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Artificial neural networks (ANN) have been widely used for both prediction and
classification tasks in many fields of knowledge; however, few studies are available
on animal science. The objective of this study was to prediction of breeding values of
weaning weight in Markhoz goats based on the Mixed Model Equation (MME) and
Artificial Neural Networks (ANNSs). Quality control and calculation of descriptive
statistics was performed using the GLM procedure of the SAS statistical package. The
pedigree file included 5541 kids produced by 261 bucks and 1616 does. In the first
step, genetic evaluations and Best Linear Unbiased Prediction (BLUP) of breeding
values for weaning weight was computed with the mixed model equations, animal
model by DMU program. Later, unique dataset was introduced to the ANN models by
the R statistical program. A variety of models including, multilayer perceptron (MLP),
radial basis function (RBF) and Support Vector Regression (SVR) were used to build
the neural models. The artificial neural networks were trained and several networks
(different hidden layers and nodes/ neurons) were evaluated. In artificial neural
networks, the data were randomly divided to two parts (75% training and 25% for
test/validation). Best architecture was selected according to the mean square of error
and correlation. Correlation between true breeding value (BVs predicted by MME)
and estimated breeding value (BVs predicted by ANNs) for MLP, RBF and SVR
models were 0.72, 0.49 and 0.73, respectively. Analysis of farm data showed that the
MLP and SVR models have higher performance than RBF for prediction of breeding
values or ranking of individuals.
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Extended Abstract
Background and Objectives

Machine learning techniques, such as artificial neural networks (ANN) have been widely used for both

prediction and classification tasks in many fields of knowledge; because they are quick, powerful, and flexible.
ANNS are inspired by the human brain structure and function as if they are based on interconnected nodes in
which simple processing operations take place. The spectrum of neural networks application is very wide, and
it also includes agriculture. However, few studies are available on animal science (e.g., efficient farm
management, classification of the quality of milk and meat products, discovery of mastitis, detection of
pregnancy, animal diet formulation, verification of diseases, intelligent estrus control and prediction of 305
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milk yields). The objective of this study was to prediction of breeding values of weaning weight in Markhoz
goats based on the Mixed Model Equation (MME) and Artificial Neural Networks (ANNS).

Materials and Methods

Quality control and calculation of descriptive statistics was performed using the GLM procedure of the
SAS statistical package. The pedigree file included 5541 kids produced by 261 bucks and 1616 does. CFC
program was applied for pedigree monitoring and computation of inbreeding coefficients. In the first step,
genetic evaluations and Best Linear Unbiased Prediction (BLUP) of breeding values for weaning weight was
computed with the animal model by DMU program based on Mixed Model Equation (MME). Mixed model
equations were derived by maximum likelihood from the joint normal probability distribution of the data and
breeding values. Later, unique dataset was introduced to the ANN models by the R statistical program.

Results

A variety of models including, multilayer perceptron (MLP), radial basis function (RBF) and Support
Vector Regression (SVR) were used to build the neural models. The artificial neural networks were trained and
several networks (different hidden layers and nodes/ neurons) were evaluated. In artificial neural networks, the
data were randomly divided to two parts (75% training and 25% for test/validation). Best architecture was
selected according to the mean square of error and correlation. The final architecture was based on the two
hidden layers for all models and the fitted numbers of neurons for MLP were 9 and 10, for RBF were 10 and
6, and for SVR were 7 and 10, respectively. The error and correlation factor are the two important performance
metrics that helps to evaluate the performance of the ANN models.

Correlation between true breeding value (BVs predicted by MME) and estimated breeding value (BVs
predicted by ANNs) for MLP, RBF and SVR models were 0.72, 0.49 and 0.73, respectively.

Conclusion

Analysis of farm data showed that the MLP and SVR models have higher performance than RBF for
prediction of breeding values or ranking of individuals according to their genetic merit predictions. There is
not sufficient evidence to support the application of ANNs for computation of EBV in animal breeding. More
optimization of this novel methods, especially pedigree inclusion in analysis is recommended for future studies.



s s
Yol OO 04394/ (S (}" g
YFYF—VAFA .g(y(&l:

Homepage: http://ijas.ut.ac.ir//

uﬁa& ’;JJJ@I

PR ) 5 (S 39 liske b S g (5 g (was sasw S

Toslj,e 85, |rd-*¢~3; ol 27 408 Ry oS |‘g‘i9f | yvome

samiragavili74@gmail.com :asbll, .|yl czacius ¢yl ,S olKuiily ¢ g 5y9liS 0asiiily ¢ old pole 09,53
m.razmkabir@UOK.aC.ir :asbll, .l ! craiis (b S olKuisly ¢ g jy5liS 04l ¢ old pole 09,5 ¢ Jofumo odiaan s .Y
arashidi@UOK.ac.ir :asbll, .|l s o )lws S olKuiily ¢ gy9LiS 0a8Liily ¢ o> ple 0g,5.Y
rezgar.arabzadeh@uwaterl00.a :asblyl, JsUIS ey gl <o) 5lg eg) il olSils ey} Lageo 5 o sovieo 09,5 . ¥

oS>

g 4

o Ol

o pole Ao jl g pole iliee adie] 3 (6ot A8y p3l AR 3 (Esias (pas oS
et dmobn > (Soas (mas (S 3l Sl () Sl S9S GRagR Cul adl
L )5S de Cho (Mol o)l cunss (i5u 53 ad plol B g0 o 3 65 b Sl 09 o (S
Oled pgd yiSu 10 b i DMU bl 5 lawgs g Jlas o wlol p dalisee &¥blee SaS
Sl 80 odliiwl (eounn aas aSs gl lp (999)8 ool Glaisds olasyie slaedls
XS b oy 5 S8 dlaye diz o ool 1l R a5 Laugs e ginn omae (sodSed (glyo)
oy 455 ol 1 ojite sl PPCA Lbs) b Goyletols 5 o0tieS slaodls o )iyl Lol
OiRgs 2 9 (AYB) 9ol 5 (7V0) 390l atuss 53 sy ool sty st alas 5 wlido o ((Sison
& (MLP)Y xix g5ty sla o ol o5 503 ol (egian (omas oSl jl Jho 4w (S28
e e ol 5 Sy (gl dm s po )3 55 (SVR) ety )12 (y5ms S 5 (RBF) solad 41l
AY 90l b Jdo dw b g &Y 2 53 baygye dls g lei 4 sl Jolis aSus gt (g)loxe
>l (35)) (e (Mol (1)) (Siser (33 polie azily |y SIS g s)lone (e 0oy
ras $eSed ) Jolb Mol GB5) 01 gt (Mol G2 g (Ble Yok ) Jols
dygly IV 5 +[FA < IVY S & glae e slaodls )3 SVR gRBF MLP (slaJse (sl (9o
YL [ Stasad i LSVR g MLP (gla Jio oS 315 L (ghie yjo cslmodls bl i ol A5

S 1y 65 e 0jg (Ml 3))) Cdo i el (g piml slbs e

o o

iy Ao

AARAVARIA NG PRy T

VY VIYA 1,555 g U
VEY/oA A 2y oy g,
DRI TR e PN

o5l guls’

w Mol ) S
F aEgian as sloasid
S ped s e

Mol (5] iy bl (Jos b Jae g (souan mas sbaSis SIS (V) 85, wdljose g el (gaudy fhasme (S 05y Hisem ((bigS 3wl
DOI: https://doi.org/10.22059/ijas.2023.353747.653928 ¥+ \-¥VA (Y) 80 «ylu/ b pole 4 puiii

B %ys © Ol ol ol i) e :).JSU
By No DOI: https://doi.org/10.22059/ijas.2023.353747.653928



mailto:samiragavili74@gmail.com
mailto:m.razmkabir@uok.ac.ir
mailto:arashidi@uok.ac.ir
mailto:rezgar.arabzadeh@uwaterloo.ca
https://doi.org/10.22059/ijas.2023.353747.653928
https://doi.org/10.22059/ijas.2023.353747.653928
https://creativecommons.org/licenses/by-nc/4.0/

’f’fy‘ﬁjas)lmﬁ;w’al&éy sjjd;d/lg/‘;ob/o}l.cqﬂ f-f

Aodio

o g I 015 Ml ol Jolye g5 0l i (Mol (i)l (gYL Como 4 by o o ik o]
35 3 sl slaud (b 5o 33l ol 3] 5Sile gllan s 5 S5 Cply & lid ol 55 ol
sy 9 5y eily me Gl Cnsne (ANl (855 )l VL (S5 (Sianls & cunl (Gl Sl
olel Jdo 3 (635 oy b (S byl Jgamme Sblgs Sl 55 i [(Razmkabir, 2011) cuwl cblges
vy orrzely 059yl IS ysbds (Henderson, 1975) cusl (slo o leMbl 5 wigid (sbadysSy 5l edlitwl 5 cuvlio
Al¥e ey nl S8 4wl (b o)l ot oppie ) edlatl Sllge (SMal (55 npie olp
it |y Mol 5]l 3 5 3591 s & Cm VL by Sl o (s355kinss sy (S5 (sl ol
S5 i)l 4 53 b isnelS )3 Gyl Jdsa VAAY JLu jl5 SLINABY Lo )3 (e jin bawgs () cnl 25
.(Bourdon, 1999; Henderson, 1985) .. sdlatw! lles

o) Lol sl 03g) 5 g del)S ( S5 Ol g (Mol slav s o i 53 balisee &Yolee I ealiiw] k> ya
b9y Jl odlisel (K55 b)) sl el (slacn 5ol 5l (ol 515300 il 5 2 o Slbxe s I UIE by,
Shahinfar et al.,2012; ) cuwl 03,5 iy dawgi pole calisto (sladie} 1 (il Jdo slyp a5 cuddpuile (5,500 sl
NS Mbu.oru’_cw smas swaSui (puile (6,u80L sla by cp yd Lhey (p ydlazie .(McQueen et al., 1995
sasi (Beale & Jackson, 2017) cuwl 48,5 )| )8 dsgi 390 0391 (aamwlio 0058 dw i aSG) Wy 4 b b
ol 520 silon (oMol (3105 b o5 il o (o gian (hgn 5 edle (553 I (2lasgee pj (Ssian (pas
smas pime | a8 pl (sl s Mol (Abdollahi-Arpanahi et al., 2020) suib o sdory Jlus Jo a4 28
Sdam sl Ggyg wles J (sgan Sogyg podls plo 4 Cunl oad 4)S pledl sl (y9)98 by g &5 (L]
.(Sharma et al., 2007; Khan, 2022) 15l se oygusST g o ya3 (glyls

E233 oY e wY T WY

e ez

(s 033 -ew EBV)

e s $Sub Sy Slads Jilo Y S

g ol Y 39y 4Y Jold (Lol &Y s I (ogime (was dSud S 09 o0 odablie ) JSI )3 oS w5Silen

=9 S olgen Lol Cunl g4 gl Calisee (gladSid 5 b Jao (0 leds Y Sl sl oils LSS gy Y
OY pl ) Slubre 58un o Cul (63955 g0 Y oige p SleMbl il aalsy (Krenker etal., 2011) 5,10 yiey
OY pb 4 aS Sl Y .Canl ply Jae 13 09350 (o jpusio dlaxi b (63550 44Y 3 a9y dlixi Y geme Dl cad plol

1Machine Learning (ML)
2Acrtificial Neural Network (ANN)
3Artificial Intelligence

4Neurons



Feb HIK0 9 a5/ @Yool i3y (i pd bliseo (i s Jae g (Eouan omas AW (S, (gl - alc)

o 909 O ) &Y (pl )3 09598 e s Canl )Y g bl o baodls o g Jae (Sdomg @b sl Bgpme oy
Aoy y> 9 12l geil g Ghjgel dlsje 93 534S oY 5 lanygyg s (e g 4Sd (ylene (sjlodinge |
295 0903l Al ye 53 35 e &Sl (9399 SgN il 3 53,65 o Sl Wi Shigel 4SS 5 gy Lbisel
(Adil et al,. 2022; Kujawa & Niedbala, 2021)55. 0 1)l cons  slolics (639)5 (565 9 oj50] dl> o yulioly

B35 5 ol Vb (Ul Jdods 5 4zl adgl (258 4 5l (oghuan mas slaSid (bl sl e plos o
0S5 J) pole Sasls | 5yl 53 05 ol oy Slaptis (355 Jo 5 35 )35 (iman 5 bk
B oYL (650L culblB couas as o &S S0 ol 4 (Bishop, 2006) cuwl suds eslaiwl s giuns uac
s ol 35l plosilp 4 Latly) 5 @95 (53loJse c(63959 slaodls jl slaSd S8 a1y Sl @b o Wil oo
Russell & ) aiil dwsly (6 pSeuis Cuddgo ¢ ole Calidee (sladine; j0 ddlS dad dw Job 13 &5 Cuwl 0 Cogo
.(Norvig, 2009

Shahinfar et al. 2012; Rosado ) cblges 5 LS > SMol (o5, Gswiin » (Eouas was sS4 5]
9 > e Gliee cwyhe (AKKol et al., 2017) 55 ;5 o0 (yjs sw e o(et al. 2020; Ghasemirad et al., 2016
d>e> Dy Jouie dLacroixet al., 1995; Gandhi et al., 2010) Susj bld 51 5y slayg Gl o uSgp
Mass Jbs cpl b ol 428y I8 & (Norouzian et al., 2021) o5 5 S > 5hiel oo yiws (Roush et al., 2006) suissS
Magotra ) sl sgaoe Sag8 (SIS jloeits ()9 )3 oy 42 g pld 31 Mol )3 e cpl (65,8 & 3 o iagy
e Sl adllas ¢ JaiST imed il Gas (et al., 2022; Pour Hamidi et al. 2017; Ghotbaldini et al., 2019

Do o 33D S s 9 Cuo ldejie laodly SaS & couas awas aSul jl ealatwl b SMol )53

gy 99190
LS“‘”M L;l)q-l Z 9 >osly u*’)bf 9 u.,.n.S J)‘.S o cdliﬁ)}.@ L;Uao.)b 4;)>uud| JAL..: uﬂou dw yd @5‘5 LYy
Dgai g0 03 s gl dayiso I plas b el ogzu g LS cdaldl jd S BT plil soias uas

(S48 330 Sl031S S 443
oAb g oots

WYY (slaJls (o oad ol Sledbl 5l 35 50 52 03 (655 b (39 S (2ol (5551 3551 (sl gy ol 5
1y ool e gy ojlod Joli oo ol 0 oolinu] it i yed e 3 o5 Mol 5 Ubyen oliugl ;3 VWAA L
Judos g 550 .0 oolel Excel ljale 5 5l oolil b 1l )5 6,5ei cleMbl 3gs 0,5 slad oSy slasi g jole o)l
)3 aloul SAS 8.2 ,l38ls 5 Lawgs Jho ;3 dgge Culi Jelge awyp g rodly (gLl

6)‘07 JM
(REML) oa 3gam0 olodcaunyd yiShas gy g 5 Slows Jhe VY 5 odlitnl b (6,5 1ud o159 Cbo o)lol 4550
(Rashidi et al., 2011) X539y 5 7 b 4 o3liwl 3)50 sla Jdo .28 )5 plosil DMU l38le 5 0

1Training
2Test/Validation



VFoX 090 & ylais iy g oloeiy 6,99 o3yt (ol pgle 4 puii

(V
Je ol Jte doleo Je o)lews
- y=Xb+Z,a+e J

- y=Xb+Z,a+Z,.pe+e y
Cov(a,m)=0 y=Xb+Z,a+Z,m+e r
Cov(a,m)=A0Gam y=Xb+Z,a+Z,m+e ¥
Cov(a,m)=0 y=Xb+Z,a+Z,m+Z,pe+e 4
Cov(a,m)=Acam y=Xb+Z,a+Z,m+Z,.pe+e £
- y=Xb+Z,a+Z.c+e v

- y=Xb+Z,a+Zype+Z.c+te A
Cov(a,m)=0 y=Xb+Z,a+Z,m+Z.c+e q
Cov(a,m)=Acam y=Xb+Z,a+Z,m+Z.c+e )
Cov(a,m)=0 y=Xb+Z,a+Z,m+Z,pe+Z.c+e )
Cov(a,m)=Aocam y=Xb+Z,a+Z,m+Z,pe+Z.c+e )y

S5 b3l sy tmeeatiane (ol 38l (S5 Ll by raccol Gl by b wlalie by y b s pl o oS

A g Cuol 03ledl Clyil jloy @ 5 Syidio oo @lpl jloy 1€ o gydle o3l oo Sl by pe (gl il3dl
Oy @y Clalie o s 7ib by yile Zpe oZm Zc Za Xyizmen Sl o g8glin s bailgy s ylo
S ydieo base il g (gy0le w38l (St lyil o gyole (o3l lawme Gl T cpaiiane (]38l (S55 lyileculs @l 3]

il B (S5 Gl g paditane (a8l (S5 OIS e mib)lgeS Cam Cpizmen WS 0 LBy Claalie Jbp L,
A e iy ook

:(Akaike, 1974) w5 osliul BT eMbl Jhse 5 Jao oy ycwlio s ¢l

(¥ dlay,
AIC; = -2 Log L; + 2P,

el (g palio Jao 5lai 3)90 Cio il lgoS

(5 gt i GBSl Sl 3 0313 G010 ¢
DMU 13510 5 31 odtd (B y2o 9 !y

olysa (Mol (55l 4 by g DMU Sl8le 5 lawgs (Mol (55)] dnslne 9 o Judos 5 45205 ) an
odly g Byme R 158l o5 &y Cunl o3V wae sbaaSils (glp &5 wb adlsl olaodhy & Jld e o i yuxio
S5 8 3l g edle G e ptal) 98 i e Jlo (g 0)led (g Jol (o ghan (mas caaSid 2l sl dbg e
W5 0,53 .CSV oyt L EXCEI 3 Waodly 18 gy (68 s 5l o g



FoV OK0 9 (55 @Yool 3y (i pd Bliseo (i s g (Eouan omas AW (S, (gl - alc)

Wosts 319 5 3 CueS J S

Il (el ll s plos] Al po ptis (b cgine s laaSis (glp b odld (o5lo odle] g laodls bjls
Gl pll sl (R Core Team, 2021) ui oolizwl R 380 p 5 laxe j> pcaMethodes @S oaied (slaosls
loosls Jols st 3145 Canl Sygo ol 4 @l gl 3)Skas 0556 39 PCAT&l o ol cloailye ulos bl
S S 3ol saied dlasl b ) sl gt len b alaie oSy (oolasl g o ml opl S8 4y il o 00iiaS
23 29290 (glo o (gylo] Mzl (ool yolaio 4T mosls (Stsen T oS 58 5 il loanlp 5l S
88 Syge COMPIOt s g R 581 o5 b 6lSats  Siuwon fy905] D90 Jo

il oo § s pekio S
awsld (ool gla mo b uls g odgs dleld S pd aools L;Lm.x,: sl copile (6530L sla gy b (giludde (gl
2R laygin 4 S (5355 el (6365 30 5l (o 4 baape (gt Jlio gl 0 dalgs s sbnl el | j il
o &S Cawl cpl (g3l dylaliol l Buas S e Wl uibylg 40 gyt (i8S et cpl (xSSbe cpl il W)l Waedly o
ool W pusio (g 5lwdylliwl (gl 5 Jge ) 5l 00,5 ,\,;u_g L b et oled o Jyle bl oIl S a4 b o plos

(Garcia et al., 2015)54: 0
(v
X —min

max —min

4 . A oy e
09037 9 03987 S & 10N
A 0l polaid] s claodls 4 daodls dlo b dops YO ¢ 55900 (slaodls 4 laosls JS ]

Eguan s SladSui sl 2!

&Sy bl e (sghan (as (dSid | plasgecme o Pl p &S 0D edlatul Jae dw I (S9S Giaeg 5
Oty ) oSy sl KeMIab &S, 5l g (olad b @b dtun g V> (95t &8 Jio sl RSNNS
(R Core Team, 2021)4;5,5 oslausl

VY W (g yiam 3 S
ol 0l S5 (295 4Y 5 leis Y (00959 4V Jold 4Y dw jl couas uac saSil e g4 oy
@ o JUSw 9 3585 0 43Sl 0ld s bayig 5l 6 wSS )3 a8 (63,9 leMbl bwg i aY slagg,e

GY lagyg)e 5l JuSw cébys 5l (295 AY (lag)g Sl )d o (295 Y slagygyg 4 dx gl G

1Missing Values Imputation
2Principal Component Analysis
3Data Correlation Analysis
4Features Extraction by PCA

5 Rescaling

6Data Partitioning

7 Multiple Layer Perceptron (MLP)



’f’fy‘,ojao‘)lmﬁ;p.?d:gjal&e sjjd;d/lg/‘;obp}lcqﬂ feA

S90Sl 3okl g (9399 Y (slorje S o B 355 5 1) W UK ) Lales 5 03,5 paaadi |y o ¢loy
Aboe s i cpl s )9 (295 A U g

'Sl 4l &6

LY ol .l (29y3 5 Sle «809)9 suY dw )b by Juo ple aSled (uas aSs S e & RBF aSui
oo 4Siloj ofgt ok gloJae > &8 bl nidl o Y S b RBF 4 (gl (03 B0t ©ose 4 0l
ol 3l S a8l o dlpiig (60b5 (slaoly eyl o (sl 1 A o T ialS Jae ol SIS el YU laosl
3 pols i} 5 .(Zhao et al., 2019; Craddock and Warwick, 1996) cul ;s &Y s 5l eslatwl b i,
A 0dlatwl RSNNS 255 S8 L g a4V &ygo & RBF s

" ol 319 3 ygm 5

Sy Bodly (gilubiz g (gainates (lp (ilise slaby) 9 o oMl (gee Sy g ARadL iy ) ! ]
& plasl g o daodly 13 3990 (o3l Laskis b @dly 1 .l oy ole’ 6o slolis g, cpl 5l (S
S5 Gimg 5 oSl (giludlad g Sl (So platty o e )S) 20T S @l 8 medls (gilulir 5 saiane
A5 o3l iy o g JAtws juile (o S250 595 sl sl o )

O S R
i ylzel sl ansld 1y a0l b ybjeel (claodly dtwd p3 jgdn uild odls 4SSl ol « Sriwyliel dls e )
W oolatwl Ay A5l 5 Budis

S S8 dingd (5 o2 1 ) 9>

s sl 5 3T pgd 5 Jol slaasY 5 gaito ouS 55 (SVRy MLP,RBF) 6laus (sla Jio j1 Jio o el
(MSEF s lagyo (:50ko (slogsig) jlecsySol ald Jsb 50 s ()l g (it Silome () couslio Y ol
o (dmpia (Mol G9))) (e (Mmax) (Niwwod (2 5Vl & b Jse Sl ol po ol (spody b 03litl (Sunso
bodd gt (Mol (55))) i (Mol (51 L ((giae (ras (aSed b ol Gnpin (>Nl 55))
aolez Ol Jaw p s Olsre a0 ol 0,65 5 (MSE) s jlade oy yieS 5l g il ails 1) (el <Yoles
s ooliil Joo (p i el dnle 6l 2 U508 5l (G955 Llsh 50 o

(¥

Tmodel / Tmax
MSEmodel / MSEmax

index =

1Radial Basis Function (RBF)
2Support Vector Regression (SVR)
3Pattern Recognition

4Kernel Function

5Cross Validation

6Mean Square Error



FeQ G0 9 a5/ o @Wool i3y (i pd Bliseo (i s Jae g (Eouan omas AW (S, (iogf - alc)

W 53l a0

'Sl et | g pglas &ypan Ul @l R Il lusg ssias uas cloaSid Sl Jao aw 3Tl ey
42 5401 00) WU plos glis ¢y ) (silaxe coyite b (Lt sl 95 ol Pl (el 35 055 JPRY Can b L
Slolyd & basye plSsinn b jhged puised b 00uiS ol & filled.contour jgiws lawgs g 6,83 (Jio o sl
A5 030 JPEY o b b pyguas ey ol (sllad g (Stuwrod o g s g g0l (sloodly

) g Tl
1450 Slrodls Sy 4 i
0 s g oIS (5 boT o gi
Ny e S dlyo 3 9 oS (b 53 el s Bl o5 Jsin 5 6 J s Clho (hnoss slaods
W23,5 7,6 UL I A clild dgag deld 5z g B)laiels 031> 350

By 32 S5 e oy o )l o N g2
o slass Sl Sme 1yl Hme ol LIRS Sl o oSy gy
S35 09 ARl \O/FYY ¥Ivos o5y Floe - YAID- YV/320

BAYYY el 4 bosye oolaiul 50 0,50 wCunl 50 50 0yed b1 4 Wosly Ly ogMe o S5 b)) sl
(Y Joi) Cuwl g dlass 0OFY Jols a8 540 VFAA

P g Ul 4 bgpye CleMblLY Jgd

0¥ Cazon D3l S slaws
Y\SY Osen 33l aluss
\rd) Ol JS sl
PN olyple JS slass
VAYY 05,8 sl ol al slaws
Y5Pf 5558 gy 33l Sl
AN olgils ol lawgio

1Heat Map



’f’fy‘ﬁjas)lmﬁ;w’al&éy sjjd;d/lg/‘;ob/o}l.cqﬂ £y

wlio Joo ol 5 (S5 (13!

ool p 39390 (sl Jio L y> (Bahrami, 2019)cé )3 )48 duslio 3y50 Jdo VY 3liss (6305 a9 Cato sy
e I e s 41 Cannd D o (35S b 5 2,05 |y ke e 48 sl Je o oyt SolST M) Jlone
A oalisl (8 b yjg o (S5 il g w328 slp Jde cnaslie plgied 5 Cubly (58 ST M
039 o (Sl 0nd 0015 o pdy g ad 350, DMU ljile 5 1 elisial b glasso (slamosls (S5 slo 2ol
DMU 138l 55 b osds iy (oMol (sl o)) (gdm als po 53 s 3yglp «/NY /o) @ Jito by (615 il
(S ) O3 5 £95 iz (Jlo Ol oyled sl ol o (> (Mol 35 i g s 2 b g gl el
A ool (yimgks ped LiSu (sly (3909 lpiedr LB ol b g aly BB SG Spge 4 ple g 6365 b e
b (£ ghan (nas (bdSud &

S5 g0 (was SBAS (51 010 310
1 piiio LRS! g oINS (Fwwod Judond g 4 32

plol Gun pl b Sed (6505100 amd o LS 1) b b st oo ¢ygmpr (St im0 ¥ oojleds S5 )
Sl (3L ol e, el 5 (S6 e sl ansh oYU  Siaend g Sliged Jituo yuite 93,51 45 03

o = .

o = ] @ = x

= S £ < 2 = b
Type . . -@s . 001 -.1 -0002

DamAge . . . o4 o 083 ]
e @ . - @ o -m

AW @ 0@ | oge . o @ o
bv  0.@1 ofw . ol . . ]

wog w o @ @ . 0z
Sex | -0s02 [} -0m02 [} ] . .

Sygo @ 2ld Jhe 53 3lge plad g diten (S JMal (ShI> (6355 1S ()5 22 Fge o yiie 45 3 (LS b

Sad Jlesl las

1True Breeding Value



VY OK0 9 (85 @0l 3y (i 93 Bliseo (i s g (Souan omas AW (I, (gl - alc)

SF g0 (s GBS g (S oo

0xSle (o b9, s 5ol 2018 Jsb o (ogias uas (sloaSid i)l 5 e Yy 958 sl (38 (4l
5190 g1 (Sinrad 35Vl g s e (sl &8 IS ales 53 5 A5 0zl Stumsad 5 (MSE) st o
) 05 0303 L5 ¥ S5 13 45 05 48,5 (S 5 lages 5 olis ylens ey (sl 15 4,8 S ik

Mges 3 (bla .l 0l puww 5 pgd 850 4Y g Jol a5 Y dlawd wlul p Glaie jee 90 (Sl Jhaged )
4Y )3 (MLP)aY dix gy a5 Gulod ] 50 il o a0l > Jio s 3)Skes 1Siky @)l oy ) &S
wl @b a6d ) Geimen ) 1y 3)Sdes ppine (9098 Vel gy (B 4 il g gy A A (Jol (ke
shp ol s ) 2 )Slae oy gy Ve 2l b pgd (ise 4 g (99 7 ola b ol (isee 4 (RBF) eled
0909 N+ O pgd (e 4 )3 5 (4998 V3 Sl ise 4 )3 Al 4SS (SVR) sy Yoy (e )Sy 458

Cusld
MLP Test index RBF Test index SVR Test index
10 10
e 500
8 0 8
400
2 08
5 o 5
H 2 6 300
g = @
& 06 ]
o3 2
& 200
4 4 44
100
- 02
2 P
00 0
2 4 6 8 10 ‘ B i i o i3
15t lay =

Sglite ¥ b (¢o nga) MLP 5 (Sl yga) RBF(cul) 5905) SVR (laJas (giloans 4 bgyo (5l jlages ¥ JSd

LSl g ol 1 iaS 9595 dlaw (3100 3,95 blisl b cunl ¥ &Y ja (gly oads QL] gy90 dlaad )90 40
9 8395 S yurie o by Cuns BB 4l (s ol j5 .0 swles underfitting sy 5 (5jlp pis 4 e
algs OVerfitting oas 4y oo il aio dlawi 5| i 9y S 31,50 3,k 5l a8 sl g cass |y 9,5
» (Adil et al., 2022)> 5" salgs cél aSis s im Uy 5 S (Jde Sz o 4 50 bulps ol o
zls! o,y o Jio slaans b 4 e aSis l eolatl &5 Wby Lis (2003) Grzesiak et al. sadllae
33 opomed D)1 (YL 0aiS i 8 g Gl e )S ) sla e 5l kel eas clanasius ) oolil g 3,00
s 3o dgr 6 yiae Sl (sl el 5,000 )3 (ras (cloaSid «Sillom 9 399 (05 slo o L dlis
(2012) Gorgulu g )3 .5dg as (sloaSs cla Shg 5l pwd Mo 3,90 g (o s disejpd YL €83 g yioS
Y Jold ¥ dw b aSud gy ol 2 35 oLl o) Y+ 5o g8 oy sl (Sgias (ras laoaSis |l
38des (as (SlaaSud a5 ol i @l a8 (Ahb 09)8 ) b 2ad 4 5 098 AL She 4Y (099 T L 6299
)l aBxz (ot g )y & Cund R0

1Mean Square Error
2Correlation



VFe ¥ o990 & ylais pimiyg oloeiy 6,50 o3l (ol pgle 4y it

Y

odd w2l 33)))

Train Data{ Error: 0.58 Correlation: 0.72 }

™

o™~

—

o

Obsereved

—

o

1200

Frequency
800

400

s 50 5 (Stuad G 2 (39051 5 Ghigel sloog,S 50 MLP a¥aie gty Juo 3,Skae ¥ JSUd

8]
o
o
->

Computed

Train Error

N
i
-y
(=]
-t

Train

(SR

Obsereved

Frequency

™

o

200 300 400

100

0

F g0 wis SBAS O Shos
it e (5 slasbon oSl 420,8 Job 53 (sian (s csba e J A5 2 3,5kee bl sl

oolie b s ol e GMS] dpasleo b s e MSE ) oolial U gly 15 b ozl Stuusens 5 (MSE)
V£ oae ol doyn a5 Aib e V= gV HlaEe Cpo (000 (Siued Cupd e el Anled Cands 0l 03] eSS
ot (Aol (55 503 Oile 4 b ol 18035 a5 3)90 Ban b (293 e & Cunl (e cpl b AL S35

St (2ol 55 b ((sguan (mas sbaSld b odd o i (Sl 155)]) oad

Db gy (S5 (lakiswe Yol b

Y W (g i g1 4l
@ Jio cpl 0 (Son Jlade g lad i .l sl 0ol isles ¥ S (3 (S81S Gjguay MLP o 5 Shas

,-‘/

T T T T
2 1 0 1 2
computed
Test Error
- T T T T T 1
-2 1 0 1 2 2
Test

el Cavdy +[FF g +IEY i 4 ygesl slaodly (gl g /VY g +JOA g0l (slmodly (gl sy

Test Data{ Error: 0.62 Correlation: 0.66 }

sl wb b

Q@ Jdo cpl 0 (Sised Hlade g s e .l odds 0ol isles O S 0 (S81S gy RBF oo 5 Slas
ol Cavdy +/FY g IV Cwp 095)'1 odly (gl g /¥ 5 +/VY ufb)'yoi slodls glyp sy



FIY O1K0 9 a5/ @Yool i3y (i 93 Bliseo (i s g (Eouan omas AW (S, (gl — alc)

Train Data{ Error: 0.73 Correlation: 0.43 } Test Data{ Error: 0.74 Correlation: 0.47 }
N —
- -
L - - L A Zlen
= =
- =
@ © - @ © -
o o /
O o
o~ S
oS
T T T T T T T T T T T
2 1 0 1 2 3 2 1 0 1 2
Computed computed
Train Error TestError
o
D — —""] — —
o
- o —
O —
] ®
3 3 N
o o -
o . 2 u5
(5 [F5
o =%
o -
o A
o - o -
11 1 1 1 1 [ T T T 1
32 16 F 2°3 2 1 0 1 2
Train Test

s ul),.n9 M o> uy)i 9 uo)ya" dhbo9)§ » RBF d.)\f.\.\% 19 35 33 J..\A .))gla& .O JS.w

Sl )19 53 Hgmw 5 5
O Jde opl 0 (Swser jlade g s 5w cwl odd ooy Jisled & ISS 0 (K815 Gygas SVR e 5 Slee
ol Cuwds +[5F 9 Nial Cud u?‘)] dh’aobb LS‘):’ 9 A1 9 <05 u,o)a.a] Lghbc.\lb le).g Uy



VFe ¥ o990 & ylais pimiyg oloeiy 6,50 o3l (ol pgle 4y it

1A

Train Data{ Error: 0.56 Correlation: 0.73

Obsereved
0

o

1200

800

Frequency

400

Computed

Train Error

I I I I

2 2 1 0

Train

[ 5]

Test Data{ Error: 0.62 Correlation: 0.66 '

Obsereved
0
1

[ B

computed

Test Error

Frequency
200 300 400
|

100
|

0
L

Test

s (iee 5 (Stad o 1 090l 5 (3350] (slo09)S 3 SVR ¥z 950 Jao 3 Slos S JSW0

AR e 935l ity 5 (gm Sy Gezmen g Y da gy S 3 S e oy (LS gls &S slailen
53 cplplo ol 039 SYL olad 4l ol Jde 0 Cund Jde 93 ol 53 (905l 5 Logel (slmodly  Siuon Hlade g yieS
D05 ot Slp (Somae (mas Al Jde (p i slas e slaodly o g a5 wlel p g pols gl

Sl oo lids Y 9w )S ) 9 YN g Jde o >0l

0903l 5 Uhjgel slrog)S 53 by S (S g s 5:S0ke Y Jga

o e @50 (550Le Je
o)l gl o9l Obigel
-[55 <Y -I5Y ) AYdin 9y
-/¥Y -/¥4 - IvE -IvY sl 4l b
N - Iyy -I5Y .o oty ) eme)S)




FID K0 9 (85 @0l 33 (i 93 Bliseo (i s g (Eouan omas AW (S, (gl - alc)

Eouas omas b | Sologw gla Jobo (iylad ob5)l g1y olasllas (2018) Hernandez-Ramos et al.
coo by 1) (SCC) Siloge sk slad lgi o ANN I oslizsl 4 sl L5 adllas ) ol 63,5 oslizu
Eguas mas LSl g Sem,S, sla Jie (2019)Khorshidi-Jalali et al. ¢ ,S> dadllas ;5 N3 wess oYU
9 SowsS) e 93 a2 )51 ol Ui adllae oyl et 038" dglie (dmly (S5 slai 0 o 0jy e ¢ln
Souas mas baSud l oolatwl bl WS o o i (Bly Hlade 4 o5 1) b g (Eauas (mas slaaSd
My s Jde 5 (Souas was (a8 | edlail (2006) Roush et al. sdss > o) 65Vl ey Ly sy
2P A Sghae ras &b &5 Gl glis g ol 18 dulie 3)90 y5ebo 3 A8 Glise (wyp 0 |y FesS
D35 )1y8 oolawl 5y90 by il 40 Wilgy

2 b oolitwl b (S b W eSS G (Eguae as sass 5l (2006) Fernandez et al. siiss s
4 o905l Olgie a0 Lol Vo g (Bigel 09,5 laie a4 Luly Y8 i o iulesl cou pls ly Y8 slaws g8 ke oo
b 29% 4 9 09y VL oles Y Y (1909 7 b (69959 Y Jols oad (b disy (g5l 8Ab (Byre (s
sl 039 i Sl S e

2 5oy ¥ob yud e i (6l ANN claasSis s MLR Jguo )5, Jie 3l (2020) Nosrati et al. ying}s 5o
Sl e i yoST L ANN Jio (o d i Como A ya b (LS Gaio0 opl guls Wb odlaiwl pgd 5 Jgl (20 i
ot 255 9 Bl 2)55) O (Nwed Gy ) | a3 SLE Jue 55 pa Ll cusl JYLMLR Juo &y capess
Dy IS 9 +[#$MLR d])’. 9 <[5 9 +[AA Cud AJANNdl)J £92 9 J9| Gmb).w 5D 04

I 5 A

Ol )1y (g ySy o g VA (g iy Jio oS giuan mas odSid (le b (Ll S8 Giagh s
St 3,8des (Mol )l i Gy SYL (Ssend Hlde 5 gl las jlde b elad 4l @b Joo & cons
¥glingd Laulyy s pilo o g 0505 (Byme 9 (3958] Cuhl e g3 (IM 3929 b pols aiou )3 4 bl 5l il
355 BLUP Cools e gian nas slodSid Lauwsd 00 i i (> Meol sl iyl e Lo ANN &

&bo

allas S :Se S (B lpeis 3wy Slas el Seen Sl L) (W) plaw cs3geote fae cuSps) (M (ool
TEVVTY LX) 0) oLyl ol ke dy pis bl 3

P >Nl byl Gnoin @l (soiae (ras Al 5 (b bl glaJue anlie (WAF) Lo dazee o) onls
L e gs oSl ¢(g5y9lisS oasliily pls ol 2 Mool S5 ad )l cawlid )5 4ol )bl o (g jlwand 9 (2l (slaodly

REFERENCES

Abdollahi-Arpanahi, R., Gianola, D. & Pefiagaricano, F. (2020). Deep learning versus parametric
and ensemble methods for genomic prediction of complex phenotypes. Genetics Selection
Evolution.52 (1), 1-15.

Adil, M., Ullah, R., Noor, S. &Gohar, N. (2022). Effect of number of neurons and layers in an
artificial neural network for generalized concrete mix design. Neural Computing and
Applications. 34, pages8355-8363.

Akaike, H. (1974). A new look at the statistical model identification. IEEE Transactions on



1FeF 090 & )lads sy g oloxiy 6,90 o[/ (00 pgle 4 pili \Al4

Automatic Control. 19 (6): 716-723.
Akkol, S., Akilli, A. &Cemal, I. (2017). Comparison of artificial neural network and multiple linear

regression for prediction of live weight in hair goats. Journal of Agricultural Sciences, 27(1):
21-29.

Bahrami, B., Razmkabir, M. &Mahmoudi, M, P (2020). Inbreeding depression for growth traits in
small ruminants: A meta-analysis. Iranian Journal of Animal Science. 51(3), 231-241. (in
Persian).

Beale, R. & Jackson, T. (2017). Neural Computing - An Introduction. 1st Edition. CRC Press. ISBN:
978-1138413092.

Bishop, C. M. (2006). Pattern recognition and machine learning. Springer New York, NY. 738 pages.
ISBN: 978-0-387-31073-2.

Bourdon, R. (1999). Understanding Animal Breeding. 2nd edition. Pearson, 538 pages.

Craddock, R. J. and Warwick, K. (1996). Multi-layer radial basis function networks: an extension to
the radial basis function. In: Proceedings of International Conference on Neural Networks, 3-6
Jun 1996, Washington DC, USA, pp. 700-705.

Fernandez, C., Soria, E., Martin, J.D. & Serrano, A.J. (2006). Neural networks for animal science
applications: Two case studies. Expert Systems with Applications. 31(2): 444-450.

Gandhi, R.S., Raja, T. V., Ruhil, A. P. & Kumar, A. (2010). Artificial neural network versus multiple
regression analysis for prediction of lifetime milk production in Sahiwal cattle. Journal of
Applied Animal Research. 38 (2), 233-237.

Garcia, S., Luengo, J. & Herrera, F. (2015). Data Preprocessing in Data Mining. Springer. 336 pages.
ISBN: 978-3-319-10246-7.

Ghasemirad, M.R. (2016). Comparison of animal mixed models and artificial neural networks for
prediction of breeding values in simulated data. MSc Thesis. Bu-Ali Sina University. Hamadan.
Iran (in Persian).

Ghotbaldini, H., Mohammadabadi, M., Nezamabadi-pour, H., Babenko, O. I., Bushtruk, M. V.
&Tkachenko, S. V. (2019). Predicting breeding value of body weight at 6-month age using
Acrtificial Neural Networks in Kermani sheep breed. ActaScientiarum Animal Sciences,
41(1):45282

Gorgulu, O. (2012). Prediction of 305-day milk yield in Brown Swiss cattle usingartificial neural
networks. South African Journal of Animal Science. 42(3):280-287.

Grzesiak, W., Lacroix, R.R., Wojcik, J. &Blaszczyk, P. (2003). A comparison of neural network and
multiple regression predictions for 305-day lactation yield using partial lactation records.
Canadian Journal of Animal Science, 83(2): 307-310.

Hernandez-Ramos, P.A., Vivar-Quintana, A.M. & Revilla, 1. (2019). Estimation of somatic cell
count levels of hard cheeses using physicochemical composition and artificial neural networks.
Journal of Animal Science, 102: 1-11.

Henderson, C.R. (1975). Best linear unbiased estimation & prediction under a selection model.
Biometrics, 31(2): 423-447.

Henderson, C. R. (1984). Application of Linear models in animal breeding. University of Guelph,
Guelph, Ontario, Canada.

Khan, M. A., Khan, R. & Ansari, M. A. (2022). Application of Machine Learning in Agriculture.
Academic Press; 1st edition. 270 pages. ISBN: 0323905501.

Khorshidi-Jalali, M., Mohammadabadi, M.R., Esmailizadeh, A., Barazandeh, A. &Babenko, O.I.
(2019). Comparison of artificial neural network and regression models for prediction of body
weight in Raini Cashmere Goat. Iranian Journal of Applied Animal Science, 9(3), 453-461.

Krenker, A., Bester, J., & Kos, A. (2011). Introduction to the Artificial Neural Networks. Computer
Science. DOI:10.5772/15751.

Kujawa, S. &Niedbala, G. (2021). Artificial Neural Networks in Agriculture.Multidisciplinary
Digital Publishing Institute. 283 pages. ISSN 2077-0472.

Lacroix, R., Wade, K.M., Kok, R. & Hayes, J.F. (1995). Prediction of cow performance with a



VY 06500 5 s/ Yool 355 st 3 bliben b (sa e 5 sEgiame s SWaSasd S (ibsfy - (ale)

connectionist model. Transactions of the American Society of Agricultural Engineer, 38: 1573—
1579.

McQueen, R.J., Garner, S.R., Nevill-Manning, C.G. & Witten, I.H. (1995). Applying machine
learning to agricultural data. Computers and Electronics in Agriculture, 12(4), 275-293.

Magotra, A., Bangar, Y.C. & Yadav, A.S. (2022). Neural network and Bayesian-based prediction of
breeding values in Beetal goat. Tropical Animal Health and Production. 54, 282.

Norouzian, M. A., Bayatani, H. &VakiliAlavijeh, M. (2021). Comparison of artificial neural
networks and multiple linear regression for prediction of dairy cow locomotion score.
Veterinary Research Forum. 12(1): 33-37.

Nosrati, M., Hafezian, S.H. &Gholizadeh, M. (2020). Estimating Heritabilities and Breeding Values
for real and Predicted Milk Production in Holestein Dairy Cows with Artificial Neural Network
and Multiple Linear Regression Models. Journal of Applied Animal Science. 11: 67-78.

Pour Hamidi, S., Mohammadabadi, M.R., AsadiFoozi, M. &Nezamabadi-pour, H. (2017). Prediction
of breeding values for the milk production trait in Iranian Holstein cows applying artificial
neural networks. Journal of Livestock Science and Technologies, 5 (2): 53-61.

R Core Team. (2021). R: A language and environment for statisticalcomputing. R Foundation for
Statistical Computing, Vienna, Austria.URL https://www.R-project.org/.

Rashidi, A., Bishop, S. C. &Matika, O. (2011). Genetic parameter estimates for pre-weaning
performance and reproduction traits in Markhoz goats. Small Ruminant Research. 100: 100-
106.

Razmkabir, M. (2011). Genetic Evaluation of Production Traits with Random Regression Models in
Holstein Dairy Cattle. PhD Dissertation. University of Tehran, Karaj, Iran.

Rosado RDS, Cruz CD, Barili LD, de Souza Carneiro JE, Carneiro PCS, Carneiro VQ, da Silva JT,
& Nascimento M. (2020). Artificial Neural Networks in the Prediction of Genetic Merit to
Flowering Traits in Bean Cultivars. Agriculture. 10(12):638.

Roush, W.B., Dozier, W.A. &Branton, S.L. (2006). Comparison of Gompertz and neural network
model of broiler chicken growth. Journal of Poultry Science, 85: 794-797.

Shahinfar, S., Mehrabani-Yeganeh, H., Lucas, C., Kahlor, A., Kazemian, M. &Weigel, K. (2012).
Prediction of Breeding Values for dairy cattle using artificial neural networks and neuro-fuzzy
systems. Computational and Mathematical Methods in Medicine, Article ID 127130, 9 pages.

Sharma, A.K., Sharma, R.K. &Kasana, H.S. (2007). Prediction of first lactation 305-day milk yield
in Karan Fries dairy cattle using ANN modeling. Applied Soft Computing, 7(3): 1112-1120.

Russell, S. &Norvig, P. (2009). Artificial Intelligence: A Modern Approach. 3rd edition. Pearson

Education, Inc. 1152 pages. ISBN 978-0136042594.

Zhao, Y., Pei, J., & Chen, H. (2019). Multi-layer radial basis function neural network based on multi-
scale kernel learning. Applied Soft Computing. 82: 105541.



https://www.r-project.org/

