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Comparison of conventional bayesian and approximate bayesian approaches in
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ABSTRACT

Animal models are used to model the observations of animal performance that are genetically dependent.These
models are considered as generalized linear mixed models and the genetic correlation structure of data is considered
through random effects of breeding values. One goal of the mentioned models is to estimate variance components. In
this research, an approximate Bayesian approach presented to estimate variance components in animal model and
compared with the conventional Bayesian approach. A generated data set for hypothetical animal population with
1084 records was used. The observations are the animal's birth weight and the data includes dam ID, sire ID, sex and
birth year. The effect of gender was considered as fixed effect and the effects of dam, animal and year of birth were
used as random effect. Four different models were fitted by the conventional Bayesian approach and the appropriate
model was selected by deviance information criteria. The approximate Bayesian approach was applied on it. Time
consuming with a PC with configuration (Intel Core i7, 4GB, 2.7 GHz) was about 120 second for the conventional
Bayesian approach and little than 10 second for the approximate Bayesian approach. Goodness of fit was computed
by relative root mean squared error of prediction that was respectively 0.1568 and 0.1499 for conventional Bayesian
and the approximate Bayesian approaches. T-test was used to illustrate lack of significant different to fit weight of
animals between two approaches. The null hypothesis was accepted with p-value 0.98 that it shows mean of fitted
animal weights for two approaches are equal.

Keywords: animal model, approximate bayesian approach, breeding value, heritability.
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1. Generalized Linear Models

2. Link Function

3. Generalized Linear Mixed Models
4. Latent Variables

5. Animal models
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1. Markov Chain Monte Carlo

2. Approximate Baysian approach

3. Integrated Nested Laplace Approximation
4. Hierarichical Spatial Models
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Table 1. Descriptive statistics for the animal birth weight observations and general structure of the pedigree

Data Pedigree
No. Records 1084 No. animals in pedigree 1309
Mean 7.368 No. sires 487
SD 2.689 No. dams 1084
Median 7.355 No. of animals with both parents unknown 225
Minimum 0.270 No. of animals with both parents known 487
Maximum 15.350 No. of animals with at least one parent known 1084
First quartile 5.455 No. sires no-repeated record 159
Third quartile 9.260 No. dams no-repeated record 430

1. Deviance information criterion
2. Highest posterior density credible interval
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Figure 1. (Left) Box Plot and (right) histogram for the animal’s birth weight
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Table 2. Results of approximate Bayesian and conventional Bayesian approaches: Bayesian Estimate of parameter
(first and third quartiles), standard deviation and 95% Bayesian credibility interval (HPD)

Conventional Bayesian Approximate Bayesian

Bayesian estimate Bayesian estimate

PO (firstand third quartitesy 5P 9% HPD (firstand third quartilesy S0 95%HPD
auz 2.33(1.93,3.12) 0.50 (1.32,3.26) 2.32 (1.73,3.06) 0.339 (1.69,3.00)
092 1.63 (1.41,2.27) 0.37 (0.96,2.41) 1.89 (1.32,2.66) 0.342 (1.27,2.58)
oﬁy 0.98 (0.77,1.51) 0.30 (0.47,1.54) 0.93 (0.49,1.64) 0.296 (0.43,1.53)
oﬁ 1.14(0.98, 1.54) 0.23 (0.70,1.61) 1.29 (0.79,1.96) 0.299 (0.74,1.89)
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Figure 2. (Left) the trace plot and (right) the marginal posterior distribution the variance component related to the
additive genetic random effect
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Figure 3. (Left) the trace plot and (right) the marginal posterior distribution the variance component related to the
residual random effect
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Figure 4. (Left) the trace plot and (right) the marginal posterior distribution the variance component related to the
maternal random effect
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Figure 5. (Left) the trace plot and (right) the marginal posterior distribution the variance component related to the
year of birth random effect
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Table 3. Estimate of the direct, maternal, residual heritability and year of birth variance component to phenotypic

variance, standard deviation and quartiles of estimate with two approaches: the approximate Bayesian and the
conventional Bayesian

Conventional Bayesian

Approximate Bayesian

Par.  Bayesian estimate  SD (First and third guartiles)

Bayesian estimate  SD (First and third quartiles)

h?2 0.381 0.078 (0.329,0.505)
g? 0.271 0.067 (0.224,0.385)
m?2 0.188 0.036 (0.163,0.252)
ha, 0.160 0.041 (0.131,0.234)

0.364 0.018 (0.351,0.394)
0.294 0.005 (0.291,0.304)
0.199 0.007 (0.196,0.209)
0.142 0.016 (0.130,0.170)

28 S g Py S S8k, 90 sl RRMSEP  RMSEP MSEP (slajlxe ¥ Jour
Table 4. The MSEP, RMSEP and RRMSERP criterions for two approaches the conventional and the approximate

Bayesian
Criterion Conventional Bayesian approach Approximate Bayesian approach
MSEP 0.775 0.696
RMSEP 0.880 0.834
RRMSEP 0.157 0.150

1. Mean Squared Error Prediction
2. Root Mean Squared Error Prediction
3. Relative Root Mean Squared Error Prediction
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