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1-Reproducing Kernel Hilbert Spaces Regression
(RKHS)

2- Nadaraya-Watson Estimator (NWE)

3- Artificial Neural Networks (ANNS)

4- Random Forest (RF)
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Table 1- The values of heritability and QTL numbers in simulated genetic architectures

e GAL GA3 GA4

Variable Jol (S5 olere pgd (SuB) lore g (S Silare )l (Si) ()lene
Number of QTLs

b QTL sl 50 50 500
Heritability 0.3 0.7 0.7
Grdcdly

GA: Genetic Architecture
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1- Mus musculus, assembly GRCm38.p4
2- Imputation
3- Epoch
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Table 2- The prediction accuracy of Bayesian Regularized Neural Networks and benchmark methods on the simulated data

aalllas 3590 (sla b, Jol 55 olese P9 (Sl (8)lons P Suj (8)lone polee (S5 (5ylose
Study methods Al A2 A3 A4

NN=1 0.641 (0.0155) 0.638 (0.0240) 0.800 (0.0117) 0.810 (0.0111)
, s NN=2 0.641 (0.0224) 0.643 (0.0251) 0.784 (0.0168) 0.788 (0.0204)
S5 mas S NN=3 0.64 (0.0233) 0.647 (0.0243) 0.740 (0.0269) 0.744 (0.0169)
BRNN NN=4 0.644 (0.0208) 0.654 (0.0255) 0.761 (0.0206) 0.764 (0.0237)
NN=5 0.633 (0.0252) 0.653 (0.0241) 0.740 (0.0210) 0.736 (0.0228)
GBLUP 0.683 (0.0200) 0.684 (0.0213) 0.820 (0.0113) 0.830 (0.0103)
BayesRR  0.682 (0.0198) 0.683 (0.0211) 0.819 (0.0115) 0.830 (0.0102)
bl o is, Bayes A 0.694 (0.0199) 0.685 (0.0210) 0.859 (0.0096) 0.833 (0.0102)
PM Bayes B 0.717 (0.0205) 0.684 (0.0213) 0.903 (0.0090) 0.836 (0.0100)
Bayes C 0.688 (0.0190) 0.683 (0.0213) 0.888 (0.0106) 0.831 (0.0105)
Bayes L 0.687 (0.0201) 0.684 (0.0207) 0.834 (0.0102) 0.832 (0.0103)

BRNN: Bayesian Regularized Neural Networks
PM: Parametric Methods
NN: Number of neurons in hidden layer
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Table 4- The predictive ability of Bayesian Regularized Neural Networks and benchmark methods in genomic enabled prediction on
the mouse data

adlllas 3590 sla by, X (b (g 25 S 035 Sl oh Jib

Study methods WeW Growth Slope BMI Body Length
NN=1 0.474 (0.0171) 0.339 (0.0251) 0.154 (0.0154) 0.211 (0.0169)

, s NN=2 0.468 (0.0204) 0.356 (0.0252) 0.149 (0.0130) 0.201 (0.0228)
S s s NN=3 0.438 (0.0179) 0.358 (0.0212) 0.145 (0.0140) 0.207 (0.0228)
BRNN NN=4 0.464 (0.0184) 0.359 (0.0209) 0.144 (0.0134) 0.214 (0.0223)
NN=5 0.462 (0.0198) 0.355 (0.0204) 0.144 (0.0147) 0.206 (0.0228)

GBLUP 0.477 (0.0190) 0.368 (0.0224) 0.170 (0.0137) 0.222 (0.0167)

Bayes RR 0.477 (0.0191) 0.368 (0.0221) 0.170 (0.0141) 0.220 (0.0159)

esohly o bs, Bayes A 0.477 (0.0189) 0.369 (0.0222) 0.172 (0.0142) 0.221 (0.0165)
PM Bayes B 0.476 (0.0183) 0.370 (0.0219) 0.164 (0.0142) 0.222 (0.0163)
Bayes C 0.477 (0.0188) 0.368 (0.0220) 0.170 (0.0136) 0.220 (0.0163)
Bayes L 0.476 (0.0187) 0.368 (0.0216) 0.171 (0.0130) 0.218 (0.0175)

BRNN: Bayesian Regularized Neural Networks
PM: Parametric Methods
NN: Number of neurons in hidden layer
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Table 3- The mean squared error of prediction of Bayesian Regularized Neural Networks and benchmark methods on the simulated

adllas 3550 (sla b, Jl 55 olese P90 (S} (S)laze pow (Sui) (§)loxe Pl (S5 (6)loe
Study methods Al A2 A3 A4
0.243 (0.0175) 0.227 (0.0110) 0.288 (0.0180) 0.289 (0.0168)
. s 0.204 (0.0111) 0.188 (0.0112) 0.287 (0.0155) 0.290 (0.0240)
i s 4K 0.190 (0.0077) 0.178 (0.0073) 0.321 (0.0323) 0.316 (0.0213)
BRNN 0.183 (0.0078) 0.167 (0.0057) 0.295 (0.0235) 0.292 (0.0254)
0.185 (0.0091) 0.167 (0.0054) 0.319 (0.0262) 0.322 (0.0271)
0.195 (0.0072) 0.187 (0.0091) 0.437 (0.0615) 0.325 (0.0128)
0.195 (0.0069) 0.187 (0.0087) 0.437 (0.0623) 0.327 (0.0129)
exohly o ss, 0.187 (0.0084) 0.187 (0.0081) 0.543 (0.1214) 0.319 (0.0136)
PM 0.178 (0.0103) 0.187 (0.0093) 0.678 (0.2078) 0.313 (0.0141)
0.194 (0.0070) 0.188 (0.0092) 0.753 (0.2632) 0.319 (0.0119)
0.195 (0.0069) 0.188 (0.0074) 0.443 (0.0719) 0.324 (0.0128)

BRNN: Bayesian Regularized Neural Networks
PM: Parametric Methods
NN: Number of neurons in hidden layer

by sloosls )3 s (slosbyy 5 i (e $laeSed it sl Sluye Sl =5 Jga
Table 5- The mean squared error of prediction of Bayesian Regularized Neural Networks and benchmark methods in genomic
enabled prediction on the mouse data

adlllas 3590 sla by, X (b 05 A3y S 0395 Sl o b
Study methods WeW Growth Slope BMI Body Length
NN=1 0.004 (0.0001) 0.002 (0.0001) 0.003 (0.0001) 0.227 (0.0076)
. s NN=2 0.006 (0.0006) 0.002 (0.0000) 0.003 (0.0001) 0.215 (0.0077)
S s s NN=3 0.008 (0.0005) 0.002 (0.0000) 0.003 (0.0001) 0.214 (0.0077)
BRNN NN=4 0.007 (0.0003) 0.002 (0.0000) 0.003 (0.0001) 0.214 (0.0079)
NN=5 0.007 (0.0002) 0.002 (0.0000) 0.003 (0.0001) 0.213 (0.0078)
GBLUP 0.005 (0.0001) 0.002 (0.0000) 0.003 (0.0001) 0.216 (0.0064)
Bayes RR 0.005 (0.0001) 0.002 (0.0000) 0.003 (0.0001) 0.216 (0.0063)
esohly o bs, Bayes A 0.005 (0.0001) 0.002 (0.0000) 0.003 (0.0001) 0.216 (0.0063)
PM Bayes B 0.005 (0.0001) 0.002 (0.0000) 0.003 (0.0001) 0.215 (0.0063)
Bayes C 0.005 (0.0001) 0.002 (0.0000) 0.003 (0.0001) 0.215 (0.0062)
Bayes L 0.005 (0.0001) 0.002 (0.0000) 0.003 (0.0001) 0.214 (0.0065)

BRNN: Bayesian Regularized Neural Networks
PM: Parametric Methods
NN: Number of neurons in hidden layer
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Table 6- The average computation time of Bayesian Regularized Neural Networks and benchmark methods on the simulated data
(per second)

adllas 3550 (sla b, Jol (S5 (g)lese P90 (S} (S)laze pow (Suj (5)lone Pl (S5 (5ylose
Study methods Al A2 A3 A4
NN=1 37.32 (1.22) 37.23 (1.33) 38.36 (1) 39.12 (0.44)

. s NN=2 280.57 (0.38) 278.25 (1.77) 278.17 (1.27) 280 (1.18)
S as S NN=3 892.75 (2.02) 885 (5.67) 881.55 (5.26) 888.37 (5.01)
BRNN NN=4 2040.4 (4.55) 2019.13 (16.58) 2004.24 (12.57) 2026.37 (9.78)

NN=5 3877.41 (5.87) 3802.36 (31.66) 3812.98 (24.57) 3834.07 (23.06)
GBLUP 302.61 (0.64) 301.93 (0.16) 302.03 (0.17) 302.29 (0.18)
Bayes RR 125.03 (0.41) 124.88 (0.06) 124.83 (0.04) 124.82 (0.03)
esohly o bs, Bayes A 136.16 (0.4) 135.93 (0.06) 135.81 (0.07) 135.76 (0.05)
PM Bayes B 138.07 (3.2) 145.82 (2.85) 118.17 (0.77) 151.43 (2.45)
Bayes C 142.78 (1.59) 143.14 (0.87) 104.04 (3.02) 143.77 (0.99)
Bayes L 141.17 (0.44) 140.98 (0.08) 140.92 (0.13) 140.97 (0.05)

BRNN: Bayesian Regularized Neural Networks
PM: Parametric Methods
NN: Number of neurons in hidden layer
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Table 7- The average computation time of Bayesian Regularized Neural Networks and benchmark methods on the mouse data (per

second)
dalllas 550 glo b, VL g by G S 035 yadll o Jsb

Study methods WeW Growth Slope BMI Body Length

40.50 (0.68) 36.44 (1.49) 39.15 (L07) 38.82 (0.58)

. s 282.07 (0.59) 273.45 (4.61) 281.31 (0.51) 275.88 (0.28)
S s s 897.82 (1.89) 891.15 (7.06) 893.89 (0.99) 876.06 (1.27)
BRNN 2047.66 (3.93) 2025.34 (5.28) 2036.63 (1.76) 1990.04 (2.47)
3888.58 (7.19) 3834.48 (6.93) 3859.87 (3.91) 3775.25 (5.6)

348.26 (0.65) 347.67 (0.2) 350.17 (0.14) 348.22 (1.04)

131 (0.22) 131.03 (0.1) 131.77 (0.06) 131.61 (0.53)

ol o is, 142.43 (0.1) 142.61 (0.08) 143.29 (0.06) 142.86 (0.43)
PM 160.43 (1.98) 151.67 (3.74) 148.53 (2.66) 150.69 (2.61)
155.01 (0.42) 146.47 (1.2) 141.79 (1.06) 145.44 (1.23)

147.75 (0.04) 147.95 (0.05) 148.72 (0.06) 148.38 (0.5)

BRNN: Bayesian Regularized Neural Networks
PM: Parametric Methods
NN: Number of neurons in hidden layer
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Introduction In genomic selection, genetic values of individuals are predicted using genetic markers that are
distributed all across the genome and are in linkage disequilibrium with quantitative trait locus. Different
methods have been introduced to predict genomic breeding values. These methods take into account different
assumptions. Non-parametric methods, including artificial neural networks, have fewer assumptions than
parametric methods, and can apply nonlinear relationships in genomic predictions so, in theory these approaches
are more robust against genetic architecture changes and are able to provide better predictions.

Materials and Methods In current study, the prediction ability of Bayesian neural networks with different
architectures (1 to 5 neurons in the hidden layer) and parametric methods (GBLUP, Bayes RR, Bayes A, Bayes
B, Bayes C Bayes L) in four simulated genetic architectures and four real traits of mouse (six weeks weight,
growth slope, body mass index and body length) were compared using the correlation coefficient between
predicted and expected values, mean square error of prediction and computation time. All simulated genetic
architectures were additive and the gene effects followed a normal distribution. The number of QTLs in the first
and third genetic architecture was 50 and it was 500 for second and fourth genetic architecture. The heritability
of the first and second genetic architectures was 0.3 and the heritability of the third and the fourth genetic
architectures was 0.7. The real data consisted of 1,296 mice which were genotyped with 9,265 SNP markers.

Results and Discussion The highest prediction accuracy of Bayesian neural networks were 0.640 (4 neuron
in the hidden layer), 0.664 (4 neuron in the hidden layer), 0.800 (1 neuron in the hidden layer) and 0.810 (1
neuron in the hidden layer), and the highest prediction accuracy of parametric methods were 0.711(Bayes B),
0.685 (Bayes A), 0.903(Bayes B) and 0.836 (Bayes B) respectively for one to four simulated genetic
architectures. These results showed the superiority of parametric methods to Bayesian neural networks in terms
of prediction accuracy in genetic architectures with additive effects. In additive genetic architectures, the allelic
effects of genetic variations are independent. In parametric models, these effects are assumed to be independent,
therefore in additive genetic architectures can be expected that parametric methods are able to provide better
predictions than nonparametric methods.

The maximum predictive abilities of Bayesian neural networks to predict six weeks weight, growth slope,
body mass index and body length were 0.474 (1 neuron in the hidden layer), 0.349 (4 neuron in the hidden
layer), 0.154 (1 neuron in the hidden layer) and 0.214 (4 neuron in the hidden layer). The predictive abilities of
parametric methods to predict these traits were similar and equal to 0.477, 0.336, 0.170, and 0.221 in average.
The results showed that the predictive abilities of Bayesian neural networks and parametric methods were similar
on real data as the difference between the best predictive ability of Bayesian neural networks and parametric
methods for Six weeks weight, growth slope and body length were less than 1%. The difference was slightly
higher for the body mass index and equal to 1.8%.

The mean squared error of prediction of Bayesian Neural Networks was slightly less than parametric
methods in the simulated genetic architectures. The results indicate a slight superiority of Bayesian neural
networks compared to parametric methods in terms of mean squared error of prediction as an indicator of overall
fit. The mean square prediction error is an appropriate criterion for evaluating the prediction performance of
different methods because it contains both accuracy and bias. Considering table (3) and table (5), it can be
concluded that the prediction of the Bayesian neural network are less accurate but more unbiased than the
parametric methods. This could be due to more applied penalty in parametric methods compared to Bayesian
neural networks, which can lead to an increase in the average mean squared error of prediction. In real data, the
mean squared error of prediction of the Bayesian neural networks and parametric methods were similar.

1,2,3- Ph.D., Professor and Assistant Professor of Animal Sciences Department, Faculty of Agriculture, Ferdowsi
University of Mashhad, Iran.
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The computation time of Bayesian neural networks was increased with an increase in the number of neurons
in the hidden layer. The computation time of the parametric methods was the same with the exception of
GBLUP. The GBLUP method took more computation time. The computation time of neural the networks with 1
to 2 neurons in the hidden layer were less than GBLUP. Genomic prediction using Bayesian Neural Networks
with a greater number of neurons is really challenging, and improving their performance in terms of
computational cost is necessary before applying them in genomic selection.

Conclusion Although parametric methods had better predictive accuracy and predictive ability due to the
additive genetic architecture of the studied traits, it can be concluded that Bayesian neural networks are powerful
tools in genomic enabled prediction that can predict genomic breeding values with acceptable accuracy.

The genomic prediction ability of the neural networks depends on target traits, the animal species, and neural
network architecture. Before using Bayesian neural networks in genomic prediction, it is better to compare the
results with parametric methods. It is also necessary to improve the computation time of the Bayesian neural
networks with a greater number of neurons in hidden layer before applying them in real application of genomic
selection.

Key words: Efficiency comparison, Genomic evaluation, neural networks, parametric methods.



