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Abstract To comprehensively elucidate the current status and application potential of genomic selection (GS)
in crop genetic improvement and breeding, a total of 253 publications from Web of Science and CNKI were
retrieved by using “genomic selection”, “crop breeding”, “deep learning” and “statistical models” as keywords.
This study systematically summarized research progress in theoretical foundations, methodological evolution,
model optimization, application cases, and outstanding challenges of GS, and focused on how specific
strategies, such as multi-omics integration and neural-network-based approaches, can improve the predictive

accuracy of GS-assisted breeding. The results indicate that: GS has expanded from conventional phenotype-
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based selection theory to modern breeding practices that integrate high-throughput genomic data. Meanwhile,

GS models have evolved from early linear statistical approaches centered on best linear unbiased prediction to

Bayesian models, regularization methods, multi-trait prediction, genotype-by-environment (GXE) modeling

frameworks, and machine-learning and deep-learning models, which have shown marked advantages for

predicting complex traits. In addition, major crops such as soybean have become representative systems for

applying GS in breeding, encompassing model training, optimizing of training populations, and modeling of

GXE interaction. In the future, breakthroughs in GS will depend on multi-omics data integration, robust modeling

of environment-genotype interactions, interpretable algorithms, multimodal deep-learning frameworks, and the

construction of large-scale training datasets tailored to practical breeding programs. Overall, GS is becoming

the key technological pillar of next-generation intelligent breeding systems and providing an important leverage

point for achieving genetic gain and sustainable crop improvement under constraints of limited arable land and

ongoing climate challenges.
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Fig. 1 Statistical methods in genomic selection (GS)
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() 46 B2 2 Bk 35 T A B K S 3 A% b 0 AR
B3 R A 2 A ST TR SRR IR T 4
R AR R T TN A . AR R Y A R P
Wil A1 36 TS o0 SRR AR T A 2 A B PR
AR AR R B R bR AR AR ik Ak B —
JBEH T 43 4% SNP X 8 00 235 38 4 5 ik .
4.2.2 HEF I H(gradient boosting machine)

GBM [Al 5L T P SR, {H 2R FH 2k 48 0 = b g
R g — D R R BT — B 5k 25 . BT A
Oy SR BT A Fe AL 9 SNP, DL e KAk 715 s 4l
JE LT DLE BRI RS A . AR GBM Y T 0 o A B
T RE YRt 8K, BN LRI
H TR — M, Yan 45O & T LightGBM, i%
A LA W R B I B R N A RO 3 A K AR
ZEF LB . LightGBM R 48 2 7t S b
AW, AT B Ak U E B SNP, [ B 4 it
SNP & Z M4 B T2, R KRBEAR T H 4 B A
EA W55 & M, LightGBM 78 F fE #f 2R B 70 A
PR RROR T gk
4.2.3 Htbiik

SVM H1 RKHS 3 2% H #% 3% 75 (kernel trick) , 18
i 7 v 4 s A R AT R ks S A AR R e AR
SVM A5 2 I 3 e S5 1 2 45 [, i S 308 1 A% o B e
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PN A - e DR A e R ORAE AR & R b B4 BT 5 7

Ji U 25 18] A TSR0 A FRUOR 4 A 2 2 Bl 4Pk st AL
B, RKHS AT i o e 48 A% R R 4 32 R0 | 2 4 4L
o7 I o7 P A g B 3 AL AE T . R4 RKHS S Bt
AL Ay BT g AL 8 24 > O ik AH FLAE GS iR AE 42
] A B 4R o S AR AR .
4.3 £ % 3] (ensemble learning)

AR 2] R I 2 A 2 o S R R 42 T T
W HER 0 s, ] 5 I soe B s Al
o Bl A A 38 5 26 0 1 D 2 5090, re 8 A AU &
Z A RERLBAE B, DT 1 5 X a5t 4L A8 S R AL 2 ]
KR GE T o B WL > FE GS v i i iy H 4
D) Z MR B 45 A 413 SVM L RF 45 4%
) FH AR D 22 B 1 T U T AR5 20 R AR
A B AT VR Chn SNP KRR 223550 19 AR ic M5 A
fil Ay, 2RI 4 TR 354G B Y 3D B E s A ab B
K 1S [ o 70 0 B85 45 2 ) i | 8 v A5 0 5 A -
b2 R (TR AN = R T By R T
Bagging (£ 43) , W B ML AR, 38 1 X 5 4R B0 2 1k
FAEH T Z AR IFBOP B E (mean) 5% 5245
s Boosting($2F1) , 41 GBM , B A48 B BUh F &
1E BT — S 7R 8 0 3R 2% 5 HE B (stacking) , Bl H £
A TGS AL B 00 AR S A PRI 2R — A oo AR A
A7 2T o 3 4 5 32 sk AN ]y 2 I o ) 52
25, B v A AU ME B PE AR 2 L R GS i
THE

-FN o

5 REFIEEFRHEEFEFHNEA

R

R B 2% 2] (deep learning, DIDE R HLAR 2% 2 1)
— AN 3, 38 T MR R T W A AT 55
AR 2 3l 1o 22 2 28 45 Sk B 2 $i B A B0
A RRIESS B o 7E DL &AL h | 24 RG22 2
WE BZETZMMAEI0. BA TR 38 S
PR BSONT FIT — J2 i AT AR S PR 3, e 48 AL
R R . GS R B TR FE 2% 2] 2549 40 45 i
T 22 W 28 (feedforward neural network, FNN) | {/§
P 25 [ 4% (recurrent neural network , RNN) H1 5 2
1 25 M 2% (convolutional neural network, CNN) . X
HENNAE B s, J2 W 2 B0 B A S G .
CNIN H 2 BURAR K i A 971 v OC Bt X3 45 i
T HK BB AL BUR A RRIE . GSBUiE 2 o — 4
S5, TR H R — 4B BL(ID CNND . JE AR A
RIRR 2 0.1, — 1433878 &, 0 S5 247 one-

hot & fith b B i A 455

Gianola %7 4% DU mt fir 1E W) 4k #h & W 2%
(bayesian regularized neural network, BRNN) H F #iil
M/NZE F= & IF 5 Bayesian 14 [m] 34 % By, 70000 o
TR T 11%~18%. Pérez-Rodriguez 27 % He
TR Z M2 M4 RKHS J7 %5 #ll Bayes A/B LR 7
12 A PR 58 v 10000 45 400 7= ek il R0, A el 2 ) 2%
AR TE T AT RS R SR (SR A 150 B g O F e AR
W Gonzalez-Camacho 25583 T F 2K 55 000 MRic
W % B, RKHS F1 R 2 #2845 {1 T Bayesian
LASSO, 7Effi# By mR MR, Bs oo
JTIZ R R 2 e A 4 N 4% (F 1~2 4> Ui 2O iF
AFT0M  FE P S/ N2 RN B K B Hl £ i A5 vh , MRS pah
2t M 4% (probabilistic neural network, PNN) 4 I
ML P RHY AT E— 25 $i v 23 ) 7= o S00IDAG 2

2018 4F , Ma 55" i Y CNN B H T GS, 42
DEEPGS #i# , %z 8 8 45 & % B2 it 1k 2 F
Dropout £ AR , % [ 1 I B bR 10 % 2 B 14 B2 AL
R T RLE AR T A A 6 A MR A TR0 AR AR
RR-BLUP % 2%~7%. 5 RR-BLUP,GBLUP fI
3 A MLP 5 8 He 4, CNN H I 4 R 5 98 A O 3R 4K
(R*) 2 0.742, H Al 53 5 & 0.737.0.731,0.409,
0.363.0.428, MtJ5 , CNN7E GS 4k )iz 1 H -
Jubair 450K 4 Bl CNN B F #0064~/ 2 1
AR, R IR AR L AR B R 5 20 %6 ~30% .

Liu 20 42 1 308 38 CNN 320, B A5 20 5
Wk 247 B9 ONN 43 3¢, fi i sl G i A 4 3%
B 45 HEAT T o % A5 R T N B 25 o B BB 7
K BCHE 4R b w0 g R F DeepGS. MLP,
RRBLUP ,Bayes A ,Bayesian Lasso & J5 ¥ . & &
PES BT o, A AL T N 56 1 5 H bR IR 5 A G
() S B SNP v s o 56 VR B Bl 28 I 46 ] 400 Ak firk
J7 1, AT I A5 R o 0 5L A 2 S B
T2, R A S5 R I U O k5 3 R - R G R R Y 4R
HE 7B AEZE . Bk SNP {5 B Ah WA BF 5T 1l 1 #%
S SR 1 ALME BAE R ALY . R DNNGP 5
T 7 S A1 K0P T T R IR I, A BT A TR
o b wom WE 6 R A &, B & GBLUP,
LightGBM .SVR .DeepGS A DLGWAS % J7 i .

6 ERAXEFEFMTEENMESNHA

MR, T AL GG R iR R T HLAS
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IR 2y ik B GS TR R dt e T
BEOh B  FEAE R R R R AR R o AR T AE L PR E
Fofr Ry FH o, AS T) 28 R 1) 5000 AR A X A TR T
B 56 7 A B 3 R, AS R AR A A S R 37 5 rp i R B
IRAEAE 22 5200 0 I, A — R Ak L A B ik 1 2 die
b BRSO 5O T B S 43 AT 1 o 4
W, B B E R TR R S s R Oy 1 2
U R R K TR, 2 A AT £ A 4RO &
JFBAM A . Gao W H Y Crop-GPA J&— 3K I
) BHEIE T B FE 267 6, 88 B T SCHR 2 98 500
A LR Y 0 45 2 BE L 6E B 5T MK SOk R
Pl 3 A B B TR MR 6 &R R SR AT M G IR IE .
BEHE AN TRBEHARM LB MR EFTFMHEEGE R
7 R K 0 BUHE A RE T, B NS T[] Ak 3 R R 5 3%
RBHE . Feng % il i SR £ M2 BLpL 282 > &5
TREE S RERL W E $E T T AR & R 0 000 A B

HERGE R, Gao 'R A T SoyDNGP, iX
- MNELRE SR E, RV P B VCF S
JE & W B8 =445 R CNN BB 1T GS Hil
Moy HT o TPAGS J& & N R Y & Fh 3 B3t 9 Web ¥
GS I3 #F 5, B B 7 Fheig AL AL 114 PP AG 46 bR K&
AR AR RS AR B AR R BT s
FUREAT PO GS 231 . CropGS-Hub B4 7 £ Fil
5 9 2 D92 R0 3R R RN L 9 B 2 A GS B A
RV B T SR Wy Aoy L L B,
RHAEE P 6 B2 (s T GeP AT A
J& 3 F Singularity A% A RF S &8, et &2
IR B B 16 Fh GS ALY RN 13 B 2FAL 48 45 , 56
BT DN ES A AL B AR AR A A 8 00 DA A o8
T2 B BEF AP OF- &5 (smart breeding platform ) 1] [7]
o 38 A AR AR 2 R AV 2R R GS AT, SRR RO
R F AN LN KRB E L R B E A
A TE A AR s AL T R L

®1 BMEAERENL

Table 1 Breeding platforms function comparison

B I Y BB K S £

Model Main function Supporting crop Supported genomic prediction model types
Crop-GPA igéﬁﬁﬁﬁﬁﬁﬁfm RABN, 3 ZAEY Z R geit /ML R
SoyDNGP g g x ;ZL ?Nifﬁz:iﬁ ?;U”ﬁvﬂff FEA g = e b ONNCRJE2E )
IP4GS i i};ﬁ 7§ ’; %i%ﬁi ;ﬁi;;/l;ﬁﬂ;%jg@i;m R e GBLUP .RR-BLUP . Bayes B
CropGS-Hub ﬁﬁﬁi@%ﬁmﬁ?ﬁ A e ZAEW) Z BB
G HHEH e %ﬁﬁii;ﬁ AR ey SEIFROB |+ ML/DL B
Smart breeding 10 38 MO B WS GS AT RO —

platform

L AR R

X L6 £ phy AN I, SERPSE TR Y 5 TR 2

>J BB B PR P 5 B A A 0 R A Sk, R
D N ERAE B b BRACR L A A B R E R
AR SCHE B KR R R NA AR EARAE
Yro RARBEH BB AWEE,GS - G5 R =

UK HE DR AR S A 4l 52 A PRI TN R bR e 507
T {0t , R ) 7 bR (36 T e 18 DR SR S o

7 BREERE

LA B (GO —FpAEY & R P T 5.
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AR SR AE A BRYE E N Z B Tz Ok . ek AR
TR HE AR Hp S0 i DR Y AR I R o ) R
TR DR LA B, DT A e 40 o B S R A 3 AR
i 36 o M AE G2 T Fh T35 L GS A AL L JE
B, RERE MR P st A G 45 . U HDW TR G X KR
G PR I K 6~8 4R 1 A SSHEWY , GS gt A &L
rJE AR R bR e R AR R R A SRR A
W 5% 10 1% G2 44 52 B PO UM B, GS B 98 1 45 A
FE R 8 R0 P 3 4 (3 IR () I 2 i 356 I ) 1
VB FIIR B8 20N, 48 7 2 2% MR 00 3o A% 45 4, RS 1
WAL W ), A B T3 F S R NAEY
it

H AT, GS A I AL G5 28 PR ) 4 28 ML 3
2 S RITRY T o) TR 2 o) BB Y AR A 2 R R T
TUKS BE AW T o RN, GS 7 32 B R FH A 475 1 1 i
Z PRI DI GRUR FE 2 2 BT & — T 5 24T 55,
B KBS EO IR, 48 280 22 on A B
2 2] R GE AR K y%f(*{ﬁn%éfﬁz*ﬁ” XA SR
(] A7 7 o BERR A 5 R il g i 47 415 ﬁt Y2
JER RS A R T 2)(;5&@6@‘@%‘%;%“1&%@“
SRR B R AR Ik /)N D) LA e 12 4 T )
WAL AR SRR I 3 N e ] 3K LR R 1o 40
AR BT B Ah SR R o LA K R
SE MR8, BRI B 75 A5 | AHT RS 9 TR X B
il 7 AR rp K B B Ak R R /3 R R Y T
PEo DFH A X B HAE(GXE) & GS W58 H il 4
SRR B SRABE AR [w) I G 12 35 4% 748 S N PR I3 PR 3% %)
YEYFRAL 52, Je R A 2 85/ Z MR 50T
%E*@%ﬁhIEJHﬁilﬂm%ma@rﬂnﬁﬁmﬁﬁE@E
BT L RN B R A Ry SR B A R AT
I 2 B 5 B0 100 P 5 3 IO 22 5L X AR G X E &L
TR 5EH . Montesinos 28 ™ HFSE BN IEARF & G X
ER KRB T EEINEIEETHOAMNT
GBLUPH#ES i fE5] A G X EWiJ5 ,GBLUP 1£ H
8B A v BT A XU I R 2 T AR O K
HIAE 15 D0 T RE B0 4F b4 $2 52 2 4540 (B G X EAh /5
R A0 HREA , 0 A% 55 G R A 5 TR 2 ) S R A T
il i 38 2k 5 25 5 B A BE 32 80 A AT
DI R T GXE BEAEMGR ) AT ZEGIATEZ
1) 2 B LI SR A B 1 o 4D R0 R Bl AR Ok
VR ZFE S5 2 2% A 96 DR R B | 22 i s SR AL
W B KRS B . A GS B AL X

b S Al {5 BN, B = g8 — i B s S L], B gRRS
SR A R R LN 55 R UK o e A, 3 R A AR A
A NG A — 2D I T A A Y 1R 25 AR

GS MR JEN AR KT LA 3T : D2 4%
BobE A, B W0 L DNA JP 81 o S ad, {H 3 A
RIXTAD MBS R  BEE A MEA 4
B K AT Bl T8 s DR R ML v A A ) o
W, 2) Z MRS SO, B — kR A% T ROR A
BB G 24 B bR AR 347 0 2 A 5 S B R
SR LR 2 ) BL AT S RRAE m A R TR S g B
B R BE . 30 HE 48— 1Y B0 b o A T Ak B AE
20 B v 22 URRCH Y — BObE AR R DA T O
FEAO R EHE 5 57 T 1 6 1
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