (9% F3 000
B2, DI GS IR, 1R GS S PRInaz 3| 2
FA R s, Horas % R R dE B st e 77 .
YIGRHARR B FRARREI CR . AR ICE . Arid
QTL [AEBUNF- My ) FEE 5, JE Bt & R R A FE I 2k
FEARCR . BN LS H e 8, DL
MHE TR (£ 1),
2.1 BAERE

WF5E R, FIKS B2 5 a3z 2 B prbtR s 4% )
(S, i i, AR MR L RS
R 5 Z BB FAEBHE H R s, A LA A
flRmsstfe 1y, SR i i) e, XIFARERE GS
3. Wang % 4 JE KR P IO BFFE 45 W1, GS
TR TR A - 2 Sk AR 3 5 bR Ay s £ 9 B 4%
HRAR . HORT= SRR 00 TS B A, (R
e T o iR 2207 22, XA W% & Fh 500
GS FEARGAF AR ) it A1 25 o X FHRARIE A% 1
R, IE MY RULEREAR, SRR AR R
BREBEL

AR, PIZRREA R B R Z 0] 1 6 Rt 25
P RCR, AR, SIIgMEAs L FAH
L TERREAS IRA 45 o M TORG S, X — 2t



2024.40 (3)

FIREE - AR SE NP T R BTFE U 5

®1 FMEERAEFDUNERREMLLRE

Table 1 Factors affecting GS efficacy and corresponding optimizating strategies
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