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ABSTRACT 
Genomic selection is one of the greatest advances in the field of animal and plant breeding in the early twentieth century. 
This genomic evaluation procedure, which was based on marker-assisted selection, relies on the assumption that there is 
linkage disequilibrium between dense single nucleotide markers (SNPs) at the genome level and quantitative trait control 
(QTL) sites. In terms of genetic evaluation, genomic selection influenced many common models and led to the development 
of new statistical genetic models, each of which explored different hypotheses. Although these models can be grouped 
according to different criteria, but by considering the distribution of the studied traits, they can be divided into: parametric 
and non-parametric groupes. In this study, the accuracy of genomic breeding values was investigated using various 
parametric and non-parametric statistical methods. Parametric methods were ridge regression, Lasso regression, Elastic net 
method, mixed models, Bayesian methods including Bayesian regression, Lasso Bayes, Bayes A, Bays B, Bays C and 
Bayes D. Non-parametric methods were kernel regression, reproducing kernel Hilbert spaces regression and regression 
support vector machine. All of these methods were performed on a real data set including genomic and phenotypic 
information of 2300 animals using R codes. To select the appropriate model, the criteria of accuracy (correlation of actual 
and estimated breeding values) and mean squared error (MSE) were used. The results showed that the predictive efficiency 
of parametric methods was higher than non-parametric-methods. Among the genomic evaluation models, it was shown that 
Bayes B was relatively more accurate and efficient than other models, however, this results did not agree with the results of 
other researchers, which may have been due to the data structure used in this study. Since one of the objectives of this study 
was to provide statistical models of genomic evaluation along with their executive codes in R environment, so the codes 
mentioned in this article could help the users to learn the genetic evaluation models discussed in this study.  
 
Keywords: Accuracy of genomic evaluation, genomic selection, parametric and non-parametric methods, R environment. 
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 ^��9?  O;" ���A )Bayes A( O;" �B 

)Bayes B( O;" �C )Bayes C ( O;" �D )Bayes D (

 .DB���'��  ���@B!��=�-& ��  O;-c��
 
,;!�N� :

&��� ��  ����[-�>- ���SNP )Kernel regression 

on SNP markers(F%�=+��" &��� �" T��);� ��y= � 

)Reproducing kernel hilbert space regression(  �

 
,;!�N� 
��;�>? ����" F;
��)Support vector 

machine regression( #� .DB
�"  

  


��  ���������� �� ����� ������ �	  

#�,-. C�*�-� �� ^;? #)2� rD� �  '��� #B;"#L�� 

��=�eD� f!,4 � ];4,B= � ];4,-. F;" p��4�� ���! 

 �G-+7��! �� #�% .<!� eD� F%�4 #� &  ��  F%� �� 
�,4

 7��! #HI 
,;!�N� eD� ���  7��X�!� &H"��

.<!� & &" T�,2 �%� &�
,- #� �,
:  
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  
p

i ij j i

j

y x e   

)1,..., ni  �1,...,j p(  

&H"�� F%� �� ���   � ��= #A;4,B= '���i  :��8 μ � F;[-�;�

: �c xij �  �[-�>- &" p,"�� 0�6 g%�4�� �� &%��� Q% j 

:� ��= � 8i  :�8 �
j  � �[-�>- <"�L �L� j  :� � 8��  �L� �

 #=��W4 7D-�	;U�" `5,	K� .<!� 7D-�	;U�"e   �����

 F;[-�;� �" e���- b%�,4�X2   g-�%��� �2

e  .<!�

 '�� �� c2�Y 7��! #HI 
,;!�N� ���+�" cU�DY

T�K"�� )Least squares (&" T�,2   

#� D
�" .#��[B� #-,;!�N� c;)S4 Q% ��  g%�4�� & 

&" �D
�" #%5�" ��K"� ����� 0�6 ��DK4 ��[%� T���P

&@B!��= ��� #-,;!�N� eD�  &-,	- 7��D-� �� ��>;"


,�!) #�	  ����;t�� �D
�" g%�4�� ��� X (z�{" �

M� #� fI &" .D-,
  7D
 c;�>4 ��y= �%� �J;4�4 F%�

 ����;t�� f!,4M� #�	  Z? <!� F�	� fI &�4� �

#��[B� .D
��- Z? �y= �%� & #	- �D
��- &�4� �  
�,4

 �� #�	  �;t�� �� MG!&" �,6  �" &H"�� �� &-�N�Dd

 |!�? �;t�� T��;;t4&" �,6  F%��"�B" .��  
�;" #KHU

 ��� #-,;!�N� eD� '���" �� <;KHU 8DP F%�

7���  ���+�" ��HI Q% �" J)m� ��&@B!��= ��� 

M� #�	  ����;t�� &" p,"�� #-,;!�N�  �fI

#� g�KB� ���N.  T1�>� 
��  r�6�" ���"

'�� �� 7��! #HI 
,;!�N�  ����� &  #h��$-� ���

 Q%&@B!��= &	%�d λ #� 7��X�!� DB��� �,
 F%� .

&@B!��= &	%�d )Penalty ( � eD� '���" #%,�- F;"

^;? ����;t�� ��DK4 #BK% 
+ #ND;3;? #B;" 7DBB   

#� ���U�" &-��,� Q% eD� �� �,d,�  .DB Ogutu et 

al. (2012) '�� ��"��   C�*�-� �� #h��$-� ���

D-��  0�H� �� #�,-..  

  


�� ������� ������� ��� ��   

 ��'�� #h��$-� ����  #HI 
,;!�N� �� c2�Y ���+�"

&" 7��! 7�1P #� &	%�d b"�4 Q% �,
 �" �����+�" .

M	;B;�  
�� T���P Q   &R��K� �� �%�&" <!� #� DB%+.  
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 &H"�� F%� ���                     � T�K"�� },	@�

7D-�	;U�"  ���λ &@B!��= �  &	%�d � ( )J  � b"�4 Q%

&	%�d #� '�� F;" �,d,� T��X4 .D
�" ��� ()�*� 

 b"�4 F;	� F;;K4 �� �GB4 #h��$-�&	%�d  �� .<!�

 b"�,4 F%� �� Q%&	%�d  
,;!�N� Q% &" �@B�

G	%�d 7D;)Penalized regression (#� .�,
 

 #�%,-D:  ^*" F%�8�- �� ��O=�R  ^-�,I <Gd

7��� ^;? ���cR+ #-����= ��B�� �" '����? #%Od ���

 �&�!�S� ^;? <S2 � eD� #B;"  '���" ����+ ���

7��� ��� 7D
  ��"&  Q	 �P� '�� c"�$�� #@B! ���

 5  &�!� �� &	;	h �� )1(  .<!� 7D
 &~���  

  

�!"�� 
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 '���" '�� 7��! #HI 
,;!�N� ��T�K"�� cU�DY 
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
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&@B!��= ���  
0 1, , , p  K &" �� 7��X�!� �" ��  

cU�DY ��;K� 
D-�!� �%� #� ���+�" DB :  
2
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1 1

pn

i j ij

i j

RSS y x 
 

 
   

 
   

^;? ����;t�� F;" &  ����,� ��  7DBB  #B;"

&H"��  M�  ������+�" �D
�" &�
�� �,d� #HI cU�DY

T�K"��  )OLS (#� c	P (;Kh  ���" ��� F%� �� .DBB 

^;? &" 
D;!� M� �" &Gd�,� �� ��G" #B;"  �#HI

 #=�K� #t;�! 
,;!�N� '��) <!� 7D
Hoerl  & 

Kennard, 1970(;�! 
,;!�N� '�� �� . b"�4 �� #t

&	%�d �%�  7��X�!�#� �,
:  





p

1j

2

j)(J  

 �"cU�DY &" 
D-�!�  T���PQ � 
,;!�N� ���+�"

 #t;�!&" T�,2 �%�  D��,I D
:  

  yXIXXˆ T1

p

T

R


  

8�- �� #�%,-D:   ��O=�R ���+�" <Gd '��� ���

#L��  
,;!�N� Q	  �" &	;	h �� #t;�!)2(  &~���

7D
  .<!�  

 b"�4 #t;�! 
,;!�N� ��&	%�d &" &   
�,4 T�,2

<!� #-,;!�N� J%��h 8���  �X2 �� b-�� 
D
 ���+�"

 F%� J%��h7D%��N  &@;�- �� ��� b-��  �;t�� rjY

#�  F%��"�B" .�,
 �,"O� '�� �;�X4 c"�U eD� Q%

#	- &~��� r�6�" ���" .D�� '�� c�>� F%� 
��   ���

�� &  #h��$-� D%Dd  �G-+�% F�= C�*�-� � ���+�"

 �;t��&" T�,2 #� T�,2 
��O	�  ���;N7D
 &~��� .D-�

'�� F%�  ��Q;�!5� � ,!5 '�� c��
 #� <- 
�"BD.   

  

�� �"
� ��#  

Tibshirani (1996)  %Q Dd '��%D  ,!5 
�,BP <S4

=�K�#  b"�4 �� ,!5 '�� �� .�� &	%�d �%�    7��X�!�

�# �,
:  

1

( )
p

j

j

J  


  

  

�%F '�� I�"# �� ��h%J �� ��$B� 7��  �! �%� 

��h%J �� �X2 �# DB � �� .%F ���h ��%�# &  �;Lv4 

";��>� �" t��;�  &[- eD� �� D-��� |!�?7D
 &�
�� 

�X4 �,�G" aP�" �;� eD� �# ,
-D .��� �%F '�� -;O 

�� ���,�� &  �� ";F ?; ̂";B# 7DBB  �� M� HI# 

5�"#% �,d� &�
�� �D
�" ��-%� ��N��!�-� &�
�� � 

'�� �!�B�# #	- C,�S����N .B3	�;�F -���# &  

��DK4 ?; ̂";B# 7DBB  �� ";��> �� ��DK4 T�D��>� 

 D
�" 	-# D-�,4 ��DK4 t��;���  ��";��> �� M@Y &-,	- 

C�*�-� B .D 8�- �� #�%,-D:   ��O=�R ���+�" <Gd 

'��� ���#L�� ,!5 Q	  �"  &	;	h ��)3(  � �

.<!� 7D%��N   

  

$"��#� 
�� %�  

�!5� '��;Q <- 	K4;	#  �� &  <!� ,!5 '�� ��

[���	� �l �DY c"�$�# ";F ?; ̂";B# 7DBB  �� 

 .<!� DB	-�,4 '�� F%� bU�� ����"�  
��  r�6�"

 ,!5 '�� c�>�&  ����,� �� ?; ̂";B# 7DBB  �� 

&"  &~��� DB��� &���	� TD
) D%��NZou   & Hastie, 

2005( b"�4 .2

1
(1 )       b"�4 ��&	%�d 

�!5�;Q <- �# ��-DB  �4 & ;�#  �� CDS�&	%�d ��� 

!�N�;
, �!;t# � ,!5 �# D
�". &H"�� F%� ��� 

1 1 2/ ( )     � 7�,"  
1 �2  &" J;4�4 

&@B!��= ���  &	%�d !�N�;
, �! � ,!5;t# 

�# DB
�"-��� .# &  1   �!5� �D
�";Q <-  8�I

!�N� �" e��K�;
, �!;t# 7D
  � �N�0   ��,


!�N� �" e��K�;
, ,!5 #����N .7��X�!� �� �%F 8�= 

b"�4 &	%�d 7�1P �" �%&�B  &" �@B��X2  
D
���+�" 

I�"# ��h ��%J #"#� �L�#� J�! ����N &  �,


���+�" ��h%�# &  �L� %-���# ��� t��;� |!�? D-��� 

� %� &"  TD
 &���	� DB���  .D-��N �"��" O;-

8�- �� #�%,-D:   ��O=�R ���+�" <Gd '��� ���#L�� 

Q;�!5� Q	  �" <- &	;	h ��)4( 7D
 &~��� .<!�  

  

&'� ��� (����  

 '�� ��^;? F%��G"  #B;" J%�:��- #HI(BLUP)  �L� 

c��,P '��� � <"�L  ���#L�� &" �,6  ���+�" 
��O	�

#� D-��N)Henderson, 1949(  . �N�|!�? ����;t��� 

 &���	� 7�,"�2V   �D
�"eD� ��  ���f)�*� 

 ����;t�� � c$��� ����;t�� F;" &H"�� 
�;" ���"

#� 7��X�!� |!�? .�,
  c�
:  f)�*� eD� Q% #)

&" T�,2 y=Xβ + Zu + e &H"�� F%� �� .<!� �y �%Q 
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����" 1n   c�>����$� ��%� t��;� �|!�? β  ��L� ����" 

c��,P <"�L� X ��4��%g  0�6��L+ <"�L� u � ����"��L+ 

=��W4#� Z ��4��%g ��h%J D-,;?7DB��  T�D��>�

��$�)%� t��;�  ����" &" (|!�? ��L+=��W4# � e  ����"

��L+ =��W4# U�";7D-�	 �� �# 
�"BD .��;D  #h�%� �

���%g-� ��L+ =��W4# �� T���P :  

    
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   
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*
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 .<!�#%�	B�!�� �l �DY( )y,m <S4  � � m  

 8,)K��-&" T�,2 �%�  #� ���+�":���N  

  

  
  

 F%���;K� &" �@B� &R��K� �%�  #� �,
:  

   T -1 T -1
y - Xβ- Zm R y - Xβ- Zm +m G m  

  

^;? F%��G" ��;K� F%�  #B;" J%�:��- #HI

)BLUP�� ( (β, m)  T�K"�� cU�DY c��
 &  <!�
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T -1 T -1
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R = V ar(e)  �  G = Var m .<!�#� u�= �,
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 7D
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Pérez et al. (2010) !�N� ��"�� ;
, �!;t# ";O� 
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Table 1. The results of fitted models on simulated data set 

Models Number of variables Cor (GEBV, TBV) MSE (GEBV) Max GEBV Selected animals 
Ridge regression 36302 0.65 0.13 0.678 1914 
Lasso regression 152 0.72 0.1 0.698 166 
Elastic net method 134 0.71 0.14 0.448 1321 
GBLUP 36322 0.66 0.11 0.956 1024 
Bayesian lasso 292 0.66 0.11 0.975 1915 
Bayesian ridge regression 285 0.66 0.24 1.357 1024 
Bayes A 330 0.71 0.10 1.096 2263 
Bayes B 280 0.73 0.21 1.416 2263 
Bayes C 309 0.67 0.24 0.690 1024 
Bayes D 260 0.72 0.69 0.249 2263 
RKHS 673 0.59 0.16 1.410 1024 
SVR 1674 0.58 0.18 1.336 1915 
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Figure 1. Box chart of genomic estimated breeding values (GEBVs) for all animals 
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# Reading Data 
rm(list = ls()) 
geno = read.table("E:\\Dataset\\Marker Genotype.txt", header = T)  # Reading Genotype Data 
geno = as.matrix(geno); gen = geno[, -1] 
pheno =  read.table("E:\\Dataset\\Ped and Phenotype.txt", header = T)  # Reading Phenotype Data 
ph = pheno$Phen 
 
# Preprocessing with Minor Allel Frequancy 
n = length(ph) 
MA = colSums(gen) 
MAF = MA / (2 * n) 
w = which(MAF < 0.05) 
pregen = gen[ ,-w] 
 
#  K-fold Cross Validation 
set.seed(100) 
k = 5 
folds = sample(1:k, length(ph), replace = T) 
xtrain = pregen[folds!=k,]    # training data 
ytrain = ph[folds!=k]           # training data 
xtest = pregen[folds==k,]   # testing data 
ytest = ph[folds==k]          # testing data 

  

 �<"<�2.  �� #�%,-D: 8�- ��O=� R '��� ���+�" <Gd ��� #L�� Q	  �"#t;�! 
,;!�N�  
# Ridge Regression Method 
library(glmnet)  # Package for Shirinkage Methods 
set.seed(100) 
grid = 10^seq(10, -2, length = 100)                         # we can compute model fits for a 
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# particular value of λ that is not one of the original grid values. 
ridge.mod = glmnet(xtrain, ytrain, alpha = 0, lambda = grid)   
plot(ridge.mod) 
# 5-folds Cross Validation 
ridge.cv.out.5 = cv.glmnet(xtrain, ytrain, alpha = 0, nfolds = 5, lambda = grid)  
plot(ridge.cv.out.5) 
bestlam.5.r = ridge.cv.out.5$lambda.min                # Best Value of λ  
ridge.pred = predict(ridge.mod, s = bestlam.5.r, newx = xtest)  
mseRCV = round(mean((ridge.pred - ytest)^2), 2) # MSE associated with best value of λ 
corRCV = round(cor(ridge.pred, ytest), 2)             # Correlation Value  
ridge.out = glmnet(pregen, ph, alpha = 0, lambda = grid) 
plot(ridge.out)  
ridge.coef.5 = predict(ridge.out, type = "coefficients", s = bestlam.5.r)  
ridge.coefficients.5 = ridge.coef.5[ridge.coef.5 != 0] 
sum(ridge.coef.5 == 0) # some of the coefficients exactly equal to zero 
sum(ridge.coef.5 != 0) 
 
# Breeding values with Ridge Regression Method 
pred = ridge.coef.5[-1] 
muR = ridge.coef.5[1] 
GEBVR = pregen %*% pred 
sort(GEBVR) 
GEBVRmax = GEBVR[which.max(GEBVR)]; GEBVRmax 
which(GEBVR == GEBVRmax) 
BVR = predict(ridge.out, newx = pregen, s = bestlam.5.r)  
BVRmax = BVR[which.max(BVR)] 
BVRmax 
which(BVR == BVRmax) 
MSERidge = round(mean((GEBVR - QTL)^2), 2)   # MSE value 
CorRidge = round(cor(GEBVR, QTL), 2)                # Correlation value 

  

 �<"<�3.  �� #�%,-D: 8�- ��O=� R '��� ���+�" <Gd ��� #L��,!5 Q	  �"  
# Lasso Regression Method 
set.seed(100) 
lasso.mod = glmnet(xtrain, ytrain, alpha = 1, lambda = grid) 
plot(lasso.mod) 
lasso.cv.out.5 = cv.glmnet(xtrain, ytrain, alpha = 1, nfolds = 5, lambda = grid) 
plot(lasso.cv.out.5) 
bestlam.5.l = lasso.cv.out.5$lambda.min 
lasso.pred = predict(lasso.mod, s = bestlam.5.l, newx = xtest) 
mseLcv = round(mean((lasso.pred - ytest)^2), 2) 
corLCV = round(cor(lasso.pred, ytest), 2) 
lasso.out = glmnet(pregen, ph, alpha = 1, lambda = grid) 
plot(lasso.out)  
lasso.coef.5 = predict(lasso.out, type = "coefficients", s = bestlam.5.l) 
lasso.coefficients.5 = lasso.coef.5[lasso.coef.5 != 0] 
sum(lasso.coef.5 != 0); sum(lasso.coef.5 == 0) 
 
# Breeding values with Lasso Regression Method  
predL = lasso.coef.5[-1] 
muL = lasso.coef.5[1] 
GEBVL = pregen %*% predL 
sort(GEBVL) 
GEBVLmax = GEBVL[which.max(GEBVL)] 
GEBVLmax 
which(GEBVL == GEBVLmax) 
BVL = predict(lasso.out, newx = pregen, s = bestlam.5.l)  
BVLmax = BVL[which.max(BVL)]; BVLmax 
MSELasso = round(mean((GEBVL - QTL)^2), 2)    # MSE value 
CorLasso = round(cor(GEBVL, QTL), 2)                 # Correlation value 
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 �<"<�4.  �� #�%,-D: 8�- ��O=� R '��� ���+�" <Gd ��� #L�� Q	  �"Q;�!5�<-  
# Elastic Net Regression Method 
set.seed(100)                        
ENET.mod = glmnet(xtrain, ytrain, alpha = 0.5, lambda = grid)   
ENET.cv.out = cv.glmnet(xtrain, ytrain, alpha = 0.5, nfolds = 5, lambda = grid) 
plot(ENET.cv.out) 
bestlam = ENET.cv.out$lambda.min 
ENET.pred = predict(ENET.mod, s = bestlam, newx = xtest)  
mseENCV = round(mean((ENET.pred - ytest)^2), 2) 
corENCV = round(cor(ENET.pred, ytest), 2) 
ENET.out = glmnet(pregen, ph, alpha = 0.5, lambda = grid)  
plot(ENET.out) 
ENET.coef = predict(ENET.out, type = "coefficients", s = bestlam)  
ENET.coefficients = ENET.coef[ENET.coef != 0] 
sum(ENET.coef != 0); sum(ENET.coef == 0) 
 
#Breeding values with Elastic Net Method  
predEN = ENET.coef[-1] 
muEN = ENET.coef[1] 
GEBVEN = pregen %*% predEN 
GEBVENmax = GEBVEN[which.max(GEBVEN)] 
GEBVENmax 
BVEN = predict(ENET.out, newx = pregen, s = bestlam)  
which.max(BVEN) 
BVENmax = BVEN[which.max(BVEN)] 
BVENmax 
MSEENET = round(mean((GEBVEN - QTL)^2), 2)       # MSE value 
CorENET = round(cor(GEBVEN, QTL), 2)             # Correlation value 

  

 �<"<�5.  �� #�%,-D: 8�- ��O=� R '��� ���+�" <Gd ��� #L�� Q	  �"BLUP  
# BLUP Method  
library(rrBLUP)  # Package for BLUP Method 
impute = A.mat(pregen, max.missing = 0.5, impute.method = "mean", return.imputed = T) 
XX_impute = impute$imputed 
set.seed(100) 
k = 5 
folds = sample(1:k, nrow(XX_impute), replace = TRUE) 
xtest = XX_impute[folds==5,]; ytest = ph[folds==5]                                
xtrain = XX_impute[folds!=5,]; ytrain = ph[folds!=5]                            
yield = ytrain 
yield_answer = mixed.solve(yield, Z = xtrain, K = NULL, SE = F, return.Hinv = F) 
YLD = yield_answer$u 
sum(YLD != 0); sum(YLD == 0) 
m = as.matrix(YLD) 
pred_yield_valid = xtest %*% m 
pred_yield = pred_yield_valid + rep(yield_answer$beta, length(pred_yield_valid)) 
yield_valid = ytest 
YLD_accuracy = cor(pred_yield_valid, yield_valid, use = "complete") 
corBLUPCV = round(YLD_accuracy, 3)           # Correlation value 
rss = round(mean((pred_yield - ytest)^2), 3)      # MSE value 
 
#  Breeding Values for RRBLUP   
yield_answerT = mixed.solve(ph, Z = pregen, K = NULL, SE = F, return.Hinv = F) 
YLDT = yield_answerT$u 
mT = as.matrix(YLDT) 
pred_yield_T = pregen %*% mT 
GEBVblup = pred_yield_T 
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GEBVblupmax = GEBVblup[which.max(GEBVblup)] 
bvBlup = pred_yield_T + rep(yield_answerT$beta, length(pred_yield_T)) 
bvBlupmax = bvBlup[which.max(bvBlup)] 
bvBlupmax  
MSEBLUP = round(mean((GEBVblup - QTL)^2), 2)       # MSE value 
CorBLUP = round(cor(GEBVblup, QTL), 2)                    # Correlation value 

  

 �<"<�6. � #�%,-D:  �8�- ��O=� R '��� ���+�" <Gd ��� #L�� �O;" #t;�! 
,;!�N� Q	  �"  
library(BGLR)    # Package for Bayesian Methods 
set.seed(1) 
samplesize = 479 
whichNa = sample(1:length(ph), size = samplesize, replace = FALSE) 
yNa = ph 
yNa[whichNa] = NA 
nIter = 6000 ; burnIn = 1000 
# Bayesian Ridge Regression 
ETA = list(MRK = list(X = pregen, model = "BRR")) 
fmBRR = BGLR(y = yNa, ETA = ETA, nIter = nIter, burnIn = burnIn) 
r_BRR = cor(ph[whichNa], fmBRR$yHat[whichNa])   # Correlation value 
MSEbrr = round(mean((ph[whichNa] - fmBRR$yHat[whichNa])^2), 2)   # MSE value 
 
# Breeding Values with Bayesian Ridge Regression 
ETA$MRK$model = "BRR" 
fmBRRT = BGLR(y = ph, ETA = ETA, nIter = nIter, burnIn = burnIn, saveAt = "BRRT_ ") 
bvBRR = pregen %*% fmBRRT$ETA$MRK$b 
which.max(bvBRR) 
bvBRRmax = bvBRR[which.max(bvBRR)] 
 bvBRRmax  
MSEBRR = round(mean((bvBRR - QTL)^2), 2)                  # MSE value 
CorBRR = round(cor(bvBRR, QTL), 2)                                # Correlation value 

  

 �<"<�7.  �� #�%,-D: 8�- ��O=� R '��� ���+�" <Gd ��� #L�� �O;" ,!5 Q	  �"  
# Bayesian Lasso 
ETA$MRK$model = "BL" 
fmBL= BGLR(y = yNa, ETA = ETA, nIter = nIter, burnIn = burnIn, saveAt = "BL_ ") 
r_BL = cor(ph[whichNa], fmBL$yHat[whichNa])   # Correlation value 
MSEbl = round(mean((ph[whichNa] - fmBL$yHat[whichNa])^2), 2)        # MSE value 
 
# Breeding Values for Bayesian Lasso 
ETA = list(MRK = list(X = pregen, model = "BL")) 
fmBLT = BGLR(y = ph, ETA = ETA, nIter = nIter, burnIn = burnIn, saveAt = "BLT_ ") 
bvBL = pregen %*% fmBLT$ETA$MRK$b 
which.max(bvBL) 
bvBLmax = bvBL[which.max(bvBL)] 
bvBLmax  
MSEBL = round(mean((bvBL - QTL)^2), 2)           # MSE value 
CorBL = round(cor(bvBL, QTL), 2)     # Correlation value 

  

 �<"<�8.  �� #�%,-D: 8�- ��O=� R '��� ���+�" <Gd ��� #L�� O;" Q	  �"A   
# Bayes A 
ETA$MRK$model = "BayesA" 
fmBA = BGLR(y = yNa, ETA = ETA, nIter = nIter, burnIn = burnIn, saveAt = "BA_ ") 
r_BA = cor(ph[whichNa], fmBA$yHat[whichNa])          # Correlation value 
MSEba = round(mean((ph[whichNa] - fmBA$yHat[whichNa])^2), 2)             # MSE value 
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# Breeding Values with Bayes A 
ETA$MRK$model = "BayesA" 
fmBAT = BGLR(y = ph, ETA = ETA, nIter = nIter, burnIn = burnIn, saveAt = "BAT_ ") 
bvBA = pregen %*% fmBAT$ETA$MRK$b 
which.max(bvBA) 
bvBAmax = bvBA[which.max(bvBA)] 
bvBAmax  
MSEBA = round(mean((bvBA - QTL)^2), 2)          # MSE value 
CorBA = round(cor(bvBA, QTL), 2)      # Correlation value 
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# Bayes B 
ETA$MRK$model = "BayesB" 
fmBB = BGLR(y = yNa, ETA = ETA, nIter = nIter, burnIn = burnIn, saveAt = "B_ ") 
r_BB = cor(ph[whichNa], fmBB$yHat[whichNa])   # Correlation value 
MSEbb = round(mean((ph[whichNa] - fmBB$yHat[whichNa])^2), 2)      # MSE value 
 
# Breeding Values with Bayes B 
ETA$MRK$model = "BayesB" 
fmBBT = BGLR(y = ph, ETA = ETA, nIter = nIter, burnIn = burnIn, saveAt = "BBT_ ") 
bvBB = pregen %*% fmBBT$ETA$MRK$b 
which.max(bvBB) 
bvBBmax = bvBB[which.max(bvBB)] 
bvBBmax  
MSEBB = round(mean((bvBB - QTL)^2), 2)           # MSE value    
CorBB = round(cor(bvBB, QTL), 2)                        # Correlation value 
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# Bayes C 
ETA$MRK$model = "BayesC" 
fmBC = BGLR(y = yNa, ETA = ETA, nIter = nIter, burnIn = burnIn, saveAt = "BC_ ") 
r_BC = cor(ph[whichNa], fmBC$yHat[whichNa])             # Correlation value 
MSEbc = round(mean((ph[whichNa] - fmBC$yHat[whichNa])^2), 2)    # MSE value 
 
# Breeding Values with Bayes C 
ETA$MRK$model = "BayesC" 
fmBCT = BGLR(y = ph, ETA = ETA, nIter = nIter, burnIn = burnIn, saveAt = "BCT_ ") 
bvBC = pregen %*% fmBCT$ETA$MRK$b 
which.max(bvBC) 
bvBCmax = bvBC[which.max(bvBC)] 
bvBCmax  
MSEBC = round(mean((bvBC - QTL)^2), 2)  # MSE value    
CorBC = round(cor(bvBC, QTL), 2)                    # Correlation value 
 
# Bayes D 
ETA$MRK$model = "BayesB" 
S0 = rgamma(n = length(ph), 1, 1) 
fmBD = BGLR(y = yNa, response_type = "gaussian", ETA = ETA, S0 = S0,  
      nIter = nIter, burnIn = burnIn, saveAt = "BD_ ") 
r_BD = cor(ph[whichNa], fmBD$yHat[whichNa])                                   # Correlation value   
MSEbd = round(mean((ph[whichNa] - fmBD$yHat[whichNa])^2), 2)    # MSE value 
 
# Breeding Values with Bayes D 
ETA$MRK$model = "BayesB" 
S0 = rgamma(n = length(ph), 1, 1) 
fmBDT = BGLR(y = ph, response_type = "gaussian", ETA = ETA, S0 = S0,  
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    nIter = nIter, burnIn = burnIn, saveAt = "BDT_ ") 
bvBD = pregen %*% fmBDT$ETA$MRK$b 
which.max(bvBD) 
bvBDmax = bvBD[which.max(bvBD)]; bvBDmax  
MSEBD = round(mean((bvBD - QTL)^2), 2)  # MSE value 
CorBD = round(cor(bvBD, QTL), 2)   # Correlation value 
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# Kernel Regression and Nadaraya-Watson Estimator        
xstar = colMeans(pregen) 
p = ncol(pregen) 
n = length(ph)  
SXstar = numeric(0) 
for(i in 1:n){ 
SXstar[i] = t(pregen[i,] - xstar) %*% (pregen[i,] - xstar) 
} 
SXstar 
# calculating the optimal bandwidth value 
set.seed(1) 
gridh = seq(0.1, 1, length = length(ph)) 
cv = numeric(0); Ghat = numeric(0) 
for(i in 1:length(gridh)){ 
myS    = sum(exp(-SXstar / (2 * gridh[i]^2))) 
Wxstar = exp(-SXstar / (2 * gridh[i]^2)) / myS 
for(j in 1:n){ 
Ghat[j] = t(Wxstar)[-j] %*% ph[-j] 
} 
cv[i] = mean((ph - Ghat)^2) 
} 
mcv = which.min(cv) 
mcv 
h = gridh[mcv] 
h 
# Nadaraya-Watson Estimator for predicting the phenotypic values 
h = 0.5 
SXstar = numeric(0) 
for(i in 1:n){ 
SXstar[i] = t(pregen[i,] - xstar) %*% (pregen[i,] - xstar) 
} 
myS    = sum(exp(-SXstar / (2 * h^2))) 
Wxstar = exp(-SXstar / (2 * h^2)) / myS 
Gxstar = t(Wxstar) %*% ph; Gxstar 
dxstar = matrix(NA, ncol = p , nrow = n, byrow = T) 
for(i in 1:n){ 
dxstar[i,] = ((pregen[i,] - xstar) * Wxstar[i]) / (h^2) 
} 
rxstar = colSums(dxstar) 
ghatxstar = ph %*% (dxstar - (Wxstar %*% t(rxstar))) 
Eyx = numeric(0) 
for(i in 1:n){ 
Eyx[i] = Gxstar + (ghatxstar %*% (pregen[i,] - xstar)) 
} 
MSE = mean((ph - Eyx)^2); MSE        #MSE value 
cor(myy, Eyx)                                       # Correlation value 
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# Reproducing kernel Hilbert space Regression     
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p = ncol(pregen) 
D = (as.matrix(dist(pregen, method = "euclidean"))^2) / p  # DISTANCE MATRIX 
D = D / mean(D) 
K = exp(-2 * D)       ## guasian kernel 
h = 0.5 
# GENERATES TESTING SET  
set.seed(1) 
samplesize = 479 
whichNa = sample(1:length(ph), size = samplesize, replace = FALSE) 
yNa = ph 
yNa[whichNa] = NA 
### FIT MODEL  
ETA = list(list(K = K,df0 = 5,S0 = 0.5, model = "RKHS")) 
fm = BGLR(y = yNa, ETA = ETA, nIter = 5000, burnIn = 1000, saveAt = "RKHS_ ") 
MSE = mean((ph[whichNa] - fm$yHat[whichNa])^2) 
VARE = fm$varE 
VARU = fm$ETA[[1]]$varU 
DIC = fm$fit$DIC 
pD = fm$fit$pD 
round(MSE, 2); round(VARE, 2); round(VARU, 2); round(DIC, 2); round(pD) 
corRkhsCV = round(cor(ph[whichNa], fm$yHat[whichNa]), 2) 
 
# Breeding Values with RKHS  
fmRKHST = BGLR(y = ph, ETA = ETA, nIter = 5000, burnIn = 1000, saveAt = "RKHST_ ") 
bvRKHS = fmRKHST$yHat - fmRKHST$mu 
which.max(bvRKHS) 
bvRKHSmax = bvRKHS[which.max(bvRKHS)] 
 bvRKHSmax  
MSERKHS = round(mean((bvRKHS - QTL)^2), 2)    # MSE value 
CorRKHS = round(cor(bvRKHS, QTL), 2)                  # Correlation value 
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# Support Vector Regression Method 
library(kernlab)  # Package for Support Vector Regression Method 
set.seed(100) 
k = 5 
folds = sample(1:k, length(ph), replace = T) 
xtrain = pregen[folds!=k,]; 
ytrain = ph[folds!=k] 
xtest = pregen[folds==k,] 
ytest = ph[folds==k] 
## model fitting 
regm = ksvm(xtrain, ytrain, epsilon = 0.1, kernel = "rbfdot",  
   type = "eps-svr", kpar = "automatic", C = 1, cross = 5) 
z = fitted(regm); head(z) 
b(regm) 
nSV(regm) 
# prediction 
per = predict(regm, xtest, ytest, type = "response") 
mseSVRCV = round(mean((per - ytest)^2), 3)      # MSE value 
corSVRCV = round(cor(per, ytest), 3)                   # Correlation value 
 
#  Breeding Values with Support Vector Regression Method  
regmT = ksvm(pregen, ph, epsilon = 0.1, kernel = "rbfdot",  
   type = "eps-svr", kpar = "automatic", C = 1, cross = 5) 
bvSVR = predict(regmT, pregen, ph, type = "response") 
which.max(bvSVR) 
bvSVRmax = bvSVR[which.max(bvSVR)] 
bvSVRmax 
b0 = b(regmT)  
GEBVSVR = bvSVR - b0 
which.max(GEBVSVR) 
GEBVSVRmax = GEBVSVR[which.max(GEBVSVR)] 
GEBVSVRmax  
MSESVR = round(mean((GEBVSVR - QTL)^2), 2)            # MSE value 
CorSVR = round(cor(GEBVSVR, QTL), 2)                         # Correlation value 


