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(BE] TPk T —FhH R 24 3 JE K 2] 1% (genomic selection, GS) J7i%, Jfiv4% & DRNGS (deep
residual network genomic selection) , FT AR . 1) LIREESR 2 4R BN E R A4 B FE ( genom-
ic estimated breeding value, GEBV) , AR F R NI R A2 R, RE TR 2) SRR
SRS A AR AR e A B DR B O S e, DRI 5 3) Db gl AR AR, b Tl SO g, K
ok T CIMMYT /NESPEE, L5 R FE . DRNGS BB LRI Z M 2% (feedforward neural net-
work, FNN) & T 101. 59% ~130. 83% ; TEXTRHATHARAYZR B FI 1, DRNGS Lt GBLUP ( genomic best
linear unbiased prediction) P T 2.24% ~20.19% ; 1EiTEFERT 71, DRNGS {X¥K T GBLUP, [t DeepGS
PRT KL 18 ~22 f%, EL FNNHRT 24 ~26 £, Ailk— L4 DRNGS F1 DeepGS, FFBTHAL/NE ( Triticum
aestivum) FAREHAITMI, 452K W] DRNGS WS EE L T DeepGS; LEXT A PR 1y 3 AU T d R
DRNGS BT FE I 7 258 DeepGS %i; 1 H DRNGS 7 Tl i i £ 77 i T DeepGS, 7E 8 AR,
DRNGS #¢ DeepGS #2751 0. 12% ~1.59% , 34 DRNGS ¥ & /% R 40, #] i@ hitps://github. com/GuLinLin-
JMU/DRNGS [,

[0 ML, SRR M )
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Abstract: This paper has improved and developed a new deep learning Genomic selection ( GS) method
named deep residual network genomic selectio (DRNGS) . The features of the new method were: 1) a deep re-
sidual network was used to predict genomic estimated breeding value (GEBV), which could capture the com-
plex relationships within genotypes and improve the prediction accuracy; 2) convolution and pooling strategies
were used to reduce the complexity of high-dimensional genotype data and speed up the computation; 3) a
batch normalization layer was introduced in the method to speed up the convergence speed. The new method
applied the CIMMYT wheat dataset, and the experimental results showed that DRNGS outperformed Feedfor-
ward Neural Network ( FNN) with a relative improvement of 101. 59% -130. 83% . DRNGS outperformed Ge-
nomic Best Linear Unbiased Prediction ( GBLUP) by 2.24% to 20. 19% for phenotypic prediction of most

[WFsHHEA] 2022 -08 -30

[E4TH] EFEASMREETYTE (2018YFD0901201) ; E&K ARBIEEATH (31672399, 31872560) ;
WAL E (2019SH400133) 5 g AAREILAH (2020J01672) ; E KA
HARERFMAFEFEITHTE (CARS -47 - G04)

[EERAN] Bk (1994—), B, WitA, NFHitmb S EA Fmms, SEES. FH (1979—),
B, Wt BZ, WS, NFaKBREFMITI, E-mail:fangmign618@ 126. com

http : /xuebaobangong. jmu. edu. cn/zkb



* 206 - FFRREM (HRBERRD %28 &

traits. It was the second only to GBLUP in terms of computational time consumption, and was approximately
18-22 times faster than DeepGS and 24-26 times faster than FNN. To further compare DRNGS with DeepGS,
we applied the Iranian bread wheat ( Triticum aestivum) dataset for testing and showed that DRNGS converged
faster than DeepGS, consistently took less time to compute than DeepGS in predicting phenotypes for all traits,
and that DRNGS outperformed DeepGS in terms of prediction accuracy. For eight traits, DRNGS improved
0.12%-1.59% over DeepGS. DRNGS has been developed as an R package, which can be accessed at ht-
tps: //github. com/GuLinLin-JMU/DRNGS.

Keywords: genomic selection; genomic estimation breeding value; neural network; deep learning
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BEN A BEHEAE o — PP R BRSNS, D)2 W LAY RE DA A e S0 2l i TR S 2 PR G TR R X
SRR R B R AR AL, K5 X HUA ke P £ P e B R 0000 B R AL A 31 PP AL (ge-
nomic estimated breeding value, GEBV) . ‘E#{N H TR WA EFEE:, o] DIARKSE 5 FE . bk
ﬁﬁ’iﬂ:ﬁmo HRETE ST A& T ZFp3E R 2l vE$E ( genomic selection, GS) ik, A5 F PR 2 e 4 1 T A
I ( genomic best linear unbiased prediction, GBLUP)'*>'  BayesA''' | BayesB''', BayesCw'*' Fl
BayesR"™ %057k o SR 6] S8 7 T8 30 3 % B RO A TER MR RGBT, S 1 AT ey
. GBLUP i # AR IER AT A W P IR Z M (single nucleotide polymorphism, SNP) ARiCRA {E
BT 22 M55, IR 2R 40 SNP A4 HE AR (] 25 K 4H 56 R A% (genomic relationship matrix, G ma-
trix) , i F BLUP &5 Ur 3R A5 (1R A 155 80 J5 FR 4 R Al B8 A 200 . 1] BayesA . BayesB Fll BayesCar 55
DU$8r 75725 ) 55 X5 AN [+] SNP A7 s A% AP ) 7 2 At Al s, % Al DL v 307 077 12 =2 T ) 2 8 IX 0 T
NEAEREIIESE, ARMESEOTRRS SECRRINESR . T Er R AR, MY
it 2T R e e R A T R Pk R, RSP RARIE ROBCEE (p) MR FRIBEIEL (n) P, T ELMELL
g7 e TSI A B [ I S BV RS B b [ DR | 32 15 S ML

Z R M I BAT XV 2 m R IE RAF RO TN RE Sy, TEZ )2 Mm%, REM 2ol T
AR EAE & 2 AR R SR . R, VRS AR YA P IR IR I ), A T I Rk
T AR R AT RRIE R T T A R PN R B R S A O X e
THEA Y F R G A SO SR, IR TR EE 2 2] B A W22 B vh 2 > S 28 O R IR R
BEFY 02 [RIFEER A S TS A s B SR o Y, BB Z Tk, 2018 4, Ma %52 42 H B F IR
B B 22 ) 288 (R SE DR e 607 1% DeepGS, Il SEEIER] T DeepGS 784k PR 4 e v ) A7 R4 P AIAG
P, {H2, DeepGS TESEPRARME NAFAEUC SR BE 1S | A8 DRI A AR RIRR, X BRH| 1 & 7E ik A 21 gk 4%
AR . B, 3 UIE SRR 7 R R IR 7 2] GS, LA Rz HAEF b a1

1 REZFIERBEFTTE DRNGS

AT $ B — PR B R 2% 2] DN ZH BE % 7 i——DRNGS (deep residual network genomic selec-
tion, DRNGS) , DRNGS Jiik et TIREF R Z MM, WFmAZ . BR2 . B2, Bz,
PR MALE | e E M, HEARG R 1 PR,

N JZAPRICHRE . BRZ I B BIRRER =], Bl 8 N 1 x 18 R/MNYBBIZA L, 15 3)
ARBE A 1 x 1, BRUE R A8 4, AT SRR A S B — ARl TP A 2l B AR 2 5 5
B B 51 114 B B ¥ R RS Y SR AR B S K BE A AR Y

b5 28l IH—1k)2  (batch normalization, BN), $EEFUZ M HEFEAEYIE MO, FT2ZE RN 1T
RIS FENGR B vy 1 IR MR UE R IEZS 0 A0, ASTRU AT USRSl . I3 — 2 A A 20N
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m 2 . .
Z (v, =gy ) 5% = (% = g/ VO-%N +&),y, = VYA +Bio
=1

Mpy = %Z x[io-zBN = 4

Hrr, m &2 b — BTl ; v, 2 L 2% i D Eonif it e MHALRZEM; v, WIH—4L)2 5
Hj; Y = Vvar(xi> ;B = E<xi>0

P T —A0 2 % ot 2O )2, B R BCH AR EE TR R BT (rectified linear unit, ReLU), PL2#
SSE[S574N

P ARRRIRZZ2E, AR — 2 EERES, mRESRH DSR2, — D2
MWEA AL, BARERAE R L — 25 S B E IR RE S 2t B AR AR M i 2 5 P RRAE A T Rl
A, XAMUAT ISR ) 260, SR e AR YE, R n] LLBE 1k R Eud Zm S8t #14,
HAp B2 EMERE RN x 17, ZECAS, KA “same” FIHTE, 58222 B AL N ReLU
%ﬁj@ﬂ@):% T2 >0 g MmO A,

else,
gk 2= R ) B R R IE R A BN Z , B E N 1 x4, RN 1 x4, BRI
YBRZZ G — P T BRI RELE, IR Z G 55 64 DI AT — N RREE, #
FRIMRER G B 8, AT H R FEE M ARE AEERE, B EEESA 1D
MIC, it BIH TS 2 HE . DRNGS I S ECR I AR #E Bk AT Ak, 2% 21 Rih
0.01, EACRECGKH 500, i FKHAFEHL4i%RZE (mean absolute error, MAE) Hi1%.,

1
m

HWEIRA

Model Architecture

— BEIR
_________________ ReLU
BAREE
BenchmarkDataset | "7 0 | e,

L : - g‘;mxsiﬁ \ 0 -
*EEEWQ 3 i ncoding Scheme | H —
{ Genotype Dataset | : i -“ i 2 ﬂ(.: EE
H i 1 iR S
[ mnan ’é—»i 1 = S
1 1 I gﬂ, E= utpu
: fm §

2 H

0

1 DRNGS #HEiREE
Fig.1 Flowchart of the DRNGS model

2 SEIGIGE
2.1 EREFFBEXWIE

il FH S RF R 1% 58 SCISIE A PPAT 97 ik B4 00 o e 1 Y Sl A B B 0 A R BB ML 43 1 L 81 A
9: LIRSy, A ilVE IS HREARFEERER . B IZEFE 100 Ik, DAMESE AL LR B A ik, XF
TR AR, BRI T T, 7E T R R R e e R . AR T T e A
{14 T AL RN 5 ) R UM 22 0] ) Bz IR AR O R 8, DAVEAS AR RR O ik i W a1 . (22 57 1 40 Lok
ViRH vk Z R 3G 25 FE B
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2.2 HUIEE

AHFSER R GS ik A CIMMYT /N B, (35 599 A, DAK 4 b i /N1
PR, BUREA DI RS . wheat. Y. wheat. A wheat. X Fl wheat. set'?’ . wheat. Y JJ/N32 B 4E - 34 77
5 wheat. A Bl — R RIEG KRB ; wheat. X 24 DAIT ARiCH M, DAT brich, 1 A3 H
SRR R 1 B0, FRARFTE (1) BORETE (0) ZASFAEER . Bl IR T https://www. diversit-
yarrays. com, AHFFEMH T =R EAREM I N A E L % (GBLUP, FNN, DeepGS) 5 DRNGS
TR,

H T 20 LA DeepGS F1 DRNGS AN HE I B8 05 1, ACHIFGE I 1 AP B Te /s 22 43080 46
JNLARAIE 254 it 2000 AR A OHIITE 0/ A2 2, RS MAELE 33 709 A DACT Fric, Kodis
EET 8 MR, B (grain length, GL) . YT (grain width, GW) . ZFYHlE (grain
hardness, GH) . TkiJiif& (thousand-mernel mass, TKM) . Mi{FiiE (test mass, TM) . + " heFEmifa
#H-UCR% (sodium dodecyl sulphate sedimentation, SDS) . ¥ 15 ( grain protein, GP) FIALY) & &
(plant height, PHT) , 52 A9%04E 1T LI http ://genomics. cimmyt. org/mexican_iranian/traverse/iranian/
standarizedData_univariate. RData Ffet2e] 5

3 XBWERELH
3.1 DRNGS Bz R

ARWFFEE SE M CIMMYT B9/ 22 508 85K 363 DRNGS (ITERE . /N BIR 40 5 599 MMA, A4
MAFEH T 1279 4> DAT pric, KA A AN RS /N2 3477 5 (grain yield, GY), £ 1 51T
100 YR 38 S5 UE 9 ~F- 24 000 o Aff 1, DRNGS B 5000 o 4t 1 v At = Fh 5 3, 72508 — b,
DRNGS (T s P iy (r= 0.5334), FNN BYAK (r = 0.2646), GBLUP 24 0. 4438, DeepGS
94 0. 5126, DRNGS HHAl =Fh 7425 T 4. 06% ~101.59% . {E45 P Hikif, DRNGS fAZ HH:
M =R LB HERR (r=0.4605) , AHIGTHAD =R k48 m 17 2.24% ~130.83% , 1655 =i,
FIHERAPE DRNGS (r=0.3955) T FNN (r=0.1908) F1 DeepGS (r=0.3779), {HEF{ET GBLUP
(r=0.4085) , 7E55 DU H 5 H, DRNGS (r=0.4946) (I HERGPER S, L FNN (r=0.2387) #2585
T 107.21% , . GBLUP (r=0.4529) #il DeepGS (r=0.4863) 432 1 9.21% F 1. 71% , A
F, DRNGS 1% T 00 35 A A A, = 5 PR 20 e 3 VA TR

#1 DRNGS 5Efh 6S FEMMMAREREANEALZRTEHIL

Tab. 1 The predictive accuracies and the maximum difference percentage of other GS methods and DRNGS

T HERA M Predictive accuracy

J5 1% Method
P 1 Environment 1 77H1 2 Environment 2 77#6 3 Environment 3 7=Hi 4 Environment 4
DRNGS 0.5334 £0. 0124 0. 4605 £0. 0109 0. 3955 £0. 0127 0.4946 +£0. 0126
DeepGS 0.5126 £0. 0135 0.4504 £0.0118 0.3779 £0. 0131 0.4863 £0.0118
FNN 0.2646 £0. 0129 0.1995 £0. 0125 0. 1908 £0. 0127 0.2387 £0. 0128
GBLUP 0. 4438 £0. 0105 0.4504 £0.0118 0. 4085 +0. 0097 0.4529 +0.0110
RRZESFIE T
Eij(ﬁ# /J 2 0. 2688 0. 2610 0.2177 0. 2559
Maximum difference
(101.6% ) (130.8% ) (114.1% ) (107.2% )

percentage

F2 5 H T 100 WA IR 4 T AERG M, DRNGS B T E A V£ 3538 I T DeepGS, 7E PHT
I, DRNGS BYFUIN HERftEH 0. 3076, LT DeepGS (r=0.3028), AHXHEE T 1.59% . 7 GH i
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M DRNGS BYFUMAERTE (r=0.6771) 5T DeepGS (r=0.6728), HX#2E T 0.64% . W3, 1
GL. SDS, TM., TKM Ayl A2, DRNGS A%} F DeepGS 405l #E i T 0.54% . 0.22% ., 0.36% .
0.12% . {HX} GP A1 GW fYTHIl, DRNGS B%2EF DeepGS.

%2 DRNGS 5 DeepGS TN EHERRAXERBT AL

Tab.2 The predictive accuracies and the maximum difference percentage of DeepGS and DRNGS

o TR HERAHE Predictive accuracy BRERTHIMT

PE Trait DeepGS DRNGS Maximum difference percentage
BYWEE GH 0. 6728 £0. 0043 0. 6771 £0. 0040 0.0064 (0.64% )
AYKE GL 0.7391 +0. 0037 0.7431 =0. 0039 0.004 (0.54% )
FHYI = PH 0. 3028 +0. 0067 0. 3076 +0. 0073 0.0048 (1.59% )
HYIE AR GP 0. 5404 =0. 0046 0. 5343 +0. 0048 0.0061 (1.14% )
T B SLBR AR BN - TUF% SDS 0. 5032 +0. 0058 0. 5043 0. 0059 0.0011 (0.22% )
M Fi i T™ 0. 6154 £0. 0044 0. 6176 0. 0044 0.0022 (0.36% )
T-hL iR TKM 0. 6484 +0. 0032 0. 6492 +0. 0032 0.0008 (0.12% )
BYTEE CW 0. 7249 +0. 0033 0. 7246 0. 0032 0.0003 (0.04% )

3.2 DRNGS i B L F DeepGS

TE DeepGS My 5Ll |-, DRNGS f§ 7 #F— L ryct, $m 7IH—0Z, itk 7or ka8 B, 5
B T IIZRETE], ABFFEYEH CIMMYT B/N22 804 8 ok 55 i DRNGS B9 SLPERE, &l 2 & X DeepGS F
DRNGS WS pyid sk, BEAAR ik AR EL, AARFR A P FN 7 T R GE A BT S  P 34 da X i 22
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2 DeepGS # DRNGS 7£ CIMMYT /s 2= % #7 £ o W S 1 B8 B9 bE B
Fig.2 Comparison of convergence performances of DeepGS and DRNGS in CIMMYT wheat datasets

AR — S B, DRNGS FEE AN 250 1h e P S 274 ;17 DeepGS #EIE A 254

B MAE Z4E457E 0. 8 247, KAE 500 A TG T B, T 223548 1500 2 A Beik B0 SibriE, 1 H A

UG T k0 MAE & F DRNGS (WL 2a) , 7EHA =N HS 97~ &4, DRNGS [AIREAEE AR 200 46
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P IS B 2 A, T DeepGS 7EZEfCHIIA MAE S 445 /E — 4w 7K, AHFEIAY &4, DRNGS
Lt DeepGS BUHA R SkR i, 1117 H AT 15 9 DRNGS J5 B4 T DeepGS, AT 44 1 A6 8 ()1 25 1t
], T AR T EAERERCR (LR 2b ~ E 2d) .

J T E—2 H A DRNGS 1 DeepGS Z B SUPEREAY 22 51, AHIF 58 (8 FH 1 0P B0 T 6 /N 22 50 4 ok
PEATESIE, [FIFEHL, £1%F DeepGS I DRNGS AL SKPEML T ic 5%, &l 3 pran, R Aabr ik Rk 4k,
DAL RN R AR P i iR 25

FEPTATER T, DRNGS e AR bh st s iS4 B 2P, 17 DeepGS 7EE RN MAE 2
A B3 RS 0L, T PHT PR, DeepGS 14 100 IR A TFIAZEE T I, T8 B 2Rk
A REB B SR, X FEONGREE IS, B R AR A, ZEX I 7 AR R
Tt FE S, DeepGS TEZEMHIM MAE S34ERF7E— N m /KT, JFANREIR DRNGS ARFEAEZE AR I ZA)

AL PO IS E AT, FIRERI SR, DRNGS H DeepGS B PR RIS RE,
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Fig.3 Comparison of convergence performances of DeepGS and DRNGS in Iranian wheat datasets
3.3 HEENTHEFERIER

AT f# DRNGS 7ETFE S FAGIES, AW CIMMYT B9/ 52 B AR i Ticst, e
R ¥iE 1T THCE M 1.95 GHz, Hygon €86 7151 16-core Processor CPU Fl1 S00GB N AF [ CentOS
Linux f&55#% Lo 4 PPk 100 38 IR UE S AFE DRI E] (¢) WA 4 B, AT RMR B A 207 i
APEIR, BIBieHZ M4 FNN IFERT A, SRS HKIUE DeepGS, DRNGS, GBLUP, 1 DeepGS Fi
DRNGS £ [f] MR 5 A, {H DRNGS . DeepGS T 29 18 ~22 5, DRNGS #HX} T FNN 1 24 ~
26 fi5, BMASKUL, BRT GBLUP 4b, 7EIFH G I DRNGS /&g T B8 6948 %, 1 H DeepGS Fl
DRNGS FEIHAR B _FAHZ2E T 2 DL E RS,

WAL, A G X O B T AL /N 22 B AR 1) 8 PR 43 TIE 5 T DeepGS 1 DRNGS (35 FERT
FrERFPYH RIEFRBESE, 1247 T Linux RS54 L, DeepGS Al DRNGS ()35 1} [l 4n el 5 fr
N, x HCAAFER MR, y SFOR TR AR SR ], 7R T A A PR SO FE . DRNGS TS AE R IR
L5 DeepGS 5, KZE DeepGS 9 173, K5 Z W, FEXTASFEHR AR AL FEH, DeepGS Y
FEHFAR T 0 Fa € (59.47 ~77.7 min), JXZ, DRNGS X i A ik & 7Y 3500 () € i 40 A0 X £
(20.80 ~20. 84 min) , EMARUL, [FJE TR 2% 2] J7 5 H9 DeepGS Hl DRNGS, DeepGS 7 Z i FEAY T
ST [E] & DRNGS THERE A 3 ~4 %,

[ DeepGs[| DRNGS ] FNN Jll GBLUP
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Fig.4 The computing times (in seconds) of GBLUP,
FNN, DeepGS and DRNGS for CIMMYT wheat datasets
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Fig.5 The computing times (in minutes) of DeepGS
and DRNGS for Iranian wheat datasets
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4 iTig

I TR B R, AR RE, MHNEF 2 TR EE 3R’
JEAE R R LA E 2 HOR | BRBSHR AR R RI IR B 2 0 R, W= I HARCAHER
Gk Wy RNas R A N T2, B R 3 R A B AR b TR AL B B AR TR A
TR T IR AR, FFR T 3T IR 5% 22 W25 1 RE R 4H 2B 4% 7 ¥ DRNGS, ASHIF98 Bl I 204
INFE TR B 2R K UE DRNGS 1PERE, BT A 45 BB W, HIXT GBLUP, FNN. DeepGS —
PRSI ZH 7151 F , DRNGS MIZCRIEAL,, ZETGN CIMMYT M/NEZ B4 RT, DRNGS AHXT T 55 =
RO 25 R R 3, XFAGR A MIR A R BT, DRNGS #B He He Al 7 0k 3 oA

DRNGS [t FNN 32508, X RH] FNN A KIS SRR AR, K REATGEE. 1) FNN B
W RIRINL AR 22 2 O, ARV K i S BB AL A 2 25 R LUK 2) FNN % )2 Z M e R B
B, TEFHE I SENERZRINE R,

DRNGS AR T Ma 25 JF & B RE R ZH 26 4% 77 1% DeepGS i e, AL FEH: 1) A TIH—1LZ,
B2 VB ESARAE SN 0. 20 1 RIRAS, SRR 28008 10 A B2 — AR, IR 28 51k
S 2) FER TR R 2 2 rh, AN SR 2% B SE i AR K, X B BB EE R S AR, RN 4 1Y
)RR RS, 1 DRNGS By R SR K, B WA SR/, ) b A R 1 6 2 T 2k 1 1)
B 3) AEE IR Mg rh 55— 2 A & i R6 B A5 T T A B0E 2 AR SAUE TR, Rk
TERPRY i KAE 0.25, FrA )2 BIAUE R 100, X FERS Bl 25 S8 508, ROBS B2 AE, M
DRNGS HUH M EHI A SRR, WA ERIERN I, 4) Mgt 3—4)2 0 s
PF— AR A FEAER G IR AE — A, PR 28 AN 23 BE— NN A v A i e A 25 5, RV IRIRE
—ANREAS R AN PO FREAR AR | B I F B R AR [R] g — ANk R AS T AR
W25 H e BEA LA B R , SXRERE S A M R 2] — A7 [ il #1124 >) . DRNGS 7 — @ 2 |-kt
B Tt BRI,

SR, DRNGS iR AAAE—SEPR] B A3 9 I 4% 245 Fa 6 1 T00I0 4 R T S B 22, 4 I 286 v )
HESE, WMEMZEE, BRZ., M2, B2, BRERZRNEZ TR, BT masii i)
MMERE, XA R IRBE A IR TR AR Y A A A5 B 2 B A T A R S AR TS S ST I & 1Y
I 265 T A 2R G AT BRI MR

SMTE Z, AT DeepGS T &, DRNGS 1 i 53 # B2 F1 #0001V A — AR Rz,
DRNGS A ARG T s, i BT, H G &4k 820t DRNGS 77 [, A SE e 7E
GS G Z N
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