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Extended Abstract

Background: One of the important issues in genomic selection is estimating the effect of markers.
In recent years, various methods have been proposed to estimate marker effects, each providing
genomic breeding values with different levels of accuracy. One commonly used method in
genomic evaluation is ridge regression (rrBLUP), which has been applied in various studies to
predict genomic breeding values. Recently, modifications to the parameters of the rrBLUP method
have led to the development of a variant known as Ridge Regression method 6 (RR-m6) to address
regression problems. However, this method has not yet been utilized in the genomic evaluation of
threshold traits with additive and dominant genetic architectures, and its performance in this
context remains unknown. Therefore, this research aimed to compare the prediction performance
of the RR-m6 method with other common methods of genomic evaluation.

Methods: A genome consisting of 10 chromosomes, each containing 1,000 bi-allelic single
nucleotide polymorphisms (SNPs), was simulated at a heritability level of 0.5. All quantitative
trait loci (QTLs) were assigned additive genetic effects, modeled by a gamma distribution. Two
scenarios for the number of QTLs were considered: 1% and 10% of the total number of SNPs
(100 and 1,000 QTLs, respectively). Additionally, in different scenarios, 0%, 50%, and 100% of
QTLs were assigned dominance effects. Genomic breeding values were estimated using RR-m6,
rrBLUP, GBLUP, BayesA, regression tree (RT), Random Forest (RF), and boosting. Indicators
from the LR method, including prediction accuracy, bias, and dispersion (inflation) of genomic
breeding values, were used to analyze the breeding values estimated by different methods.
Furthermore, the computing time and memory required to execute the codes of each method on
the CPU were calculated.

Results: The results indicated that using a purely additive model when genetic dominance effects
contributed to the phenotypic variation of the trait led to decreased accuracy and increased bias
and dispersion of the genomic breeding values. The extent of these effects depended on the
number of QTLs exhibiting dominance. Compared to other methods, RR-m6 demonstrated
excellent performance, as it consistently yielded the highest accuracy and the lowest bias and
dispersion across all studied scenarios, although differences were not significant in most cases
when compared to BayesA. In terms of computational speed, the RR-m6 method was the fastest
and required less memory than other methods for analysis.

Conclusion: The findings suggest that the RR-m6 method predicts genomic breeding values with
high accuracy and is efficient in terms of computing time and memory requirements, making it a
viable option for the genomic evaluation of threshold traits.

Keywords: Dominance genetic effects, Genomic selection, QTL, Single nucleotide polymorphism

How to Cite This Article: Ghafouri-Kesbi, F. (2023). Assessing the Performance of Ridge Regression Method-6 in
Genomic Evaluation of Discrete Threshold Traits with Additive and Dominance Genetic Architecture. Res Anim Prod,
14(4), 102-113. https://doi.org/10.61186/rap.14.42.102

Copyright ©2023 Ghafouri-Kesbi. Published by Sari Agricultural Sciences and Natural Resources University.
@ ® @ This work is licensed under a Creative Commons Attribution-NonCommercial 4.0 Unported License which allows users to read, copy, distribute and

R TEETH  ake derivative works for non-commercial purposes from the material, as long as the author of the original work is cited properly.



https://orcid.org/0000-0002-2219-055X
http://dx.doi.org/10.61186/rap.14.42.102
https://dor.isc.ac/dor/20.1001.1.22518622.1402.14.42.11.8
http://rap.sanru.ac.ir/article-1-1371-en.html

[ Downloaded from rap.sanru.ac.ir on 2026-07-01 ]

[ DOR: 20.1001.1.22518622.1402.14.42.11.8 ]

[ DOI: 10.61186/rap.14.42.102 ]

yoy VEY I o)los /onylen Jlo (ol clidys sloimg

Sl o e 5 (5558 agle sty

g i Jle

95 2035 2 Ty 095 5 i (9 35S (o) 32
Cadle g ul38l (Si05 gl b hhailin! Oliw

oS (5 )98 Doy
(f.ghafouri@basu.ac.ir : Jggue odim55) ¢yl echion b (o gy olRL1D ¢(555LiS 0aSLisld ( cald pole 09,5

VY0 b ks el VY Y el )l
WY 5 VY rasmio

b o 045>
laySobis 51 oygl e e 3l ladlo (o )3 ilises slagag) ol laySilis 51 oysl (pags) Bl )3 oo Bl | (S 1808 g donde
B9 #9553 el 3550 sl 5l S leiee gl Felite cono b 1) (pagy (Mol sl i)l phST p oS Wload Slety
o Jlosl b sl ool )3 118 odlinal 3)50 (0955 (Sl syl (s Gl sl e Slalllas )3 o8 (TBLUP) oo gy 5)5)
b el o3 ooy (geyS) Jilus Jo slp (RR-MO) oid (g )=y 95 Ol €08 gy ol jl slaseus TBLUP (2, (slayzelly 5
dioj ol 3 ol 38bos 5 ool 48,5 118 o3litl 390 Codle 5 (I3 (S5 (glane b el Slio (agif b 53 Sy ol 055 S el

A daolie o935 2l 0 ) saie) ple b sy cnl (s Liw D Sdes Baiw (ol ) 1V s yasein

4 lotend <10 ey o 53 (SNP) (M 53 cusgtSsi 5 KL Ve v (sl plaS yo cpgjgos S Ve Juld ogis Wby 9 D190
5 /) Sygods QTL dlass jl gl 93 i (gl Jde Lol mjsi b Lol el il a8 as ooly iulil (Sisj ol 31 (LQTL) oS clio slaolSls don
I 7N g 0e oo &y Glises (glagy )l )d uioman a5 485 (L5 )5 (pgjees)S yo slil 4 QTL Ver V- i) WSNP S slaws 51 V-
S (RT) (Gomw)S) c&)> BayesA GBLUP arBLUP RR-m6 (slo ) jl odlitul b (cog3j (>Mol (sla sl o ools codle (3l LQTL
w325 &y (Lags Mol slaisy) o)) LTy g (o)l (s Ui Como (sla a3 i 5 00 39l Boosting 4 (Random Forest, RF) sslas
O35 sl jlo 390 dladle pline g (Slale loj (yeud )3 018,518 e3lial 390 cilisee (sla gy duslis 5 Jols (Mol sla 5] Sl
A5 dsloe CPU (59 2 Uig) p2 4 boaye (slasS

Ul 4y e ALl 4l Sl Cho (wigd £a ) cale Kij Sl & Sloy (il Bpo Jae Sl eslital oh lis ols svaidl
3 ol puiins dlasly )b cdle Bl a8 GQTL s b ] olise &5 05 aaled o955 (Mol slogysjyl (iiSTy o ooy Gialiil 9 como
w95 ol byl wad adllae (sbagy )l (olod )3 &5 Fygon 3l li5 355 I (agllae Yl 3, Ses RR-M6 g, dagsbg) nlo b aulie
ey 53 1295 )13 ine BayesA (g b ol Sglis 3)lge jidey y> a2 51351 0,08 5 (ST g (ol nieS 5 Como oyt Sl O 51 ol
el glanl b il g 4300 plsl sl (6 a8 Alabls 4 Lo gy ploo b duslie )3 (o )3 9 392 Loy pime pw RR-M6G i, Sleslona

ey S 55 5l ped )3 g WS (s Gl Vb Eomo by (o) (Mol oy RR-MG. g o8 Lol 5100 olis gl 306 5o ot
905 o3kl Y ailiwl Slio o555 2bs) e ol 5 olees sl 2oyl H Ly 55 5L5 3590 dladls lie 5 Sluwloe ploc]

QTL ¢ T 53 (35585 55 S5 St et Sy Ol e pagis Ol 1 g adS (canjly

2ymly ool (B8 o plosl o 035 (a38 gl (gl
bl ol by adgs 3 Shes ) 2P B cdpin
5 oy oMol ple iy b ojgpel (Hill, 2008) 3,
Sl ool ol lulis 5 JsSle S5 (slacSuiss
sy S JSE s slaSlE gy ) LS
b 3 ) it (o095 (2l (2] lpiee (SNP)
wmde hbgy |y pgi JS &5 ala) S0l Il geas
dpbee A (o) Bl gy cnl 4 b el
i oLl I Gaa (Meuwissen et al., 2001)
DNA g zdow 3 dsss sboodly I lojen olémwl
Guo a5l o olaty U Conl adgid glaodly ol jonnay
b Sn sleeld 5 03,8 2Ll 1) bapls 5bj ansa o oloj
ey b dunllie ) &5 WS () (oS )3 ged i)
SB) Syl (ke (e Sl g b)) )
2558 onlile 5 uileygi )l D5 aw 3 1) VL
g odly Liolil dod YV o VY e ety cud gy ) awsl )
MY oy yade 315w p3 1y s aliold ] ljlge

.(Doublet et al., 2019) sl o3l> Lials” Jls ¥ 4 V/A

dodlo
ot Slacoglgl 3l ojlgan joiS lie Clolis] el
Sy sodo ol sl &S 1 Conl 02y 039y acdgd
ol amled oy 1) alise slal 3 g drwgi g
Bro olgie oo slite b e clblasl gl gy
&S olaely ol 4 ol Gl 1) 39390 llges sl
o ) ez |y Wad el asly o ade li8l Cow
(Hill, 2008) coul Jga> B 315 Mol 5,k 5 GBun
s Slao )3 Jse o) Cuntl v g ple S5 ML
S5 Mol y3 wreo sl 3yl 5 (S Sl 5 ol lapl
5 e &lys Jgol 2S5 S g 590 ol ) el
3las Glize Dol lio (K55 S8 (S
e Jolgs <8y Jidsay o5 0o plonil laphy s
Jeiliy b Slilgs Clouil a4y jomie Lag3l g 395 (45 (s,
EYoleo S8 & iy 8 Lawlgl 5l ad od YL S5
{Henderson, 1975) ;jgwydin lawg oads «l)l Llisee
&S gl Mol gla i) Golel p 5y Sblges Olss!
g owigd Cledbl WSy Ly Slas slbJae bwy


https://orcid.org/0000-0002-2219-055X
http://dx.doi.org/10.61186/rap.14.42.102
https://dor.isc.ac/dor/20.1001.1.22518622.1402.14.42.11.8
http://rap.sanru.ac.ir/article-1-1371-en.html

[ Downloaded from rap.sanru.ac.ir on 2026-07-01 ]

[ DOR: 20.1001.1.22518622.1402.14.42.11.8 ]

[ DOI: 10.61186/rap.14.42.102 ]

V¥

slass sl bl dluws i 81 IS jsbody il ansly d93g
Dgr dalgd Y ulyy Seid dted

1,55 3 2351 oo A5 53 o oo 3 (5
gl e 3l gl (b ) (alisee by, ol
& (Howard et al., 2014) wlbus sluiy b,Slis
Baneh et al., 2017; Ghafouri-Kesbi ) 15l oo 35l
el gy S (et al., 2016; Teimuria et al., 2016
il Slao (o093 (i)l )3 Py gy Sl ses ddnen
sl by cul p3Y 5 wil cglite (S5 (gjleme L
Slyr Sllge (o935 (Mol ol (gt > iz
O 9 NS )13 dualie g (up 3y90 Jlaidyge Lo
3 ol )90 LIl dmpley Cove (il b by,
(Neves etal., 2012) » .8

Threshold

S 58 dlayd

halinl Sl (ogif (i)l )3 @ Gy il il gy 3 es oy 0

@oladl 5 (BUS Cuny Coonl & Jlao I ()b

S5 JAS (g WIS (op et dwgoli (Sloged 4 1>
6bj by w5 Cuwl oS Glie wlie 4 bl
4w 90 b (ghlown 4 Culus 2l Jlow Lad o JyuS
Sl 5 pladly o > 3lig5 s colls 5 Mine (s
(Latent Variable, Viability) sl e & liw
Sl o (095 ) Ogasgr S ghaw diile) Cul jpaie
Sy ymie a5 oble asl Jboy Ciygods darels o
gl 5l (S jliagge 338 0,8 )13 bl Sl il
Sl ey e oS Jloj 5 3 1y b Mt it
i 5 (o) p9> (aigid diwd )3 3,8 S, ) Hlain g
Sn &ly (de Villemereuil, 2018) 51 & i) 5,5
sk Canl Sen Giuly s 50 2l slawy wile S law
Lo clbdind ¢y M A 3 g wlinl K

Liability

\

2 2B
(Phenotype 1 )( Pl;enotype 2 )

(de Villemereuil, 2018) .59 dzwd 93 ¢ alial G b jhaslinl cin K g jalls -V JSo
Figure 1. Phenotypic expression of a threshold trait with one threshold and two phenotypic classes
(de Villemereuil, 2018)

5 il (S5 Glewe b babnl che Gl
b plol e

g, g 3190
P95 9 Camo (g 5Lurdnd

Technow, ) hyperd (5|38, atus 3l Gadss cpl )0
U2yt b odliiwl Cumen g poif (gilwdnd Cas (2013
A3 S5 1) poiy JiBle pojgegS Ve sl &S A
9> sasgils'y O S Ve plSpn gy 0 &S
Gilwdud gy has saSTy calyss jsbods (SNP)
2,5 Bx g 508 B Jold b Cumenr SO Ml Cuner
O sy (Bolas el jl ookl b g 1 (gjlwans odle
ol QTL 5 S5 g LD ) 535 o < Jo
Hill and ) # gel)l 5l odlitwl L LD e w58
g +IVY o) olie a5 a5 3y915 (Robertson, 1968
Oil38l 0)8 Yerw 4y 5,8 Voo SOV Jud )0 Cuzen ol
ly wigd 5 ey cledMbl Jols cumes D o3
S llgus Cadgid winly JuSis ) apo Comen 9 A
s Sey BQTL (Sesj (b)) e Bk 5l @2y
Sl 5 o xSion b Jlogs i S J) o5 s
Conddy L (g pSaiged ame uibyly Hda I g 5l
Comazr ) 55 (afgd plie and &5 0b (55 5wl

P9y 2955 i)l > ool )90 slasyy Sl (S

Endelman, ) uib_. (Ridge regression) (yeme)S, 2,
sy dwpin Wy dise cldles a8 (2011
Baneh ef ) cuol 43,5 1,8 sdlatwl dy90 (0535 (>Nl
5 (al., 2017; Neves et al., 2012; Ogutu et al., 2011
Piepho et al. ) .cusl )05 1 505 JouB b cons
arBLUP iy oyl o Sl Jlsl L (2012
il D955y T Ubsy Pl Uy ol I sleseus
2 b9y ol 09SE Jlnl b aiaged dlidy 1y (RR-m6)
GSolome 33,5 Ja5 5 Ly babul Cliv eg; obj)
5 Cool 418,55 51,8 aoldtwl 5yge codle + Lilidl oo
sl &35S gy 250 dizes cp) 3 ol 0,Skes
ot 295 2l @l Glusy ot cowe
Howard ef al., ) cul aopd A+ b Ve dlehy o clls
Sy ot Some 3 GbIE 45, (2014
daled oy 1y bl Sy eyl o Gilisl ( >Nl
b YU RR-m6  hgy o dSles ST .cusb
93 il @l sbgby clp s il Sl
duwlie B0a byl osd (gjlwdnd Limoh oplpll LAl
38es a3 5 ) sgbey Fx b RR-m6 s,
sgbil Gl 5 el noin Come) noin
nyge ddls plie 5 (Slulre Co g (2935 (]


http://dx.doi.org/10.61186/rap.14.42.102
https://dor.isc.ac/dor/20.1001.1.22518622.1402.14.42.11.8
http://rap.sanru.ac.ir/article-1-1371-en.html

[ Downloaded from rap.sanru.ac.ir on 2026-07-01 ]

[ DOR: 20.1001.1.22518622.1402.14.42.11.8 ]

[ DOI: 10.61186/rap.14.42.102 ]

Vo0

oS (5988 2y
VY ¥ ojlass /om0 )loe Jlo sob Slidss sl gy

B4 dgl OV Juus 21,81 51 QY s deldl jd b asuie
egid ledbl g wags adssi cleMbl glly lags oS
Bdgy (@bl s ol,8l) 2wl Caras DY S sl

() Jgi) 2dse 590 1L ol (2ol (glagibs)l o8

@ Jlp cuigid s gy el Jlp @ig shb gy
o3lawl (Gianola, 1982) casgy abi j (hasliw] cusgid
B oaieid aned R 38l 5 5 Probit xb j ealazw! b .
0sd s Wl g 28 b (g ke & a2 b o)

Cuzox g poif (5ilwaad ) ol odliul (slo ymel)ly =V Jad>

Table 1. Parameters used for simulation of genome and population

10

1

1000

100 <10

Gamma

0.05

1-50

51

52

PaigessS Sl

Number of chromosomes

(05)92) pigagsS 2 o3l
Chromosome length (Morgan)
£95909)5 o sljl 4 SNP ,SLis olass
Number of marker per chromosome
2959095 o sljl 4 QTL slass

Number of QTL per chromosome
QTL 5l mjgs

QTL effect distribution

(MAF) o0 T glgl,3

Minor allele frequency (MAF)

(LD) (Siwgsy Jolss pas sl (clys by s slass
Number of generations for creating LD
&rd

Reference generation

Validation generation

Ogutu et ) 3950 5l 62/82 cpgois (62) LS5
&> o.\;mbOLi;J @« D= (0@Ip)w (al., 2011
©ygots (B) oy Mol slogsi)l oy caole
é=7u Wgd oo 39l )
(de los Campos, 2022) BGLR (¢)l38lp 5 iy j
A5 03zl ITBLUP (gl 1)U s
) (RR-m6) ouiund (159~ 5 92055 5 (99
3yl !y (Piepho et al.,, 2012) RR-m6 g, ,
OoswySy 2y Uigy o (V) dole SNP oolyasl el g3l
WS e g EE=SRZTV Ny — 1,f0) Coped
Slley wwe b 35 RRm6 bl
(Schulz-Streeck et al., 2015) “rrBLUPmethod6
A plool
(GBLUP) (0955 (hd IV (S 00 5% 099,
GBLUP g, » oad  odlawl (gl oo
g1 pj alayly &jsway (Teimurian et al., 2016)
y=u+tXb+e
Bl aigs plie ol )by (38 Al
S pp el sl P sl snimdlis o8 cul 93 g S
Bopb sl 3p i Cuigs 4 gl )KL sl
oile 8L Il Yoy e 5 cunl og5f (SNl sla b
(de los Campos, 2022) BGLR (¢,l58lp 55 a1 .ol
A5 o3liw] GBLUP (cla bl cus
(BayesA) A'}.:.g o9
Cusl y3j ©ygods gy oyl 0 o eoliiwl (5)le] Juso
((Meuwissen et al., 2001
yi = B S ximre )
J bl oo 3l olass 4y bgspe il 7598 dalae )d
Caol 38l Cuiely 4 dagr b SOl ola S onias L

2 290 SRy e
w1 gaop ©jygeds QTL sl :QTL sl ()
Yoo 9 Ve cudyiay aSNP olass jl aspd Ve g )) )50l

Wb 43,5 )15 5 (pgsge9)S o sljles QTL
P cadle algl (18,8 sy gy eudle Syl (Y
Jol i 53 20 aB)S Jlas )5 lises (glagyjliw Jue
2 (A gjluw) ui el il 5l s LQTL dca 4
Glo g as ool Liulj8l 5l LQTL aes 4 pgd (go2 b
33 (A+50%D g5 ki) 15 polaie cudle 51 5 Ll 5 047
A odly cadle g (il 31 LQTL ded 4 pow (599 ybuw
(A+100%D i)
=095 2y R,
(rrBLUP) &, o985 0%9)
Cygody TTBLUP ig, 50 oad odlaiwl (gylel Juso
g pj akal,
y=1wu+Zu+e )
I il (598 Clalio by @58 b, »
S Z adlyge J5 xSk 3 ) Sie (oo g 5o
P Gy bewisi b o cuwsl n X p ookl b uyile
s e il o LSNP iyl gols 1 5 cunl SNP Sl
bl —uilly pple cwl e pdlie by

Dy pj Oygod

V =var(y) = I'62+R 7 )
olis 1y Z oly ZT g T=ZZT g5 dal,

.J.m.)L;o

gy SNP cla Silis oolasl @l syl glp
Slaye Bl ooy 5l oslizel b1y ) ables gu)y oS,
S e oy daly Gk g Slas
i=(ZT2+ D) 17Ty (¥)
@ oy b oS cwlampy bl 4 g dal,
ol 9 (B2) ox5ledly uib)ly sly REML (sl ol


http://dx.doi.org/10.61186/rap.14.42.102
https://dor.isc.ac/dor/20.1001.1.22518622.1402.14.42.11.8
http://rap.sanru.ac.ir/article-1-1371-en.html

[ Downloaded from rap.sanru.ac.ir on 2026-07-01 ]

[ DOR: 20.1001.1.22518622.1402.14.42.11.8 ]

[ DOI: 10.61186/rap.14.42.102 ]

V.5

Gl &l Boosting )5 gy e )Sy B viysS oyl
S9 S Jlp Sppoh Pg)S, s ke
Elpads wyddy oS SleMbl) LE sy axileydls
2 Sy b S cunl ol Hlan) 5 Mad o adls] (Wloass
I Jlds LS ci)d 40 odd (gandiwd oludl 4y (slaosld
Jb o les o Slej b g a8 Iy ialS gam ciy0
Ghafouri-Kesbi et ) wb o doldl oo conl ials’
95 Jils las ol 3 a8 35 coly p fal, 2016
S5 5 a5 S (485 e Tl o)
Boosting caS 4lg5 o gyl 5l g o odldtul leMbl
LU RF wiles ;5 Boosting g, ol |54 by,
Boosting ,> pae (sl yiolyl 0 walais iula ol oly
Gy (Ir) xS0k &y g (ntree) ci o daws | us)le
Jao Ir gly g (Veoe g Bee YO+ Nee)polids ntree
IF) S 5 e 5 85 )5 Jai 3 (110 -1 oY)
513 ookl 3y90 WUl (gl (0 + plpntree g +/+) plp
U gy damlio

3 o2 3yl (o35 (2ol (slabi)l oyt slaions
Legarra and Reverter, ) LR g, slo esls S
Shoog anle & i cos (V0 Jels (2018
5 oxd (gt (Mol Gl o O (Sised
3o sle oS (Bias) (ol (V o(Bly (Mol (slat)]
Osle slaie 0ad (i (Mol S (Sl
Py b STy (V5 Bl oNel s
OoswySy 5l 0 wjle &5 (Inflation Dispersion)
o el G b)) Gy (Bly (el slais)
U9y 5l oS 5 oS adlllas 590 gylus yo b odliiwl 0l
Sl GQTL wsp 9 QTL sl slllas 5590
Wb 0333 J1)ST Ve (650he 9 A5 ST 5L g el
0Ll 3590 Al 4l 3ae g Sluwlone el (ylo

(Wickham, 2018) Pryr ¢,l;8lp,5 diwy j| solézwl b
Say 2 ey o S b sl jlnyee sLaS ol
S 5l eslitnl b 35 cluwlxe floj il (g S0l aladls
43)5 5 Soj I R l3leys 5> 25

oL ) USS 5 adllas 350 (sla sy (st oo

Ol b s aslllas gla hgy (olod 5o Cunl ol 03l
G (A g)lw) oo jl codle gl b LQTL wop
bl gmals i Cous (ATH100%D 5 )l) Ve o
Jop il L RRBLUP-m6 gy 0 Jie (slys
SNoo & e 9 B0 4 shs jleldle Sy QTL
CinlS A &) g g [PV @ [P0 5 G e oo
QTL d++ 5 00 b 90 o 0 A gyliw o cél
pie Cous iSls 5l RR-m6 4 BayesA gl o,
s oisine b RT () 503 By 5l g 25392 515,95
ol g1 )1y95 0 dy) ple & Cund s 0ml come
55 (A+100%D 5 A+50%D) ;55 gujlis 3 )5 p3]

S (5988 2l

ol Slao (o555 (i) 3 @ CmsS) Sl i Sh9) 3ySlas (g2

S ole [y 039 35 a lp (owigs polie i
355 el SO lp X g ple I paie Sy bl o0
oxileBly gl ei g o9 plf ;UL (ol Sy Sl o pli
(de los Campos, 2022) BGLR (g,l58ls y a1 .ol
A odlazel BayesA (gl Jdoo g 4550 can
(Regression Tree, RT) Jomw,5, <& 45

adlis 390 yuite o 3300 plosl oy RT los
Wy Jee plyea) Wil Jloy @i b o8 i S
ipd @i b Slao lp (ped (gl ) b &l
(Classification Tree) (ciudwdS <y I diwnS
Xy wil clalie jby y ous (5,8 2gd (o odlaiwl
(P X 1) oy SoXi 4S5 500ty bl i) (ol
OWis SNP ,SLis p olass (gl 1y olgus o sy oS ol
b s ¥ (3. X) ©ygon ol |y RT Joe dmd o
95 Sledbl Jby Cspay gx g cap ol o oS
Cona 5> Joo gl o €83 3y o5 Wl oo (5938
Slusls llgs) a0l Caxes pog o Jbjeel @y
SloleMbl gladises linl (V g8 0 Jleel (bl
590 9 apigs oMbl Jolis (5] (slmosly asgazee
S Sos8 09,8 B> 0)5 ol 3 (V 25 0 ol
&b & SNP g 8gi5 0 Sbasl dolay jgbo 4 LSNP
50 & ,lai 550 0,5 (¥ g o bl S o JBlas ) Uas
sl & U bl gy Sl g 2950 s 4513505
Wigd oo badlly I S o)ly a8 o Jeo Hlaidye0 SNP
SlooS 5 IS, b tigie LS5 T BN olye (¥
oS 5> alde clacusy b Sllge) 390 bl L
Xi gy ol i jMe (Ugd o (sandind Al
> alio 555 S Shlge s (ilee b canl iy
5okl b Semw)S) <y il cwl SLb o)
b pbol (Therneau et al., 2022) rpart g,l58ls 5 duy
(Random Forest, RF) _dslai JSs

&y bwgs (Breiman, 2001) dslai K wis)oX!
ssbeds randomforest (Liaw, 2022) (g)l;éls)
Sz )5 oslial ey (Mol o)l e
o 9 g0 ol (Sgw )5y U ) slasgeme 5l (Solas
5 ey oledbl wleMbl I ages 1 Jols plasya
Ol b s does 5l &Bly 1> sl o g pe o131 gt
sle » RE i glgioe 5 09800 605 0nSbe €82
st Sl RE )3 opo sl sl jial)ly ccal o 81 (4
(ntree) <&y dlaxs o (mtry) cé)d 0)5 4> ol bl
o gl conlie Jlade b apUl bl 5 LS oS el
atree 5 mtry oS5 op a8l sly e
g Ve Weee Dee XO) mitry ) il ol
Sy (Yorr 9 )0e e wNeee Dev YO!) ntree o (Yoo
Prie &S Sy o P > b 4B)S a5 0 RE JSuis
235 (Gmphn Coe yShe g uple glad Jle 4
D)0+ plpntree g 0+ Wl mtry yel)ly
Boosting

Ridgeway, ) gbm (¢ ,l33lp 5 diwy B y> o35 )65 oyl
2 odlaiwl 3)s0 4l mloy 8,8 115 edlawl 550 (2022


http://dx.doi.org/10.61186/rap.14.42.102
https://dor.isc.ac/dor/20.1001.1.22518622.1402.14.42.11.8
http://rap.sanru.ac.ir/article-1-1371-en.html

[ Downloaded from rap.sanru.ac.ir on 2026-07-01 ]

[ DOR: 20.1001.1.22518622.1402.14.42.11.8 ]

[ DOI: 10.61186/rap.14.42.102 ]

S 9 2y
VY ¥ ojlasd /oo )loa Jlo (oob Slidgs (sl yimg sy

3555 BTas) pRT (g i ) it b RR-m6 5 BayesA aSg,pod A5 sanlie
o 83903 miia ) (0955 (Mol slagty)l cono

0/8 30QTL A 500QTL

0/6 - : ¢ b ° b ab 2 p ab 2 ab p
0/4 - g c

0/2 -

50QTL A+50%D 500QTL
0.8

07 - 3 a a po 2@ b
0.6 - g b & c c
05 -

0.4 - d d

< «
L R . r S
& & F P o & F o
50QTL A+100%D 500QTL
0.7
06 | a
3 a a a
b b b
05 | b h b b
04 |
0.3 & d
02 |
0.1 |

ol 3 sy cQTL 1oy 9 QTL slaws jl caliseo (glagy b )3 0935 (Sl sla i)l cono -V S5
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dominance effect.


http://dx.doi.org/10.61186/rap.14.42.102
https://dor.isc.ac/dor/20.1001.1.22518622.1402.14.42.11.8
http://rap.sanru.ac.ir/article-1-1371-en.html

[ Downloaded from rap.sanru.ac.ir on 2026-07-01 ]

[ DOR: 20.1001.1.22518622.1402.14.42.11.8 ]

[ DOI: 10.61186/rap.14.42.102 ]

AR

s cuily 2929 BayesA g RR-m6 i) 90 oy (S9d3
5 ol g (p20.05) 395 Jlagime il o glis iz
S8 L GBLUP () 33)5" S 1) Jol 45y (2, 92
B9 9 )5 5118 ped 4y )3 gy 93l & S gl
9 3905 y9lp Iy (o)l iSTos b Sl dhuf’j)"}é RT

)5 )18 3l as)

oS )90 S p

habind Slio (o955 (2bj)l > @y Gy S i gy 2es oy 0

3 i el slaghi) )l TS
& 6sSled ad o plis 1) il gla by lawg
cad B el GQTL asyd iuljal b dgd oo odmli
Sl (AH100%D i) 7o+ o5 (A gp) oo
5 (RR-) o3 ¥ 3 o555 (2ol (sln 53]
sy eyl Olies a5l el Rl (RT) sy £

60 50QTL

A 500QTL

40 - © g €
30 -
20

2 R £ & %
Q}\} %\9 AQ"X ¥ S
Q_Q" {9 Q;b

-@b
&

cudle 3l gl QTL sojs s QTL slaw jl alisee (sbogsjliw > 0855 (>Nl (sla bl o)) =Y S5
Figure 3. Bias of genomic breeding values in different scenarios of QTL number and percent of QTL with
dominance effect.



http://dx.doi.org/10.61186/rap.14.42.102
https://dor.isc.ac/dor/20.1001.1.22518622.1402.14.42.11.8
http://rap.sanru.ac.ir/article-1-1371-en.html

[ Downloaded from rap.sanru.ac.ir on 2026-07-01 ]

[ DOR: 20.1001.1.22518622.1402.14.42.11.8 ]

[ DOI: 10.61186/rap.14.42.102 ]

V-4

S 5908 2y
VEY JF ol [om s Jlo ool Clidss (sla gy

2 i S (AT100%D g )ks) ZNee 4y (A g5l)
gy cusl 22313 Ml laiy) (ST ol
o9 Mol sla 5l GBLUP 4 BayesA RR-m6

53903 359l (SwiSTy JBlus L 1,

Nl i)l (pyg) Sy olie F JSS p
oy ol iz gla gy bwg 0Ad Soide (09
P ey s Couo el b oalie jsbdy .l ol
oo §) e 31 gl GBQTL toys Lial3dl s loxi)

50QTL

500QTL

b & K A b & K A
S & &« i NSRS & &« a0
R q&- ©) Q)’b %00 Qg‘ G Q)’b Q)oo

50QTL A+50%D 500QTL

EIXI X F Q& &

# N Qv K

& <

cadle gl gl GQTL as)y g QTL slass 5l calises slagy )l ) oy yr 3)50 sl g, 5l Jols (2Nl (sla syl STy, —F s
Figure 4. Dispersion of genomic breeding values in different scenarios of QTL number and percent of QTL with
dominance effect.



http://dx.doi.org/10.61186/rap.14.42.102
https://dor.isc.ac/dor/20.1001.1.22518622.1402.14.42.11.8
http://rap.sanru.ac.ir/article-1-1371-en.html

[ Downloaded from rap.sanru.ac.ir on 2026-07-01 ]

[ DOR: 20.1001.1.22518622.1402.14.42.11.8 ]

[ DOI: 10.61186/rap.14.42.102 ]

M-

S 65 dlayd

o] Slio o555 b)) )3 @y O98)S) 3l s gy 2, 8as (g

Al as) 13 959 gy S jl 090 olej adBs WY L
AL 55 RF g RRBLUP BayesA (sl by, 5,5 )13
L slabyy 93> 5l 050 (Sl (loj 4dB> & 5 #

._\335.3 .L.(

wlie G S bl (el 5l 050 Sluslme o

o ol oLi5 0 JS5 55 asllhe 39 (cla iy by
Sl loj asl 8+ L RT RR-m6 g, 93 .ol
Olej 456 #+ b GBLUP g, 339 oy oy pins ywo

Boosting
RF
RT

Boosting b9, 8,5 51,8 pg3 45) )3 jlu 3)90 (Jlawlxe

Computing Time (Minutes)
_

]

BayesA |
GELUP _

RRELUP |
RR-m6 h

0 2 4 6 8 10 12 14

0 gy p Sy (Slwlxe (loj=0 JSS
Figure 5. Computing time of the studied methods

Y/ o ¥IY L w4 35 RRBLUP 4 Boosting sl sas by slp sl 5y dkidls £ JSS
30 obgy db plaidl 0gs 4 1) ULl laas, cullRe el o 0dly Lis CPU (g9 y1 dslllas 550 (slo yig,
il 3 oYU T aidls 4 35 A +/) L GBLUP 4 RT RR-m6 slabgy ol ()
Ohgy 5 MBS LB gl asy )l 3)ee dlabls culiSe

Memory requirement (MB)

Boosting F
e
RT
BayesA F
GBLUP )

RRBLUP —

RR-m6 %

g0 05 1 135 2 25 3 335

oS (g3 S, i 3)ge abSls —F JSi
Figure 6. Memory requirement of the studied methods

€ oy Ll (Somf il ) clle (Sap ol
soyly @ e sl b dexs e il
29 el omb Grole cowe b (2ol o))
(Mohammadi, 2018) (sdexe A3 daled slexel L6
Sl 2 1) oeSan 9 2 e iy i Clie
Slio glp 90 (o35 il |y ol caliile 5y
€55 » Cells S Sl S e i 4251
wo5; iyl cono (Jao p cudle @ll g0 blxd
L i ) oo 9 o Mie b Wy Slie (ol
Sl Jolis bass a8 Jse b duslde )3 78 5 70 Y lise

&)l el g (glooe pumen b i3l 5y 5l
L (Mohammadi and Sattaei Mokhtari, 2018)

95 st 9 Sl 1
@ o955 i)l b bl 3 ol plosl wlillas 551 55
odhy I eslitel b an g Bl sloosly I eolisl b
A5 by el (S Sl b el (siluand
Cule 5 (il W8le Lilibl e Il 5l a4 )S
Ashoori-Banaei et al., 2021; )cul sdd by wuix>
»3! cldlles (Ridgeway, 2022; Zhang ef al., 2017
it 95 ) il 5 cdle Sl & wiaae L
4S5 0 g Bb cSHlie ol slaph (oolaidl Gliw
2 bl gl (85 i 3wl arg JB S )lie
29 (o935 byl Come Gl 4 e Al Juo
& ob plis b adles s L(Aliloo et al., 2016)
S5 pas dm ) g odalidl By Jas K 1 oslizal


http://dx.doi.org/10.61186/rap.14.42.102
https://dor.isc.ac/dor/20.1001.1.22518622.1402.14.42.11.8
http://rap.sanru.ac.ir/article-1-1371-en.html

[ Downloaded from rap.sanru.ac.ir on 2026-07-01 ]

[ DOR: 20.1001.1.22518622.1402.14.42.11.8 ]

[ DOI: 10.61186/rap.14.42.102 ]

AR

S 5 layd
V¥ /Y o)lads /pmdyloe Jlo (ob Slidss slaimgs

el sz gy ol jl Jols (Mol la (35)] wiomen
BayesA g, csladyglp b s opl 5 9 09 adyglp o
@Sl o er S e Sy g 0 dwlie JB
Slp @l Mol 051 S g b me by cgles
51 cayll L5L‘°3)9])z‘ bl 4 Ful e b e
Macedo et al,, ) cwl L5 350 Mol slabj)l
by, dod gly pols Guivs )d o 3y9lyp o)) (2020
Mol lagnyl sladygly Sod @jle 4 g ke
S Y L51.::: ool e b Sl wuls ol,8l ly
@ e dlue cpl Dy gl (o ‘_;)L.,,w) g
alg Sl Sy cdpiy sl 5l e slasygly
Boosting 4 RF RRBLUP RT ¢l g, ‘_51)4 PLEW
i 5l 0gs mlgs il 0ad oy (slashy) plo & Coms
Sl RRG gy slasg)ly s (52515 bl
Slagby S 5 3 5k cul Jl g S ylye5 0 (S8
3 Sles gy o jigy e 93> BayesA 5 GBLUP
B9y 93 4 CondRR-mO (o9, (o) e b ply ey
90 oS Cawl Coonl BSls i ol 5l BayesA ¢ GBLUP
o el & o3 b)) ety e 3 BT s
Abdolahi Arpanahi, ) byl ellue (Js <ly o,
aub sy BayesB 3 GBLUP (¢l (i, 45 (2017
Bagging o RF (spebpé lagby, 9 RKHS (ol
K655 o b (o lio agi3 ) 31, GBLUP
iss 39 JS 545 15 S 5 disges dwlia il
s by & Cows (gyig 3,Sles BayesB 5 GBLUP
s e pwan il sl 5 el e
(&5l dud adllas Sy (Salehi et al., 2021) )\Son
BayesB 5 GBLUP (¢ ,iel)ly (sbojog) (s s ;o
28 awglie 3)5eRF 5 BagBLUP (¢ yal,bl (39 9> L 1,
5| BayesB hgy 45 43,5 5155 (pdisee ol 000
slagtsy 9 (V) 392 50535 mpin cono Sl
+/#Y «/#¥ | Random Forest 4 BagBLUP .GBLUP
S0 Bkl S B s slaag,  /AF
M50 @Yl sl Slwbre copw I RR-M6 )
4 26 oy ©ae j0 1) Oluwle 308 0 sl oS Dy
a8 dladl & ()l gixe yobdy e ;> g Wiy sl
ol &S (R4 sl ) dgt ojly Sliwlone sl gy
Oy ool (o Cl dgredia MelS 105 sl gy 22 s
mote by i@ il (e« GBLUP ()
oS a8 il 6y (9090 U Cunl (SNl sla bl
S o) SasS o b nasly 390 3 Cand Sae 85
b poe glrodly 5l odlawl oyl 5o Lol wils ppe ol
Ao 3,5 )3 s (wyiad ) s purdy B ol &
wple Dl ol G o ke L;l); Gl Sglae
S8 ) e & 2 Ve XV eeee g
0SSy 40 &S SNP claasly ]).ol Dy gt
Sloads 00y dwwss gy o5 (gly Aituas SNP VYV

» L,y g gl eslsl L &S (Howard et al., 2014)
B R - S e

S8 oS Wb i (g PanelS (gilwdud jl ealdts!
ly 0955 gyl Como caiulidl @l gl cudle wll
Cous BayesA hgy 0 4 Jysod b waled )5l
cous BayesL bgy )3 9 «/FA 4[5V 5l ag35 SUj)
Onomed Bl bl <fEY 4 /P05 eeis U
i o) Mol oyl )l pRlB
95 il Jae > calle (S Gl Sl e
Mohammadi and ) (g)bswe sele 5 (gdoowe lawgs
= b & el oJ..is Uiyl (Sattaei Mokhtari, 2018

Aliloo et ) o )Ken 5 olle sl Billas j3 il G0
B PYPUES ;.4315; ST a8 Wiy 5,158 (al., 2016
Cawl QB! Ll S8l Coyl el b5, e il gl
sl sl u»L»l o oLal eladl sauds, 4 e &
Aliloo et ) )] )Kon 5 slde adllas )5 .0 salsd SN
95 k) J-’A » e Sl gge 3y (al., 2016
2 (Mol oyl el g Sl 4y i 4 ke
Joe 53 3 pip Sl anas) (Staen aSy)50h
Codle g il Sl gols e g iuli8l @l g5l
Jae 3 et @l 5505 3y 5l b bls,l ,3 9 447
ool 05 yuiie )5 9SG uﬂ\fl/w oasls
S5 gl (sled )3 0l dy9lp (gmw)S) cups
Cudle Sl g jslaie pas amd o L S Cwl K
slagniyl 51 aBly o 5l 28 slwajslyy 4 e Jio
a8l (¢l (deflated breeding values) o955 >
(Liaw, 2022) cusl odds oloesl wuul8
W gy dwmlio

izee slapiyssll 4l b sty 08U
3 oslital 3)90 (agiy (Ml syl i Sl
o3l Jlew (sl by 5l (srmwg dbeld o g, cpl s S
o Sluhs) U (Jgere Slupe Jils (sla s, wile
Howard et al., ) Lgd oo Jols |y oguns Sign y e
(simpin DySlas eyl dw (IS oBay Sy (2014
So S 3 Ses s 3)90 alablajlade 5 Slule Cas
Ashoori-Banaei et al., ) a3 o )8 36 cod |y (b,
S ol oo & g, imuie Cone s 512021
s S5 ol ) & (g sl 5 5l )
Ol (Sl s o gy (Sl 5§ 5 il
Macedo Jewl 5 gllas (o955 (23] slp 2L 5S35
S YLRR-m6 gy dwiin cous (et al., 2020
Lg sl s3)8bos baga )l i )3 9 3 TBLUP i,
5l a8’ iy GBLUP g BayesA (o) 93 4y Cowsd (550
@ Yh Cone s (ogi; Sl lagsby) onpie e
g (o3 (2Nl oty & il e )
=5l elel Sy sy W g oud 39l g
2 a8 ls plol sew bl gy (ANl Gl
5 ol a9 e el ly 5Vl (K55 Sy 395 sl
P gy (Aol sla i3, Cous > Ll as )y
SaS (S S gilwySlis 4 &S s Cwl Coenl
Cuol Cojo ghBRR-MO gy Llod cpl 5l 5 5,8 aalss


http://dx.doi.org/10.61186/rap.14.42.102
https://dor.isc.ac/dor/20.1001.1.22518622.1402.14.42.11.8
http://rap.sanru.ac.ir/article-1-1371-en.html

[ Downloaded from rap.sanru.ac.ir on 2026-07-01 ]

[ DOR: 20.1001.1.22518622.1402.14.42.11.8 ]

[ DOI: 10.61186/rap.14.42.102 ]

VWY

, I 55 A
il 8l By Jao O 51 oolamnl o5 b lis mls
CSHlie o ieid oy e il & Sl
Slazel BB e g oyl (ol como b (Mol s 5
Ly RR-mM6 9) 350 solss (o955 (2bj)) oz doms

S (5988 2y

ol Slao (o555 (i) 3 @ CmsS) Sl i Sh9) 3ySlas (g2

Gloodld Cpin 4555 45 A5 Anlgs Ve XYY e 5033
SYsb Gl S (gi0 slabs,y il ol gy b (S5
Cosl a8 wlbo |y VU Slbre clagiiojls o
odil ) D9 Senpd Jeme (41 guals b byl plos]
28 S le sl adls cul (Sae > S5
oolatwl Cups 2l SNP odee din SleMbl 085,.5

&l oy dly oSl Gin S olisa dgie o8 2 Nsd ob aseg ol el Sl
Spidy Sy clrodls b apalge )5 logad 095 (205! RR-m6  wile ol by ) gxe (55 &5 Cunl o]y
S 92 500,95 3 YL (i S Sles Sl a5 e 58 Red e pasuie by plo

References

AbdolahiArpanahi, R. (2017). Comparison of parametric and resampling methods in genetic evaluation
of quantitative traits with different genetic structure. Animal Production, 19(1), 1-12.
10.22059/jap.2017.206657.623047.

Aliloo, H., Pryce, J. E., Gonzalez-Recio, O., Cocks, B. G., & Hayes, B. J. (2016). Accounting for
dominance to improve genomic evaluations of dairy cows for fertility and milk production traits.
Genetics Selection Evolution, 48(1), 1-11. 10.1186/s12711-016-0186-0.

Ashoori-Banaei, S., Ghafouri-Kesbi, F., & Ahmadi, A. (2021). Comparison of regression tree-based
methods in genomic selection. Journal of Genetics, 100, 1-8. 10.1007/s12041-021-01334-x.

Baneh, H., Nejati-Javaremi, A., Rahimi-Mianji, G. H., & Honarvar, M. (2017). Genomic evaluation of
threshold traits with different genetic architecture using bayesian approaches. Research on Animal
Production, 8(6). 10.29252/rap.8.15.149.

Breiman, L. (2001). Random Forests. Machine learning, 45, 5-32.

de Villemereuil, P. (2018). Quantitative Genetic Methods Depending on the Nature of the Phenotypic
Trait. Annals of the New York Academy of Sciences, 1422(1),29-47.10.1111/nyas.13571.

Doublet, A. C., Croiseau, P., Fritz, S., Michenet, A., Hoz¢, C., Danchin-Burge, C., ... & Restoux, G.
(2019). The impact of genomic selection on genetic diversity and genetic gain in three French dairy
cattle breeds. Genetics Selection Evolution, 51, 1-13. 10.1186/s12711-019-0495-1.

Endelman, J.B. (2011). Ridge Regression and Other Kernels for Genomic Selection with R Package
rrblup. The plant genome, 4(3) 10.3835/plantgenome2011.08.0024.

Ghafouri-Kesbi, F., Rahimi-Mianji, G., Honarvar, M., & Nejati-Javaremi, A. (2016). Predictive ability of
random forests, boosting, support vector machines and genomic best linear unbiased prediction in
different scenarios of genomic evaluation. Animal Production Science, 57(2), 229-236.
10.1071/AN15538.

Gianola, D. (1982). Theory and Analysis of Threshold Characters. Journal of animal Science, 54(5),
1079-1096. 10.2527/jas1982.5451079x.

de los Campos, P.P.R. (2022). BGLR: Bayesian Generalized Linear Regression. Available At:
https://cran.r-project.org/web/packages/BGLR/BGLR.pdf

Henderson, C.R. (1975). Best Linear Unbiased Estimation and Prediction under a Selection Model.
Biometrics, 423-447. 10.2307/2529430.

Hill, W. & A. Robertson. (1968). Linkage Disequilibrium in Finite Populations. Theoretical and applied
genetics, 38,226-231. 10.1007/BF01245622.

Hill, W.G. (2008). Estimation, Effectiveness and Opportunities of Long Term Genetic Improvement in
Animals and Maize. Lohmann information, 43(1), 3-20.

Howard, R., Carriquiry, A. L., & Beavis, W. D. (2014). Parametric and nonparametric statistical methods
for genomic selection of traits with additive and epistatic genetic architectures. G3: Genes, Genomes,
Genetics, 4(6), 1027-1046. 10.1534/g3.114.010298.

Legarra, A., & Reverter, A. (2018). Semi-parametric estimates of population accuracy and bias of
predictions of breeding values and future phenotypes using the LR method. Genetics Selection
Evolution, 50, 1-18. 10.1186/s12711-018-0426-6.

Liaw, A. (2022). Breiman and Cutler’s Random Forests for Classification and Regression. Available At:
http://cran.r-project.org/web/packages/randomForest/index.html

Macedo, F. L., Christensen, O. F., Astruc, J. M., Aguilar, 1., Masuda, Y., & Legarra, A. (2020). Bias and
accuracy of dairy sheep evaluations using BLUP and SSGBLUP with metafounders and unknown
parent groups. Genetics Selection Evolution, 52(1), 1-10. 10.1186/s12711-020-00567-1.

Meuwissen, T. H., Hayes, B. J., & Goddard, M. (2001). Prediction of total genetic value using genome-
wide dense marker maps. genetics, 157(4), 1819-1829. 10.1093/genetics/157.4.1819.


http://dx.doi.org/10.61186/rap.14.42.102
https://dor.isc.ac/dor/20.1001.1.22518622.1402.14.42.11.8
http://rap.sanru.ac.ir/article-1-1371-en.html

[ Downloaded from rap.sanru.ac.ir on 2026-07-01 ]

[ DOR: 20.1001.1.22518622.1402.14.42.11.8 ]

[ DOI: 10.61186/rap.14.42.102 ]

S 9 Ay
Y V¥ /Y o)lads /pmdyloe Jlo (ob Slidss slaimgs

Mohammadi, Y. (2018). Accuracy of Genomic Selection Using Models with Additive Effects for
Productive Traits in Iranian Holstein Cows. The second international conference and the third
national conference on agriculture, environment and food security, Jiroft University, Jiroft, Iran.

Mohammadi, Y., & Sattaei Mokhtari, M. (2018). Genomic selection accuracy parametric and
nonparametric statistical methods with additive and dominance genetic architectures. Research On
Animal Production (Scientific and Research), 8(18), 161-167. 10.29252/rap.8.18.161.

Neves, H. H., Carvalheiro, R., & Queiroz, S. A. (2012). A comparison of statistical methods for genomic
selection in a mice population. BMC genetics, 13(1), 1-17. 10.1186/1471-2156-13-100.

Ogutu, J. O., Piepho, H. P., & Schulz-Streeck, T. (2011). A comparison of random forests, boosting and
support vector machines for genomic selection. In BMC proceedings (Vol. 5, No. 3, pp. 1-5). BioMed
Central.

Piepho, H. P., Ogutu, J. O., Schulz-Streeck, T., Estaghvirou, B., Gordillo, A., & Technow, F. (2012).
Efficient computation of ridge-regression best linear unbiased prediction in genomic selection in plant
breeding. Crop Science, 52(3), 1093-1104. 10.2135/cropsci2011.11.0592.

Ridgeway, G. (2022). gbm; Generalized Boosted Regression Models a Vailable At http://cran.r-
project.org/packages/gbm/index.html.

Salehi, A., Bazrafshan, M., & Abdollahi-Arpanahi, R. (2021). Assessment of parametric and non-
parametric methods for prediction of quantitative traits with non-additive genetic architecture. Annals
of Animal Science, 21(2), 469-484. 10.2478/a0as-2020-0087.

Schulz-Streeck, T., B. Estaghvirou & F. Technow. (2015). Package ‘Rrblup-Method6’. Available At:
https://mran.microsoft.com/snapshot/2016-10-12/web/packages/rrBlupMethod6/index.html

Technow, F. (2013). Hypred: Simulation of Genomic Data in Applied Genetics. Available At:
http://cran.r-project.org/web/packages/hypred/index.html

Teimuria, M., Shariati, M. M., & Aslaminejad, A. A. (2016). Comparison of methods for the
implementation of genomic selection in Holstein. Research on Animal Production, 7(14), 198-203.
7(14), 198-203. 10.29252/rap.7.14.203.

Therneau, T., B. Atkinson and B. Ripley B. 2022. Rpart: Recursive Partitioning for Classification,
Regression and Survival Trees. An Implementation of Most of the Functionality of the 1984 Book by
Breiman, Friedman, Olshen and Stone. Available At: https://cran.r-
project.org/web/packages/rpart/index.html

Wickham, H. (2018). Pryr: Useful Tools to Pry Back the Covers of R and Understand the Language at a
Deeper Level. Available At: https://cran.r-project.org/web/packages/pryr/index.html

Zhang, A., Wang, H., Beyene, Y., Semagn, K., Liu, Y., Cao, S., ... & Zhang, X. (2017). Effect of trait
heritability, training population size and marker density on genomic prediction accuracy estimation in
22 bi-parental tropical maize populations. Frontiers in Plant Science, 8, 1916.
10.3389/1pls.2017.01916.


http://dx.doi.org/10.61186/rap.14.42.102
https://dor.isc.ac/dor/20.1001.1.22518622.1402.14.42.11.8
http://rap.sanru.ac.ir/article-1-1371-en.html
http://www.tcpdf.org

