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ABSTRACT

Currently, we have entered the era of big data in which a lot of information and data are produced, and artificial intelligence
technology is in the spotlight as a technology that can be used as an intelligent service. With the development of machine learning
and deep learning technologies, artificial intelligence has been able to be grafted into various fields from signal processing and
speech recognition to medical care and welfare. Furthermore, the application of machine learning to the behavioural observation
of animals is being made in the livestock industry. If machine learning is applied to the behavioural observation of animals, it is
possible to predict and analyze normal and abnormal behaviour through self-learning. In other words, it became possible to predict
the phenotype. In addition to applying machine learning to phenotypes such as behavioural observations of animals in the livestock
industry, genomic analysis can find relevant trait gene markers and apply them to machine learning. The application of machine
learning through such genomic analysis is expected to be possible not only to predict genetic ability, but also to study desired breed
improvement for excellent livestock breeds by trait. Genome-Wide Association Study is one of the good analysis methods to discover
markers for related traits. In the application of machine learning, various strategies and methods are used, rather than simply
learning data on a machine. It is important to consider and apply which strategies and methods will achieve the optimal results.
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Q1 Z |5 (Artificial intelligence, Al)<> 7] AI3}&(Machine learning)} ©2]'d(Deep learning) 7|&=2] W E ¢lof| Thefeh 2ok o] &
o] 7k Al = ATh(Fig. 1). TA AFAs2 A7 250l & 4= = AR, 8k, 71 55 AFEZH S 4 A= d7ohs =
7l& 2oz of2et B A 5E FHskE FAIA ] AT FA e = | AlskEol %—”‘EHE}(Wmston and Patrick Henry, 1992). 7]A|k5°]
& 7]EA oz daPEE ol &Rt tlolH 24, 24 [ko 2 geolut of| 52 Sk Zlolth

(o]
X=X =2 7
= [} =1
(Jordan et al., 2015). &, TEFe] dlo|Ejet Yae| S-S Bol AFEHE “g5" Al1A ZP% —r’\ﬁc‘i FAE Ql5|= Ae TotH 7|z HlolHE
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7] SPoHE AAE B4 S Bo) AUGS WEL UL Yokt 213 T o] F BT |ASS U 7|S2H HEE
el o] 545PH HoihLeCun ctal, 2015). Bl ZFEVH 54 YRS 49T ) 32T tlolE S WA g 222 W
23 dlole} & £SHIL BAIsto] WA HF 4 YEE Sk 3, Aol AYSHA Fgo] B ol Zlolek. F A& B
2 HolE2 71458t she] 2uke Ukl ZlolaL ol =g Aol AR HY glol 71 AAR Hlo|eE BASIAL HRsHe

Z10] H2]'go|th(Deng et al., 2014). B2]'g2 7| AISh52] o Zofo] 2| oF ThA| 2ot Felj=hal & 4 Sl
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Figure 1. The development of artificial intelligence, machine learning, and deep learning.

7| AISHE I 0 2 = A =Sk (supervised learning), B| ] = 8h<5 (unsupervised learning), 4] &= 8h<5(semi-supervised learning)°] 2t
= OFFeE Al o] EAlfshH 7} shguitt 4851 ko] th2h(Sathya et al., 2013). B Uol7} Held2 t|o]g|e] EA4o| u}
2} $d 54174 (Convolution Neural Network, CNN), <=2H417 ¢ (Recurrent Neural Network, RNN) 5 TFet < Bl o] 2zttt
(Ciaburro et al., 2017). Ho| €] 9] 72} 3ol wpe} A o] th27] wjZof] o H Ak} Hfrgo] x4 9] AuE-g Eot=A] 1L
2ot= 7o) F a3}t

B (Phenotype)°ll TSE 7| AIsHE2] 482 522 3-584Q Taol|A] o] F0]x| 1L QUTHArac and Ahmet et al., 2019). T
158h50] 7Feet 9eld 9l 542 et Boke e J 52 7ot sigich. @A Ul 5S4k FolA 7P 1R

ARl FEARIONA 4| SFHA o] Wo| o] £0| & 31 Q| th(Kyriazakis et al., 2008). =4 S HE2 S50 220 WS

o) A& S HE = A4 o] Hh(Lee etal, 2018). Al o]n| 2| 2] @ T A S £H2 A2 Upof 7} g AMlo)| 7hEX|et &
2] &2 o] &3l 7|AISHE A-8o] o] Fo]A| 1L Q| TH(Arganda-Carreras et al., 2017). IFH7FA| 2 4| 553
2 GAZ Uro] AA| W 5 5502 H252 HE2 Felde 59l e5A171H Aldo] §eto 2 53 S ske A
Hrh o Aghsta whaA| 587 o] 7Fsd A0 2 Helrh ZHP T ohzt A A4S Fofl ¥ 2 fz nAE
o} 7|AIgk5oll A-&A1Z 4= ATt AT 7] Al BE-A] (Next-generation sequencing, NGS)7]&2] WE = Q15 AR 4| AT-24]
(Genome-Wide Association Study, GWAS)= T Aol thet opASE E2 4= Q= £2 7Y 5 ShHE, doke IS EHAT]
FAAE ZHE = QU THWang et al,, 2016). 7| AISHEol| S HAIE H-EA171H 5458 of|So] 7Fsoto] FAE ¢
St B35 N AT 7Hs st 71 Al R A12] AR 2RI 2], ARS A 214, deoxyribo nucleic acid(DNA)AE
gh&sto] 7hsstAlgt
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M| E(Training set)2t EIAE M E(Test set)g &0l ‘TARI-SH5-EIAE 2k Al @A 24& AXIck
S5l A7 A4 D (Whole Genome Sequence)ll 4] ZAAFA|ZF] 2] (Transcription Start Site, TSS)
£ Agsts mg e3S A2 A1 4= QItk(Libbrecht, Maxwell W., and William Stafford Noble, 2015). 3 Tl = &a1g|&o] 7jjat,
ARRIo|th(Fig. 2). oI %, & WA THAIE 3s}7| glal dare]Fol| ti+#i2o] TSS A B3} TSS7F obd A{Ho] AlFo] &L, TSS o
BE ety labelo|2h= F4& ottt & ]S labelo] A|AH A& AW, X 25t7] Y3 splice site, promoter, enhancer,
positioned nucleosome®]] Tl S %] 11 2 Ell-Z 2 7She}, npx| e}k chA|of| A, labelo] R = A] Q-2 A F-E(Test set)°] Fare]Fol| Al
S5 FHH 2 ARESto] Al A Lol tish TSS A Q1A £-2 TSS A Fo] obdA] of| 53ttt S0l 434 o] 2o
|5 label> A Aot o] 2 A =ak<zol2h= 7] AlIekE2] 51l 73 2] ollAloltt.

(Jones, David T 2019). 7] A+
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Figure 2. Applications of machine learning to identify TSS.

2. 7| A5l W

71ARE 2 2 A =8k, v A =ehgolghs F 71 2 HFE Udt(Sathya et al., 2013). A =352 label©] 27
H of|Aof| Tl 53 F labelo] gl cllA|oll Tt ol =S Sh=t] AFE-E thBzdok, Danilo, Martin Krzywinski, and Naomi Altman,
2018). BHAo) H| 2| =8}5-2 labels AFESHA| Rl AAR Bh5510] of| &5}h=t] AH-E TH(Ghahramani, Zoubin, 2003). &A% 2]
DNAA D2 Y& H|o]El(Input data) = A&, HAIA|gol] EAloh= Tl QF2 st F-2210] 9)%] 9 QIER A& 25 of| 55}
+ ‘gene-finding’ ¥ 2|52 Sl F HLGA] 2] 2fo] & AT 4 QlTH(Schweikert, Gabriele, et al., 2009). & =g A 9] 74 7t
ket e ofo] ei2) S GenomeyE A1} BEEE Z0lckFig 3), ALEH9] A9 U2 clolels $HAke] ARA
AV BOIAREZ)S] 1715 A H lbel 1 DNAMRIS R4} 717 5 913 Aol spice 9112k oz} plice 9] 2
Aol MM 0.2 WASHe DNA M Tl 22 fe) Lol B4 SR e e Sy
training set2] IR FARRE F7HAQ1 RAIAME A 4= 9l Labelo] A1 &1 HlojElE AHEE 4= Qls
o F s}t ojEjo]] AP ] H labele 7257 | Bk TlolElE 7Y & A5} label 732 2H=t] Tl
HHE= H A E8H5-S ARg3ljoF St B 2| T840 Ya1e]E-2 labelo] Gl Tl B2t Ydh= 4229] THE label Tt AFE-310] 9

olE| 2 A st 11 3, genomes segment® &5l H| 25 H|o] ]S 7H segmentOl] 5 Y St label A2 54 02 Z}F segment©]]

label & X 4FHT}. 1A 8t HTHALE 7} labelol] segmentS 450 2 243 Fofof 51z 27} 7L BRSA|% labelo] Y
HlolEl S ALER 4 Sl A9 AL 4 Y oL ATHT AAH 02 2 5] genome LA AT 4 et
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Input : genomic DNA sequence
GCTTGGGAAACCCTCAACTTT...
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Figure 3. The model of Gene-finding.

A =5 A EekE ) | 2| a5 o] F4t k5 WHH o] th(Zhu, Xiaojin Jerry, 2005). A| =850l A Aale]E-2 label2} ¥ 9l
= Sy, BhHof| ] 2| Eat5of A 2al2] &2 Hlo|8 & Al 5HA| T label BHA] b=t FA =852 o] =
712 AgAle] Etolot. gare]E-2 tlo|ElE 4 AISHA R L Rol|gh Ak labelo] ATH AAE ‘gene-finding’ Al AR A&
g5 A4S ARSoto] SRE] 7] e St o714 Y HloE& FAlo] D 53219} label | A &2 HA|FAAA Hol Tk

% o do]E|e] UH labelol] 7] 25} 27| ‘gene-finding’ &S A 2FeO =4 A]XPEIE} th2o 2 2d2 oenomes
ARGE] 2L ZH A Q] label:2 genome= &0l A7 EITt. o] A label> o5 22 7iAdst7] fI5] AMEE 4
A= M2 AR AEA] o2 wi7bA] BHEE T Bele =2 A e & 7H 210 & SRolH AR {747} obd genome
o] B & fAAeA S5 4= 7| wllZoll A EahEE A eakgET A4 o & 2 4= Sl

A =akge] f2 g

Iy
i)
0
rlr
o

AL
fin}

32 |
QR 1

SANE vo 2 njglje] Fol-E o|&sk-tol w2} 37 (Regression)wAll, £-F(Classification) =4 = -
S} 4> QI TH(Criminisi, Antonio, Jamie Shotton, and Ender Konukoglu, 2012) 3] H#Al= &3 Hlo]E|E o] 85t A&4A R 4HE
She 712 Wl ) EA Q] of| 2 LREAIZH} A|FAZ A7) A £ 4 ) JARY = A= AA, 2 dafsh4e] 7
el Y=ax+b AAE de|Z Tefeil, O AP o g o Soh= ﬂO]EP(FIg 4.2). P45 $A 02 BASHA H(x)= Wx +bO]
ok Hx)= -%217F 783t 7Hd (Hypothesis)& 2| m5HaL W= 7+l (Weight)2] gk 12131 b= 32 (bias)E: 2| m|5tH 2]of] w2 A
o] Hefo] Depritt. Aap4 0 2 o] 3724l Foto] L Aol A e xS wl wakal nlAsHA| 24 == be] 2t &ot 7t
Aat A Hlole] ] X7t 7 A2 2 43S Ze Alo] Z1AIERE A 9] AR B Y] shgoletal & 4= Qlok £2)7 oS5 sl
THE HEQl Y=ax +b 2412} A4 Eﬂ"]‘ﬂ% o2 52 Yat A}l & errorgfal 3ttt Error7F AA| o] €] 2] Y} ol & 2]

{n:

VS

] Y7ko] Atolek hH square error'= A HlolEle] ygtat o) % A mee] yatel 2ol AlEshA Hol2 B Zlolch Eror
BB ol e ol R S92 /] 4 £HA02 B o cror’} 230124 IEH grol Selol 2 ok 42 gt
W E A7 T 4 Ik E3F 7| A S L FolA Atto] ol Bl ETh H@E|FolA ofEl 7H melo] o HeA

2Folste ™ square error?] SFHoj A %.]' Ql&fjoF gtk(Niculescu-Mizil, Alexandru, and Rich Caruana, 2005). Square errorsS- -6+l 32!
mean square errorg “&-ofl 2 et AP 3] = el-S S1E 4= QITHFig. 4).
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(a) {b) (€

" ‘ ,

Figure 4. The model of Linear regression.

e Als 1 HoJE & o]-&sto] i Y Fho] ofH FF9f ZAIA] k= Ze A% 2Hh(Kotsiantis, Sotiris B., loannis
Zaharakis, and P. Pintelas, 2007). =524+ 37| binary classification} multi-label classification + 7}A] 2 WA T}, Binary classification
& FAETH e A A MEYoIIA 5 Yrhot oY 2 25 = A& DIt £ R A7 2 srhotynf 2
&= A2 ofyth of| & 50, ZF AL o) mhE A ETHA S of| S5t 5HH o] = binary classification -2 & 4> 1Tt HHHO]|,
TEA|7bo)| wh2 S-S ‘A/B/C/IDIF 2 o)l &3He B 7-EA| S multi-label classification®| 2F1 S}, 3] 241 £3 gho] 4492 7}
A3 o] & oll&sh= f3 o] oA B Al e 52 Fol 52 she f3dolth

H| A e 8k52 &5 d|ofEfo]] A2 glal A dlojert 17] wjZell, Aol tidt HEs &= Zo] obd AU tojEle] e,
EX 58 5h45S &3l WA= sh5o]thChen, Chien-Chang, et al., 2018). o|Z0] ofd glo]Ejoj|A| oJu| & u}ols}yl 7|&S Hhe
68 Ak Skl 13 42 ] 25 Closring g 9 5, 2K o731 A1 e AL
223 4AE A2 e

r—[|1r

=

| mpetsto] vl HlolE 578 2P o= Fof F=

and Rudolf Mayer, 2008). 77 %4 A1 Foll= AleH FHEA T HA IS A

ot WA AlEA AR & 2ol b2 21E 38 4 e 722 2

=] AS3tE] = FHIR o] 1% st ASH RS 7HA
+4

e

=3 5‘.— l EAsH Grof et th=A) 288
2 HEE 7ot} A7l A offi = A28t
e e FHIZ 237t dojAl=d o5 Als=
22] %1 M2 =2l st R o7 nte = y|Ho|T}

(Dendrogram)2}al St BFH H|A|E4] A2 2718 ZEHAE =HA2 ¢
H|AZZ] HEA 2 A2 E 7|Wte 2 35kl B (K-means)2t =g 7|HE0 2 3 Stsh= BHH(DB-SCAN)o| 212 flo]
E7} 225 EA o uf2t Y5k WS A sl A AR8-E 4= Q1TH(Chen, Shouhong, et al., 2019). K-means 8= n7H9] SA1HS &

|

2 5ol o] FAHoM 2 17ke] Azlel Fol 7 HA) E B ne) A2 21, o] FHHOIM L HES FHHS 7]
F02 Bt 2eAEY Ylolt of FAHE 232 27 Hlolee] Bk A /KA Hd] o] )42 B (meany
A HIoIZkD ek DBSCANE 0] AIUEA 21 Slol] W7} e S DSBS ole) 5, 22 /02 0
Xuhol Aol n7f o4 9o shbe] B0 QIAsH: o]t Kmeans 23 S FAHE 1202 /be Holes
3ol ZEA]7]7] wj2ol Yol Fej2 L7 Hr) BEHo| DB-SCANS A= 0] 231 Ho|Ej && 22 3ol ZEA]7]7] ”ﬂf
ol #5798 2540] 2547} ALk DBSCANE Komeansth 121 9] 5 A3 W} glon), dneigol 450z 2
o +2 et o Lot gmeke] 2Met ofleh, 25T Bopo] ZUE 2 4 ik T tlolH Yesl SAleh o
T2z ol 85Hs Az} 27 Wil nje} 2] At Wik

Journal of Animal Breeding and Genomics 49



Study for Applications of Machine Learning Method using Livestock Genomic Data

~ - e
- ACluster R
yd P Pa, PR Y
§ | ¢ Y h
\ Clustar V.
| \ PP )/
\ /,-' S T ;
. Cluster \ 4
.\ e —
N PLP) ) Cluster _~ 0 . |_ ]
e [0P1,_P237{P3, (P4, PS)}) - o - a1 w

Figure 5. The hierarchical cluster analysis.

H| 2| = 8k5o| A ARG-E] = /8 4] (Principle Component Analysis, PCA)> 1L} 9] T|o]E| & #2F Q] Ho|E| 2 Z4A|7|=
A& AR F skl Th(Valpola, Harri, 2015). /92 242 SAE0] SAXSE A LS dolE MEE XA+
712 A& AT 7FsAg0] e A9 HlolE & At o] gle At o2 HiREA|7]7] )5l A wkighE AFESHTHFig. 6). Al
HEHS 9J5l HA Y] &2 glo|EjollA] HAto] 7H T:_’- WS et} BAto] 292 EAEY A AZ P A 22 A

0

o0

= a2
K = o, oG Rt A Zo|HA R = FAko] R 2tk 2kl

of| A= {gFo] ety A o] 7] wizoll A2t HHgFo] 3]“‘}0]}] , A2b e mojl A= 2 27} Higko] EAfgit), Rk o ®
kg F4 2ol EAlet AP et fARSH dlolglol| A oJn] Sl &8 Fhe 2ol o] e 9] §I91E A2 sk
T2 002 G F 0 24 TR 242 1At o] tlo|E| FollA T3t Ak & Zetatt. 7| AIghE2 & off & o]
(feature)°] B2 327t UA|TH HE E/do] Aol FF= 7]3]= A2 ot FA& 4= Bl 7H 83§44 2 7N

k4= Uk 1070e] E4do] Exfstctar & ulf, 10712] £/ 7} 1719] label: & mappingAl 7= IS 22| 102k9] 1
Qstet ojuf F23 2712) /g MelsiA] e g e 2xbel o] Tl g Aojoh &, 107 5 2702) /4w
22 0 = S S4 Al 4= ok 98 249 T2 2 mo] £ 5 sjAsh] 7t of F ke Aot & T|o]
Eof] = 01'11 1&gl tig-sh= of2] E/do] o] 2ok FEolal A9 thiE2] £/do] 410 17| ol Fol 7HA]= ou| & A

got7]7} of ok, ARoll e EFLota AFAFAE ob= 7P 2 ol AldEoltt 33kl o] Holgk Azt sk ¢ —r‘—i%—/r\— A
7] w2l Al Ztekg Fofl tlol e e 47 A 4= Ut 22 EES AAs) 2 tlolEe e &

Cot de= FEAIE 4 ]l
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Figure 6. PCA analysis (Abdi, Hervé, and Lynne J. Williams, 2010).
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glolBl S Hett o 2 Fe i olehe HolM EReh ilehs Bt S ZAT, £/ label] 1= HIOJEE Wre
o2 A e5h5o] ol ZRSHE label©] 91 B8 S Uhre W02 H] 2| E=8155.2] Aol th(Fig. 7).
Classification Clustering
Label O Label X

Figure 7. Difference between classification and clustering.
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2
ﬂi

S
e ?_%'—’?l%‘jok(AniﬁQ | neural network, ANN)2 EE>‘|'] 7 ] 74|7]’ X E 5
2015). B3 7|2 24414, A2, o|n|2] EA] 5 it Zofoll A-85]of 2] -‘—}—‘—E@]Z_’ Atk 37‘” CNN
I} RNNO|2h= F 71| Ha'd B4l o] ARgE| AL ik

A CNN2 ZEH 7S 13AId Yol A-&5o 24 ofn] x| Hlo|8 & &55tal Q1A]sh=t] 315 Yl o|thAlbawi,
Saad, Tareq Abed Mohammed, and Saad Al-Zawi, 2017). CNN-2 neural network 2¥ol| 12 #|Z-2] convolutional layers- &°]= 4| O &2,
convolutional layers =3l Y& ®h2 o] x|of] th$t EX(feature)= F=SH} o] A 22 H EAS 7|¥FC. 2 7]29] neural network
£ o]-goto] 73Tt Convolutional layer= 542 FE0h= 7|52 ot ZEIY o] ZE 9] g2 H]AY gHo = Lo
activation &<4>(sigmoid)& ©|F0] Rt CNN2 H|o]E]Q] 37| %= Fo|HA] on|z]|9] EAE &8 4= Qth=FH& 7L 915}.

& 371 AAZE 7], 278 72o] AlRtol| wlet jiskehH A Y=k dlo|E o] E3HE dalgjE o2 A7t Aol 7t 2SR

_{

523t £%-& ZH=Ch(Yin, Chuanlong, et al., 2017). A7kl whe} #igkshe Hlo|eje] -9 vha A A%)at Wsh B/ glon
ZAAGLL A F S0l Hlo| e} Mol o2 glo]e}7} ko] Q=] QA sfof gk, é o] Hof| Y2k tjo] 5l S Yojuiz| x|
A2 2L HolElS AHUtS uf o] Hlo|HE hA] A7 B £33 A7 Wo] =ik RNNS 5381 714172
/3 FAstol Al AE Wole Q13 A 50l R sick
4. 95K M U HE
1) 93 24
F3A) o9 Ak Aol T M E Hejgho 24 o] Zoj et shite] AlZojlA A 4 Yl DNAS| U vl 7]

ZS|
ool 55 S &0 A EEA](sequencing)©] 7Hed A =& THE0lET. o] & flol| ZF A|xEo| A DNAE &3] Sdaad
HHH-S-(Polymerase Chain Reaction, PCR)& 53l 525 DNAS ¥ 1! sequencing 2H0| B.2] 2] & A|Zloh= 1M & ZIsistet - 4|
O] AJARS: 9] 5t A7 H-2 th-3-1F Zth(Edwards, K., C. Johnstone, and C1 Thompson, 1991).
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Sanger sequencing< DNA sequencing®] S+ B © 2 5}1}2] DNA 7ol Z2to] ™ (Primer)”} A&$E & deoxynucleotide
triphosphate (ANTP)°l| 23t 43211 gH/do] dojuyttr} dideoxynucleotide triphosphate (ddNTP)ol| 23t 3Hd F2S F- o= £4
7|53 o|thMen, Artem E., et al., 2008). ddNTP+= 31 EFA0f] OH7} obd H7} $J2|5}0] Phosphodiester bondS &/d5HA] &8l &S &
BA713L FYEEo] H7|E o] IS AAT 4 Qo &2 Q7N E S BAS B¢ =2 AT E 7HA| AL UATE A7k H]-g-9]

SHAE 2=t

AT 7141 EA9 8 (Next-Generation Sequencing, NGS)= t&F 0 2 SEAR ol G449 A7 |ME HEE
ot G244 JEE w=A] s S5k= 241 7]% o|thBehjati, Sam, and Patrick S. Tarpey, 2013). Sanger sequencing & 7|2] G7|AEE
A 71H& tiAIshs 7|0l AARA e 3/d 5ol A8oto] MER Y= FAT & Al s 7= £
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