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Estimation of Genetic Prediction Accuracy Using Convolutional
Neural Network in Hanwoo

Myoungjin Jang"? Dajeong Lim', Woncheoul Park’, Jong-Eun Park’
"Division of Animal Genomics and Bioinformatics, National Institute of Animal Science, RDA
’Information and Communication, College of Engineering, Jeonbuk National University

e % B dAve VA 71HE 85t A dE 7S At 7129 7 vneEuzt AAE Q]
£ dpoAE 74 45 989 (O 719, /34 23 48 €9 9% (GBLUP) 7|y} S71HA A4S
(Ensemble) 715 o] AHEE QI HolE &= 3¢ 7,324 79 442 A& (37,712 SNPs)?} 4714 =AFE A& (5
AREA, ZAZ, SAEHE, ZTHALE)7E ol&ste] A& B4S APt S wat HE5S AMgsto] =g
A&5tF L, o] AlY vlolElo] F85to] AREE AXsch ATHH A=Y (REML)E o]8sto] 4H 4432
THALEZF 0.44+0.022 7 EA Yebgh A4t ASes 245y SAGEETe] 71 B4 Yeiged, &
AARASE 0.79+0.01, BEFATAFE 0.52+0.020]th 44 A& e, TG B4 SlojA GBLUP 714
o] SAWFA 0.34+0.01, ZAZ 0.41+£0.01, SHEHA 0.37£0.01, THAHE 0.41+£0.012 ¥A Uegth ®
gt A& A5 P HEll 7EAE Fe BRI SAE N1EE ARSSHE S W SAMEA 0.354£0.01, =4
% 0.42£0.01, SAHDHA 0.38+£0.01% ¥ =4 Hetsth. whA ot 7IHES B3l |44 &Y Jg9=E =
4 Y AR ArHY, FFEI} £ o ndg AfEste] §FAA0 B 710E sk 7St

Abstract This study was conducted to test genomic prediction using machine learning and to compare
predictions with those of existing techniques. In this study, DL, which is a type of machine learning, and
GBLUP and Ensemble, which are integrated techniques, were used. Data were predicted and analyzed
using 7,324 genotype data (37,712 SNPs) of Korean cattle and data of four carcass traits. Accuracies were
predicted using 5-fold cross-validation and correlations were calculated using test data. Heritability
estimated using REML was highest at 0.44+0.02 for MS. Regarding calculated correlations, the strongest
relationship was observed between CWT and EMA, which was 0.79+0.01 for genetic and 0.52+0.02 for
phenotypic correlations. Single analysis showed prediction accuracies were 0.34+0.01 for BFT,
0.41+0.01 for CWT, 0.37+0.01 for EMA, and 0.41+0.01 for MS, but Ensemble produced significantly
better coefficients, that is, 0.35+0.01 for BFT, 0.42+0.01 for CWT, and 0.38+0.01 for EMA. We conclude
that the accuracy of genomic prediction can be improved by using various techniques, and consider that
the findings of this study may be of considerable value to the breeding industry, as they demonstrate
the feasibility of developing highly accurate prediction models.
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1. ME 2 Aolas eH-0] 47HA] A G Ao thote] 714
s 718 E8ste] HA d= 7S AlEstal 7]
AR GARR GuAIY] AR, A, C, G R T 2] GBLUP 7Wte] 7|y} vl 24g A¥sarA} gt
2 FAEE 9 DNA @7I1ME2 A= g A9
DE FAMRE melsith a4, A dlojelg 718t
o8 54 ¥@Y it upAE Agsia Ao 24 2. Mz ¥ u
ofe AT 554 FAAIATS] 593t Eofo|t}
FAANG (Functional Annotation of Animal 2.1 SAM=
Genome) ZRAEE Tl FAYEE HAF A £ AolA AHEE dlolHE HHSAstoA B
3] §igt ZH 0= 2015900 A& A&, Briet § 8 % 9l 3 7,324 F (A 7,147 F, A 536 F)
A 9] oF 157 7ol Fofstal lom, AR 715 o HRE ARRSIYL: o] AMASL 20148 5YEE
AFE APl weh 2EY-FAAJ] TG A7 20179 69714 145 9] BAolA] Hiolwttt A"
719E st Qe A 95 (B= A, GP or GS: =4 €4S % 471X); SXW57 (BFT: Back Fat

Genomic Prediction or Selection, °]3} GS)2 %
FAA HolmlAE ol&ste, ZHHY FAA FAES
d&ste HHoR 55 9 95 HopollA 2] AMEE
2 QUeH1,21. A7 G2-A] A 3t TheFeh 1y
EE0| ARtEem, v &3t WH(1,3,4% /A4
& Ay EH F4H (GBLUP: Genomic Best
Linear Unbiased Prediction, °©]8} GBLUP)[5]S.&
TES 4= AH2]. o, |44 ASolA 2@ Pt
A8E {48 2, A% 715, 24 Y, 4
AR YEA 59 BESHERI AAE HESH, #
AA AdF9 AYrE JfHske A olFolFH
[6-8]. o]Hg AFE B0 SFTE 10 AEsto] Al
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Thickness), =A% (CWT: Carcass Weight), 54T
H& (EMA: Eye Muscle Area), ZWAHZ (MS:
Marbling Score)°lty. SAHFAE mm TH= 1o}
A FAE S350l EASS kg BHE =5 & 4
A =A9] FAZS ZHsct SATHEAL cm’ &
2 54 FE9 AAd AES Aoty SHAE
= 54 99 A JAEE 178 9714 score®E T
E3to] Brlskoinh ol HWat 30 Y Bell =53
o, &4HE E4%37H (KAPE: Korea Institute for
Animal Products Quality Evaluation)olA] AAISt #]
Hof| w2t =4 B Sttt o] Aol gt &
SR = 245 S9SN s=0Y
9 ARE f1h3]elA 521 (2018-293)= ULt

Z} Als2] DNAE DNeasy Blood and Tissue Kit
(Qiagen, Valencia, CA, United States)E AR&3}o]
Z2 B4 FEEUT MEZ 93 Hanwoo
50K SNP & (58,990 SNPs: Single Nucleotide
Polymorphism)& AR&-Sto] 7428 £A18k5iH o]
Z P SNP A48 53 9 0|3 ATAR ™
AR o Uil 4= qloH, 53 I /41489
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B4 BYE 99 o A # o] FEE I
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&g <0.000001 Q1 3¢ SNP7F A|A= At 0% 4
AALE 4 FAA ] X7 AR E A=t E
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it AL FEL2 28EA (birthdate), =524
(slaughter date), 4ol (age), Y (sex), =44
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Fig. 1. Deep convolutional neural network architecture
in Deep Learning
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2.4.3 GBLUP2} DL7|Ete] %Jg% Table 1. Summary statistics of carcass traits in
DL, GBLUP %% H715H= 4l ol9jol ol& 4% Hanwoo
_g_ o(}:&]—/qﬂ 7] _I.JQH DL—‘—]’ GBLUP_O,] /‘Kj_ @‘@—‘%EH_O,] % Min. Median Mean Max SD*
3} (Ensemble) 85 2dS Edlo] S APstATt BFT 1 14 14.23 45 13.36
CWT 159 440 439 645 879.78
. EMA 35 95 96.15 155 29.21
predict; = . ‘ 6) MS 1 6 5.99 9 1.98
( Wy X predict ,+ Wy X predzctﬁ) /( Wy+ WH) SR ————
*BFT: Back Fat Thickness
_ *CWT: Carcass Weight
predict= Z} 7]9of| oJgt 9 XJolw, W= Z+ 718l *EMA: Eye Muscle Area
ojgt 7KE Ao}, ol ¥t D& Weldol ofgt Azp, R M Marbling Score
< GBLUP 7]%oll oJgt Aztole}. wj7i4(W)= PSO
(particle swarm optimization) ¥18Z[23]S AR i ,_L I HERAE. EZﬂo @ 93,99 % 7_—
o TRAZS =a T A= k] A 241 437.71+£52.52 kg,‘ ke 5,843 F [2?]*:
= = 423.37+42.52 kegZ EISHA, 73‘5}7\]@,,] 3o
_ B 9,592 F[26]= 452.50+46.60 kgo =2 Eﬂ THU =
2.5 U= 8Ek A naEglon, FUE o] k9 181,283 F27le

J1- O

GS E““—Of] Oﬂé 5= B7Isl] 8l sHilse WA
@’3}“‘:— 58 WS
Fatalct. dlo ]E] *ﬂE—‘:— 4 15 (~6,860 ) 9 &
| #3873 HlolEE AMESl] £ NER AR
A 1 3% (1,468 F)Z F-3AGT AR5t
g A&tk B2 WEAH o] #FE 59
Eolo] d&d 28 AT ¥l S

R0l 4 7HA] AP AA 1EY gt A
(test set) U2 &S] AHHE (correlation, )9}
FXE [

3. 24t ¥ 1
3.1 B3y 24
A

(BFD= 14.23113 36 mm, =A% (CWD2
439+879.78 kg, SAHEHH (EMA)S 96.15+29.21
cm?o] 3 ZWAHE (MS)E 5.99+1.98 o]tk
TAgAe] Hgt o] AFATe} Hlws HopS o
WA SAYFAE - 93,992 F24l=  13.5+5.27
mm, - 5,843 F[25]& 12.36+4.79 mm= EIIs}
FI, AEAG9 T 9,592 F[26]= 13.57+4.61
mm= & ALET A BuEon] ZFYE A9
32 181,283 F[271= 12.85+5.25 mmE £ A1HE
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399.99+67.38 kgo 2 E A HTH ‘;l'% éﬂ‘a LHER

&’it} SAEHEAL Sk 93,992 F[24]= 94.34+13.85
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0:1
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[24]= 5.94+2.01, 3% 5,843 F [25]= 5.34+1.91
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6.38+1.78 & £ AFET £/ BuEoH, Fdk
A99] $9- 181,283 F[271& 5.02+£2.06 22 H=
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Table 2. Variance component and genetic heritability
for carcass traits by REML in Hanwoo

V(G) V(e) h?
BFT 7.71£0.57 14.57+0.42 0.35£0.02
CWT 824.95+54.1 | 1270.27+37.34 0.39+0.02
EMA 45.89+3.25 83+2.36 0.36+0.02
MS 1.33£0.08 1.71+£0.05 0.44+0.02

*BFT: Back Fat Thickness
*CWT: Carcass Weight
*EMA: Eye Muscle Area
*MS: Marbling Score

181,283 F(2719] 7+ 344 FHH A8 =AFo]
0.53, SALFAZ}L 0.43, SADHA] 0.38, 171
TUHAREZF 0.542 & A7 2 A& Harst
At APl AE Aot Blws) B P wet &
A FAgL ta AolE BHloy A9F Aot 3l
= Z10% Hol 34 o] & A= AsH
Table 32 3¢9 =434 f44 9 #dF A0
AE F43 Zolt}h. {34 JASE= 0.281 ~ 0.794
HY fAoH, SALTAL} =41E, SATEAT 2
A, EASI SAEHEZ0] 0.699, 0.778, 0.794 <
S8 =2 ATHAIE Btk 283 ARAS= 0.091
~ 0.515 ¥9] Wlow, 72 SANFALL =4
%, SATHAE SUYAYE, TAIS SAEHZH]
0.383 , 0.451, 0.515 =02 &2 AW Bt

Table 3. Correlation for carcass traits in Hanwoo

BFT CWT EMA MS
. 0.699 0.356 0.281
+0.016 | +0.022 +0.024
0.383 0.794 0.495
CWT | So.02 +0.01 +0.019
0.07 0.515 0.778
EMA 1 40023 | 0017 +0.013
" 0.001 | 0.204 0.451
+0.023 | #0022 | +0.018

*upper triangular matrix: genetic correlation,
*lower triangular matrix: phenotypic correlation
*BFT: Back Fat Thickness

*CWT: Carcass Weight

*EMA: Eye Muscle Area

*MS: Marbling Score

Aol A7 T 970,141 F28)9] AFE Anin
W 28 SAgRARE -0.29 ~ 0.58 W9 Uiz,
SAYTAL £AF, SHGUAT TUALE, S
3} SPSEA) YDAV B 2T AFL BAO

o, H38Y ATASE 0.11 ~ 0.5 HY Y=, SAF
Aet ZAF, SAEHAT THAHE, =AEI 54
g AHIAT =4 FHEE 2 A7 vsst
BA%E B

3.3 05 HT Hlw

SALFALY] AL, & FE=7} DL, GBLUP 0=
0.26, 0.35% GBLUPY| #ko] =4 Ugk2 ™ Ensemble
9] A& FEE 0352 T BdET 5o /HAE
Aot =A% 4, DL, GBLUPELCZ 0.35, 0.412
UgtoH, Ensemble?] & HEE 0422 @Y 2
drrt Aso] A=l SAEHEE F9, DI,
GBLUP 422 0.33, 0.38% GBLUPY| %to] &4 vt
O Ensemble?] & FErE 0.382 @Y =T
g0l A= THALES] F%, DL, GBLUP <&
o7 0.36, 0.428 GBLUPY o] &4 uygod
Ensemble?] & AT 0.382 @ RdH} J5
o] WA=t

0.41

T EMA M3

GBLUP  mEnsemble

7
BH0.417
0.376

BHi0.a13

BH0.376
o

0.350

T ‘
BFT

m Deep Learning

Fig. 2. Predictive accuracy for carcass traits in
Hanwoo

ul= ZAERI &4 11,790 F[29] 58K SNPsol o
3lo] 44341747 (CNN), GBLUP 59 Hiiew g4
d= 45 vwstgct. 1 A3 GBLUPL 0.33, CNN
2 0.29 «£02 d& HEL7t GBLUPO| ¥ =A &%
=9ith. GBLUPS E T2 7149l rrBLUPS AR&3}o]
CNN 59 4% 922 B|wdt 6507) 2ele] & dlolE
(30l s, JESEFC] o AEF Hg=e
GBLUP, CNN °& (.39 0.390|%, & chifzd &
o] gt & A= GBLUP, CNN 2= (.48
0.480]c}t. E|AE EA<) tigt 5 A== GBLUP,
CNN =02 0.45 0.47°]1, A& =olol| gt o= &
= GBLUP, CNN £0& 0.52, 0.55°|d, ¥4 &
Aol 3t ol& Her= GBLUP, CNN 42 & 0.46,
0.498 & A7}l vij2 CNN2Q| Aol o &4 &4
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