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Simple Summary: The aim of this study was to compare the predictive performances of univariate and 

multivariate artificial neural network-1-10-neuron models with the learning algorithms of Bayesian 

Regularization, Levenberg–Marquardt and Scaled Conjugate Gradient and transfer function combinations of 

tangent sigmoid-linear and linear-linear in the hidden-output layers based on the input from genomic 

relationship matrix in analyses of growth and carcass traits from Brangus heifers. Pearson’s correlation 

coefficients calculated between observed and predicted phenotypes for traits were used to determine the 

predictive performances of univariate and multivariate artificial neural network-1-10-neuron models with learning 

algorithms and transfer function combinations. The results indicated that artificial neural network models in the 

univariate analysis of growth and carcass traits resulted in better predictive performances than those in the 

multivariate analysis. In the univariate analysis, models with Bayesian Regularization learning algorithm yielded 

higher predictive performances. The predictive performances of models with tangent sigmoid-linear transfer function 

combination were also better than those with linear-linear transfer function combination in the univariate analysis. 

The complex architectures of artificial neural network models and genetic relationship among growth and carcass 

traits could cause lower and poor predictive performances in the multivariate analysis. 

Abstract: Data for growth (birth, weaning and yearling weights) and carcass (longissimus muscle area, percent 

intramuscular fat and depth of rib fat) traits and 50K SNP marker data to calculate the genomic relationship 

matrix were collected from 738 Brangus heifers. Univariate and multivariate artificial neural networks with 1 to 

10 neurons models including the inputs from genomic relationship matrix were created and applied with the 

learning algorithms of Bayesian Regularization, Levenberg–Marquardt and Scaled Conjugate Gradient and 

transfer function combinations of tangent sigmoid-linear and linear-linear in the hidden-output layers for the 

analysis of growth and carcass data. Pearson’s correlation coefficients were used to evaluate the predictive 

performances of univariate and multivariate ANN models. The overall predictive ability of artificial neural 

network models was low in the univariate and multivariate analysis. However, the predictive performances of 

models in the univariate analysis were significantly higher than those from models in the multivariate analysis. 

In the univariate analysis, models with Bayesian Regularization and the tangent sigmoid-linear or linear-linear 

transfer function combination yielded higher predictive performances than those in learning algorithms. In 

addition, predictive performances of models with tangent sigmoid-linear transfer functions were better than 

those with linear-linear transfer functions in the univariate analysis. 
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1. Introduction 

There is a growing interest in improving the economically important traits in beef cattle breeding 

programs to increase the profitability of beef cattle production systems. Among the several 

economically important traits, growth-related traits including birth weight (BW), weaning weight 

(WW), yearling weight (YW) are traditionally considered as selection criteria in beef cattle breeding. 

Carcass traits including longissimus muscle area (LMA), percent intramuscular fat (IMF), depth of 

rib fat (FAT) have also gained importance in the selection programs of beef cattle breeding in order 

to fulfill the market quality standards and the consumer perceptions of meat [1–3]. Genomic selection 

has been applicable for economically important traits since the availability of high-density single 

nucleotide polymorphism (SNP) markers [1–4] and the statistical methods for genomic prediction 

[1,5,6]. Many statistical methods (such as GBLUP, BayesA, BayesB, BayesC, and Bayesian Lasso) for 

genomic prediction work based on capturing the association between SNP marker genotypes and 

phenotypes of a trait and then by fitting the association, learn how SNP marker genotypes map to 

the quantity to be predicted.  

In last decade, artificial neural networks (ANN) were considered as a different learning method 

for genomic prediction. The development and use of ANN for artificial intelligence was inspired from 

the operations of nerve cells (known neurons) in the human brain. The ANN is a statistical modeling 

of the human brain functions and represents a new generation of information processing systems [7]. 

The learning ability of ANN without using any prior assumption and sophisticated statistical models 

for linear and nonlinear relationships in the information processing systems is a very attractive 

feature. ANN methods are nonparametric models providing tremendous flexibility to adapt to 

complicated associations between data and output. A particular strength is the ability to adapt to 

hidden patterns of unknown structure that therefore could not be incorporated into a parametric 

model at the beginning [8].  Therefore, ANN statistical models have been used to predict genomic 

values of individuals for complex traits for last decade because complex quantitative traits such as 

growth and production traits in animal and plant breeding are controlled by a network of numerous 

genes [9]. This study aimed to compare the predictive performances of univariate and multivariate ANN-

1-10-neuron models with the learning algorithms (Levenberg–Marquardt (LM), Bayesian Regularization 

(BR) and Scaled Conjugate Gradient (SCG)) and transfer functions (tangent sigmoid and linear) using the 

input from G genomic relationship matrix in analyses of growth and carcass traits. 

2. Materials and Methods 

2.1. Phenotypes, SNP Markers and Genomic Relationship Matrix 

Data for growth (birth weight (BW), weaning weight (WW) and yearling weight (YW)) and 

carcass (longissimus muscle area (LMA), percent intramuscular fat (IMF), and depth of rib fat (FAT)) 

traits were obtained from 738 Brangus heifers which raised in Camp Cooley Ranch in east central 

Texas, the Chihuahuan Desert Rangeland Research Center and Campus Farm of New Mexico State 

University in the spring or fall calving season of 2005 through 2007 birth years [10–12]. 

SNP marker genotypes (AA, AB, BB) of 738 Brangus heifers were obtained by using 

BovineSNP50 Infinium BeadChips (Illumina, San Diego, CA) for 53,692 SNP markers [2]. Three filters 

were applied for the quality control of SNP markers using the snpReady package in R-program [13]: 

Heifers were retained where a) the genotype call rate was greater than 95% and b) the number of 

missing observations was less than 50% and c) SNP markers with minor allele frequency (MAF) 

greater than 10% were retained. Then, the imputation of missing SNP marker genotypes resulted in 

738 animals with 35,351 SNP markers. 
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Genomic relationship matrix (𝑮) [14,15] was calculated by using 35,351 SNP markers as 

𝑮 =
(𝑴−𝑷)(𝑴−𝑷)′

2∑ 𝑝𝑖(1−𝑝𝑖)
𝑘
𝑖=1

   

where 𝑴(𝑛 × 𝑘) is the matrix of the coded (0 for AA, 1 for AB, 2 for BB) 𝑘 = 35351 SNP marker 

genotypes for the 𝑛 = 738 animals; 𝑷(𝑛 × 𝑘) is the matrix for allele frequencies of the SNP markers 

multiplied by 2, 𝑝𝑖  is the allele frequency of ith SNP marker, and the sum is over all loci. 

2.2. Artificial Neural Networks 

Artificial neural network (ANN) is a type of non-linear model frequently used to predict 

genomic breeding values for genomic selection in the last decade. ANN models are computer 

algorithms and their working principles are inspired by the function of the human brain and nervous 

system. The neurons of human brain and their connections with each other establish the relationship 

among neurons as data processing units connected via adjustable weights (𝛼𝑗) in ANN. ANN consists 

of an input layer, hidden layer(s), and an output layer. The interconnected neurons are arranged 

based on their functions in layers. 

The Multi-Layer Perceptron Artificial Neural Network (MLPANN) includes many 

interconnected neurons which are grouped into an input layer, an intermediate or hidden layer and 

an output layer. The graphical representation of the MLPANN used for this study is given in Figure 

1. As seen in Figure 1, genomic relationships (𝑔𝑖𝑗) between animals are independent variables and 

represent the input neurons in the input layer of the MLPANN model. Also, the growth (BW, WW 

and YW) and carcass (LMA, IMF and FAT) traits are dependent variables and represent the output 

neurons in the output layer of the MLPANN model. 

Training process in the MLPANN focuses on increasing the estimation accuracy between 

predicted (output) values (𝑦̂) and the observed (actual) phenotypic values (𝑦) using the different 

number of neurons, learning algorithms and transfer functions in the hidden layer and producing 

the univariate or multivariate outputs in the output layer.   

 

Figure 1. Graphical representation of the univariate and multivariate multi-layer perceptron artificial neural 

networks for the inputs of the additive genomic relationships (𝑔𝑖𝑗) between animals from G Matrix and the 

output of the univariate (𝑦̂𝑘) or multivariate (𝒚̂) predicted values of phenotypes (𝒚) by the network where 𝑘 =

{𝐵𝑊, 𝑊𝑊, 𝑌𝑊, 𝐿𝑀𝐴, 𝐼𝑀𝐹, 𝐹𝐴𝑇}. 
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2.2.1. Number of Neurons in Hidden Layer 

The number of neurons (𝑠 ) in hidden layer has a significant effect on the performance of 

MLPANN model. The use of too few (one or two) neurons could not be enough to establish the 

unknown relationship between inputs and outputs in MLPANN model; however, the use of too 

many neurons in the training process could cause the increase of complexity and execution time of 

MLPANN model. From literature, it was found that a single hidden layer was sufficient for an 

MLPANN model to approximate any complex nonlinear function [16,17] neurons between 1 and 10 

(𝑡 = 1, 2, … , 𝑠 = 10) was used in the MLPANN model (Figure 1). 

2.2.2. Learning Algorithm in Hidden Layer 

The learning in ANN for genomic prediction is a training process which occurs by comparing 

the ANN predicted (output) value ( 𝑦̂𝑖 ) with the observed (actual) phenotypic value (𝑦𝑖 ) and 

calculating the prediction error ( 𝑒̂𝑖 = 𝑦𝑖 − 𝑦̂𝑖 ) in the training dataset. The back-propagation of 

prediction error and the adjustment of the connection weights are iteratively carried out by the 

learning algorithm [18] which attempts to reduce the global error by adjusting the weights and biases 

in the ANN procedure. Although many learning algorithms are indicated in the literature for the 

ANN procedure [19–21], it is difficult to determine the efficient one for genomic selection. Therefore, 

Bayesian Regularization (BR), Levenberg–Marquardt (LM) and Scaled Conjugate Gradient (SCG) 

backpropagation learning algorithms in this study were used to determine the faster learning and the 

better estimating ANN algorithm in the analysis of the growth (BW, WW and YW) and carcass traits 

(LMA, IMF and FAT). 

2.2.3. Transfer Functions in Hidden Layer 

Transfer (activation) functions are used to calculate the outputs in the hidden and output layers 

during the training process in the MLPANN model.  In this study, tangent sigmoid and linear 

transfer functions in the hidden layer were applied to calculate the outputs based on the association 

between inputs and outputs from the hidden layers in the MLPANN model (Figure 1). The tangent 

sigmoid and linear transfer functions are given in Figure 2: 

 

Figure 2. Tangent sigmoid and linear transfer functions in the hidden during the training process in the 

MLPANN model. 

• Tangent sigmoid transfer function 𝑓(𝑥) =
2

1+𝑒−2𝑥
− 1 produces the scaled output over the -1 to 

+1 closed range which is obtained for −∞ and +∞, respectively [22,23]. Because there is a non-
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linear association between inputs and outputs, tansig function is widely used to determine these 

characteristics of the MLPANN model. 

• Linear transfer function 𝑓(𝑥) = 𝑥 produces an output in the range of −∞ to +∞ [24,25]. The 

association between inputs and outputs in the MLPANN models could not be non-linear and is 

determined by the purelin transfer function which can be an acceptable representation of the 

input/output behavior in the MLPANN models. 

As presented in Figure 2, the input layer in the MLPANN model distributes the genomic 

relationships values (𝑔𝑖𝑗) as an input signal to the neurons in the hidden layer. In the hidden layer, 

genomic relationships values 𝑔𝑖𝑗 are combined with a vector of weights 𝛼[𝑡] = {𝛼1𝑗
𝑡 }, plus a bias (𝑏𝑡) 

at the hidden neuron 𝑡 (𝑡 = 1, 2, … , 𝑠 = 10) in order to develop the score 𝜈𝑖
[𝑡] = (𝑏𝑡 + ∑ 𝑔𝑖𝑗𝛼1𝑗

[𝑡]𝑁
𝑗=1 ) for 

animal 𝑖. Then, the resultant score 𝜈𝑖
[𝑡] = (𝑏𝑡 + ∑ 𝑔𝑖𝑗𝛼1𝑗

[𝑡]𝑁
𝑗=1 ) is transformed using linear or tangent 

sigmoid activation functions to produce the output 𝑧𝑖
[𝑡]
= 𝜃𝑡(𝜈𝑖

[𝑡]) of hidden neuron 𝑡 for animal 𝑖 

for the growth (BW, WW and YW) and carcass traits (LMA, IMF and FAT). 

2.2.4. Univariate or Multivariate Outputs in Output Layer 

The MLPANN model is applied for the univariate (single trait) analysis or multivariate (multiple 

traits) analyses and the univariate or multivariate outputs of neurons in the output layer were calculated 

by using a transfer function (Figures 1 and 2). The predictive performance of the MLPANN model could 

be affected by the univariate or multivariate structure of output layer; therefore, in this study,  

• the univariate output of neurons in the output layer for the growth (BW, WW and YW) and 

carcass (LMA, IMF and FAT) traits:  

𝑦̂𝑘𝑖 = 𝜃2𝑖(𝛿𝑘𝑖) + 𝑒̂𝑘𝑖   

where 𝛿𝑘𝑖 = 𝑏2 + ∑ 𝑤𝑡𝑧𝑖
[𝑡]𝑠

𝑡=1  and  𝑘 = {𝐵𝑊,𝑊𝑊, 𝑌𝑊, 𝐿𝑀𝐴, 𝐼𝑀𝐹, 𝐹𝐴𝑇}, 

• the multivariate outputs of neurons in the output layer for the growth (BW, WW and YW) and 

carcass (LMA, IMF and FAT) traits: 

𝐵𝑊
𝑊𝑊
𝑌𝑊
𝐿𝑀𝐴
𝐼𝑀𝐹
𝐹𝐴𝑇}

 
 

 
 

𝒚̂𝑖 = 𝜽2𝑖(𝜹𝑖) + 𝒆̂𝑖   

where 𝛿𝑖 = 𝑏2 + ∑ 𝑤𝑡𝑧𝑖
[𝑡]𝑠

𝑡=1  were calculated only by using the purelin 𝜃2𝑖(. ) transfer function 

(Figures 1 and 2). 

2.3. Cross-Validation and Predictive Performance of Artificial Neural Networks 

Habier et al. [14] studied the effect of genomic relationships between animals in the training and 

validation data sets and showed that the accuracy of GEBV of animals in validation data set increases 

when the genomic relationship between animals in validation data set and animals in training data 

set increases. Saatchi et al. [26] also indicated that minimizing the genomic relationships between 

animals in training and animals in validation data sets by using k-means clustering approach resulted 

in less effected accuracies of GEBV of animals in validation data set by their genomic relationships. 

Therefore, in this study 10-fold cross-validation data sets were created from the genotyped animals by 

using k-means clustering approach based on the pedigree-base additive relationships [27]. GeneticsPed 

[28] and factoextra [29] packages in R-program were used to construct the pedigree-base numerator 

relationship (𝑨) matrix and 10-fold cross-validation data sets based on k-means clustering approach. 

The training and validation processes in the cross-validation approach were carried out by 

taking nine cross-validation data sets from 10-fold cross-validation data sets to train the ANN and 

remaining one cross-validation data set to predict phenotypic values of animals from the omitted 

validation set. The predictive performance of ANN for growth (BW, WW and YW) and carcass (LMA, 
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IMF and FAT) traits was evaluated by pooling the estimates of Pearson’s correlation coefficient 

(𝑟𝑦𝑘,𝑦̂𝑘) between the observed (𝑦𝑘) and predicted phenotypic (𝑦̂𝑘) values from 10-fold cross-validation 

data sets. 

𝑟𝑦𝑘,𝑦̂𝑘 =
𝑆𝑦𝑘,𝑦̂𝑘

√𝑆𝑦𝑘
2 𝑆𝑦̂𝑘

2
   

where 𝑆𝑦𝑘,𝑦̂𝑘 is the covariance between the observed (𝑦𝑘) and predicted phenotypic (𝑦̂𝑘) values, 𝑆𝑦𝑘
2  

and 𝑆𝑦̂𝑘
2  are the variances for the observed (𝑦𝑘) and predicted phenotypic (𝑦̂𝑘) values for trait 𝑘, 

respectively. 

2.4. Analyses of MLPANN Model 

MATLAB Neural Network Toolbox [30] was used to fit the MLPANN model in Figure 1. The 

application of BR, LM and SCG learning algorithms were carried out by utilizing the functions of 

trainlm(.), trainbr(.) and trainscg(.) in MATLAB Neural Network Toolbox. The tangent sigmoid and 

linear transfer functions (Figure 2) for each learning (BR, LM and SCG) algorithm were applied using 

tansig(.) and purelin(.) functions in MATLAB Neural Network Toolbox, respectively. 

In this study, leaning (BR, LM and SCG) algorithms were trained independently using 10 cross-

validation data sets in order to establish good predictive ability and prevent overtraining in the 

training process of MLPANN. During the training procedure, when weight parameter values at a 

current iteration did not change in the successive iteration, the training process stopped and it was 

assumed that the convergence criteria of 1.0E-06 was attained.  

3. Results and Discussion 

In the univariate and multivariate analyses of the growth (BW, WW and YW) and carcass (LMA, 

IMF and FAT) traits from training data sets to develop MLPANN model structure, the MLPANN 

was described as a one-hidden-layer MLPANN with the number of neurons between 1 and 10 using 

the learning algorithms (BR, LM or SCG) based on the transfer functions of linear and tangent 

sigmoid functions in the hidden layer of the network. The combined results from all MLPANN model 

structure prediction scenarios are given in Figure 3 and 4 for univariate and multivariate validation 

data sets. They include results of average Pearson’s correlation coefficients for predictive 

performance of learning algorithms (BR, LM and SCG) in columns, with the univariate and 

multivariate growth (BW, WW and YW) and carcass (LMA, IMF and FAT) traits in the rows. The 

single panels in Figure 3 and 4 show the dependency of the average Pearson’s correlation coefficients 

over univariate and multivariate data sets in 10-fold cross-validation runs on MLPANN architecture 

of 1 to 10 neurons in the hidden layer with linear and tangent sigmoid transfer functions 

Comparison of univariate and multivariate analyses for the predictive ability of MLPANN models 

As seen in Figure 3 and 4, Pearson’s correlation coefficients obtained for the predictive ability of 

MLPANN models ranged from -0.109 to 0.201 in the univariate analysis and from -0.142 to 0.154 in 

the multivariate analysis regardless of the growth and carcass traits, learning algorithms and transfer 

functions and the overall predictive ability of MLPANN models was low in the univariate and 

multivariate analysis of 10-fold cross-validation data sets. However, the predictive performances of 

MLPANN models in the univariate and multivariate analysis differed and paired-sample t-test 

showed that Pearson’s correlation coefficients from MLPANN models in the univariate analysis were 

statistically higher than those from MLPANN models in the multivariate analysis (p-value < 0.01).   

The ranges of Pearson’s correlation coefficients from MLPANN models in the univariate analysis 

(Figure 3) were from -0.056 to 0.180 for BW, from -0.109 to 0.097 for WW, from -0.055 to 0.130 for YW, 

from -0.05 to 0.184 for FAT, from -0.041 to 0.201 for IMF and from -0.076 to 0.204 for LMA. Pearson’s 

correlation coefficients indicated that the predictive performances of MLPANN models for carcass 

traits were higher than those for growth traits. Peters et al. [31] carried out a simulation study to 

determine the genomic prediction performance of ANN models with 1 to 10 neurons using SNP 
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markers in the analysis of two traits with heritabilities of 25% and 50% and results indicated that an 

increase in heritability resulted in an increase in the predictive performances of ANN models. Peters 

et al. [32] also analyzed the growth and carcass traits using GBLUP and Bayesian alphabet (BayesA, 

BayesB, BayesC and Bayesian Lasso) models and showed the predictive performances of GBLUP and 

Bayesian alphabet models by estimating the heritabilities of growth and carcass traits. The predictive 

performances of MLPANN models for growth and carcass traits were found lower than those of 

GBLUP and Bayesian alphabet (BayesA, BayesB, BayesC and Bayesian Lasso) models reported by 

Peters et al. [32]. However, Pearson’s correlation coefficients from MLPANN models in univariate 

analysis given in Figure 3 and those from GBLUP and Bayesian alphabet models in Peters et al. [32] 

for growth and carcass traits indicated that the carcass traits resulted in the higher predictive 

performances than growth traits since the carcass traits had the higher heritabilities than growth traits 

[32,33]. The effect of heritability of trait on genomic prediction in the comparison of different genomic 

models were studied by Daetwyler et al. [34] and Zhang et al. [35] and they indicated that genomic 

prediction models were sensitive to heritability and increasing heritability resulted in the increase in 

the predictive performance of genomic prediction models.  

The ranges of Pearson’s correlation coefficients from MLPANN models in the multivariate 

analysis (Figure 4) were from -0.096 to 0.154 for BW, from -0.056 to 0.116 for WW, from -0.085 to 0.132 

for YW, from -0.091 to 0.081 for FAT, from -0.142 to 0.107 for IMF and from -0.093 to 0.111 for LMA. 

Results from multivariate analysis were consistent with those from Peters et al. [36], who presented 

the predictive ability of MLPANN models in the multivariate analyses of growth (BW, WW and YW) 

traits based on the learning algorithms (BR, LM and SCG) and linear and tangent sigmoid transfer 

functions. In the ANN studies, network architecture, sample size in the training data set and the 

number of parameters (weights and biases) to be estimated are important factors effecting the 

predictive ability of MLPANN models. Okut et al. [37] showed that the number of parameters 

(weights and biases) were calculated by multiplying the number of inputs by the number of neurons 

in the MLPANN model in the univariate analysis. In this study, since the number of parameters in 

multivariate analysis were about 6 times larger than those in univariate analysis, the predictive ability 

of MLPANN models in multivariate analyses were found lower than that of MLPANN models in 

univariate analysis. Ether et al. [18] indicated that predictive ability of MLPANN models depended 

on network architecture when sample size was lower than the number of parameters in the analyses.  

In multivariate MLPANN models, as the number of neurons and the number of output increases, the 

number of parameters to be estimated also increases. Therefore, genomic relationship among animals 

could not provide enough information through input neurons to obtain high accuracy from 

multivariate MLPANN models.  

Although the predictive ability of MLPANN models for carcass traits was better than those for 

growth traits in the univariate analysis, MLPANN models produced similar predictive ability for 

growth and carcass traits in the multivariate analysis which was resulted from the genetic 

relationship among traits. A genetic relationship between two traits happens when two traits are 

controlled in part by the same genes or linkage of the genes controlling the traits exists [38]. Results 

from the studies of Peters et al. [39], Rostamzadeh Mahdabi [40], Weik et al. [41] and Caetano et al. 

[42] indicated that most economically important traits such as growth (BW, WW and YW) and carcass 

(LMA, IMF and FAT) traits are genetically positively or negatively related and the degrees of 

relationship between them ranged from low to moderate. As seen in Figure 4, the complex MLPANN 

architecture (over 2 neurons in the hidden layer) in multivariate analysis attempted to learn 

specifications of the data and the underlying genetic relationships between traits could cause 

MLPANN models to learn irrelevant details of the data. Therefore, prediction performance of 

MLPANN models in multivariate analysis was substantially worse than that of MLPANN models in 

univariate analysis. 
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Comparison of learning algorithms and transfer functions for the predictive ability of MLPANN 

models 

The predictive performance of MLPANN models depend upon the number of neurons in the 

hidden layer, learning algorithms and the type of transfer functions. Pearson’s correlation coefficients 

for the predictive performance of MLPANN models across the number of neurons are given for 

learning (BR, LM and SCG) algorithms and transfer (tangent sigmoid and linear) functions in Figure 

3 for univariate analysis and in Figure 4 for multivariate analysis. 

The predictive performance of MLPANN models was expected to show an increasing trend 

across the number of neurons in the hidden layer. However, as seen in Figure 3 and 4, there were no 

increasing trends but fluctuations in the predictive performances of MLPANN models with 

increasing number of neurons across different learning algorithms and transfer functions in the 

univariate and multivariate analysis. There were also no specific number of neurons providing high 

predictive performance for MLPANN models in the univariate and multivariate analysis. These 

inconsistent predictive performance of MLPANN models indicated the necessity of many numbers 

of neurons to learn data specification in the applications of ANN. Okut et al. [37] comparing the 

predictive ability of different ANN-1-7-neuron models with BR learning algorithm indicated that the 

predictive ability of the network with five attained the highest Pearson’s correlation coefficient in the 

test data although differences among networks were negligible. Peters et al. [31] showed that 

predictive performance of MLPANN-1-10-neuron models increased with the number of neurons. 

However, there was no consistent increase in the predictive performance across the number of 

neurons, which indicated that a few numbers of neurons could not be enough to learn specification 

of data and could cause the under fitting problem. Although high number of neurons could be 

needed to learn relevant details of the data in the MLPANN applications, our MLPANN predictive 

performance results in Figure 3 and 4 were also found similar across the number of neurons in the 

univariate and multivariate analysis of growth and carcass traits. Ehret et al [18], Gianola et al. [43] 

and Sinecen [44] showed that the ANN models differed little in predictive performance across the 

number of neurons when the genomic relationship G matrix was used. Peters et al. [31] indicated that 

ANN predictive performance agreed when the sample size was equal to or higher than the number 

of features of the network.  

In this study, BR, LM and SCG backpropagation learning algorithms were used to determine the 

MLPANN learning algorithm producing better estimates in the univariate and multivariate analyses 

of growth and carcass traits. Pearson’s correlation coefficients from MLPANN models with BR, LM 

and SCG learning algorithms were given in columns within Figure 3 and 4 to determine the learning 

algorithm producing better estimates in the univariate and multivariate analyses of growth and 

carcass traits. As seen in Figure 3 and 4, Pearson’s correlation coefficients ranged from 0.024 to 0.204 

for BR, from -0.052 to 0.184 for LM and from -0.109 to 0.147 for SCG learning algorithms in the 

univariate analysis; ranged from -0.142 to 0.154 for BR, from -0.093 to 0.110 for LM and from -0.096 

to 0.132 for SCG learning algorithms in the multivariate analysis, respectively. These results indicated 

that the predictive performances of BR, LM and SCG learning algorithms in the univariate analysis 

were different than those in the multivariate analysis. 

In the univariate analysis, MLPANN models with BR learning algorithm resulted in better 

predictive performances compared with MLPANN models with LM and SCG algorithms. Also, more 

consistent predictive performances of MLPANN models across the number of neurons were obtained 

in the BR learning algorithm. Results from the BR learning algorithm are consistent with those of 

Okut et al. [37], who demonstrated that predictive performance of ANN models did not depend on 

network architecture when sample size was larger than the number of features in the analysis. Our 

results also agreed with those of Ehret et al. [18] who used the G matrix as input to the network and 

those of Gianola et al. [43], who used Bayesian regularized artificial networks for genome-enabled 

predictions of milk traits in Jersey cows. Peters et al. [45] compared the MLPANN models with BR, 

LM and SCG learning algorithms for the analysis of antler beam diameter and length from white-

tailed deer and found that MLPANN model with BR learning algorithm showed better agreement of 
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the predicted and observed values of antler beam diameter and length; however, MLPANN model 

with SCG learning algorithm resulted in the highest error within the models. Kayri [46] compared 

ANN models with BR and LM learning algorithms in the analysis of social data and found that BR 

learning algorithm with the higher Pearson’s correlation coefficient indicated better predictive 

performance than LM learning algorithm. Okut et al. [47] investigated the predictive performance of 

BR and SCG learning algorithms and found that the ANN model with BR learning algorithm gave 

slightly better performance. In the studies of Bruneau and McElroy [48], Saini [49], Laurent et al. [50] 

and Ticknor [51], the BR learning algorithm also yielded moderate or better predictive performance 

compared with the other learning algorithms. 

ANN models were usually applied in the univariate analysis and resulted in similar and 

consistent predictive performances across learning algorithms and transfer functions [18,45,47]. 

However, as seen in Figure 4, Pearson’s correlation coefficients from the multivariate analysis 

indicated that predictive performances of MLPANN models with BR, LM and SCG learning 

algorithms were different, not consistent across growth and carcass traits, the number of neurons and 

transfer functions and not better than those from the univariate analysis. Training in the ANN model 

is an iterative learning process and at each iteration the weights from input to hidden layer (𝛼𝑗) and 

from hidden to output layer (𝑤𝑡 ) of the ANN model (Figure 1) are adjusted by using a learning 

algorithm (BR, LM and SCG) [18] to minimize the difference (the error) between observed and 

predicted phenotypes [52]. Since six growth (BW, WW and YW) and carcass (FAT, IMF and LMA) 

traits were analyzed together by using the MLPANN models with BR, LM and SCG learning 

algorithms in the multivariate analysis, the increasing number of features of the MLPANN model 

and the underlying (positive/negative) genetic relationships among traits affected the iterative 

learning process of BR, LM and SCG learning algorithms within neural network and resulted in lower 

predictive performance of the MLPANN models with BR, LM and SCG learning algorithms in the 

multivariate analysis. 

Transfer function is an essential part of ANN model to help in learning and making sense of 

non-linear and complicated mappings between the inputs (genomic relationship) and corresponding 

outputs (the value of trait or phenotype) [53]. Applying a sigmoidal-type and linear transfer functions 

in the hidden and output layers may be useful when it is necessary to extrapolate beyond the range 

of the training data [54]. In this study, two combinations of transfer functions (tangent sigmoid-linear 

and linear-linear) were used in the hidden-output layers (Figure 1). For predictive performances of 

MLPANN models with tangent sigmoid-linear or linear-linear transfer function combination, 

minimum and maximum values of Pearson’s correlation coefficients for the tangent sigmoid-linear 

or linear-linear transfer function combination were given based on growth and carcass traits and BR, 

LM and SCG learning algorithms in univariate (Figure 3) and multivariate (Figure 4) analyses. As 

seen in Figure 3 and 4, Pearson’s correlation coefficients indicated that predictive performances of 

MLPANN models with tangent sigmoid-linear or linear-linear transfer function combination in 

univariate analysis were better than those in multivariate analysis. In addition, predictive 

performances of tangent sigmoid-linear and linear-linear transfer function combinations within 

univariate and multivariate analyses were different across growth and carcass traits and BR, LM and 

SCG learning algorithms. 

In univariate analysis, predictive performances of MLPANN models with tangent sigmoid-

linear transfer function combination for each trait were better than or similar with those of MLPANN 

models with linear-linear transfer function combination across learning algorithms. MLPANN 

models with tangent sigmoid-linear or linear-linear transfer function combination in BR learning 

algorithm resulted in higher predictive performances than those in LM and SCG learning algorithms. 

Also, predictive performances of transfer function combinations were more consistent in BR learning 

algorithm compared with those in LM and SCG learning algorithms. However, in multivariate 

analysis, MLPANN models with tangent sigmoid-linear or linear-linear transfer function 

combination in BR learning algorithm yielded lower predictive performances than those in LM and 

SCG learning algorithms and tangent sigmoid-linear and linear-linear transfer function combinations 
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in BR learning algorithm resulted in the worst predictive performances for carcass traits of FAT, IMF 

and LMA and the overall predictive performance of transfer function combinations in LM and SCG 

learning algorithms were better than those in BR learning algorithm. As indicated by Ehret et al. [18], 

the complex architectures of MLPANN models and the underlying genetic relationships among 

growth and carcass traits in the multivariate analysis could cause worse predictive performances by 

learning irrelevant details of the data. 

 

Figure 3. Comparison of predictive abilities for all scenarios in MLPANN model structure using univariate 

validation data sets. Growth (BW, WW and YW) and carcass (LMA, IMF and FAT) traits are in the rows, in 

columns BR, LM and SCG learning algorithms are shown. Panels show the average Pearson’s correlation 

coefficients over univariate validation data sets in 10 cross-validation runs on the vertical axis, and the number 

of neurons tested on the horizontal axis. Results of linear-linear (Linear) and tangent sigmoid-linear (TanSig) 

transfer function combinations are presented in each panel. 
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Figure 4. Comparison of predictive abilities for all scenarios in MLPANN model structure using multivariate 

validation data sets. Growth (BW, WW and YW) and carcass (LMA, IMF and FAT) traits are in the rows, in 

columns BR, LM and SCG learning algorithms are shown. Panels show the average Pearson’s correlation 

coefficients over multivariate validation data sets in 10 cross-validation runs on the vertical axis, and the number 

of neurons tested on the horizontal axis. Results of linear-linear (Linear) and tangent sigmoid-linear (TanSig) 

transfer function combinations are presented in each panel. 

4. Conclusions 

The results from this study showed that MLPANN-1-10-neuron models with the BR, LM and 

SCG learning algorithms based on the tangent sigmoid-linear and linear-linear transfer function 

combinations in the univariate analysis of growth and carcass traits resulted in better predictive 

performances than those in the multivariate analysis. In the univariate analysis, MLPANN-1-10-
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neuron models with BR learning algorithm based on the tangent sigmoid-linear or linear-linear 

transfer function combination yielded higher predictive performances than those in LM and SCG 

learning algorithms. In addition, predictive performances of MLPANN models with tangent 

sigmoid-linear transfer function combination were better than those with linear-linear transfer 

function combination in the univariate analysis. The complex architectures of MLPANN models and 

genetic relationship among growth and carcass traits in the multivariate analysis could affect the 

predictive performances of BR, LM and SCG learning algorithms and the tangent sigmoid-linear and 

linear-linear transfer function combinations. 
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