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INTRODUCTION
The great influence of maternal effects on growth of calves is well known. Hence, to achieve
optimum progress in a selection program, both the direct and maternal components should be
taken into account, especially if there is an antagonistic relationship between these effects
(Berweger et al., 1999). Results reported in the literature (e.g. Mohiuddin, 1993 ; Koots et al.,
1994 a,b ; Meyer et al., 1997) show high variability in genetic parameter estimates for growth
traits in beef cattle. Urioste et al. (1998), in a study on breeding objectives for British breeds in
Uruguayan pasture systems, assumed heritabilities between 0.15 y 0.40 for birth and weaning
weight (direct and maternal) and slight negative genetic correlations between direct and
maternal effects. Estimation of maternal effects and the corresponding genetic parameters has
always been considered problematic. The REML methodology as applied to animal models
that include both maternal and environmental effects has been widely used, but some problems
remain such as imprecision on estimates and high sampling correlations among parameters
(Meyer, 1997). Bayesian approaches can help overcome some of the limitations of REML, but
these typically require the integration of prior information about parameters to be estimated
(Luo et al., 2001). Bayesian and Markov chain Monte Carlo (MCMC) methodologies have
been increasingly used for genetic parameters estimation in animal breeding in the last years.
Prior information is combined with the information from the current data to produce the
posterior distribution of the parameters in the model. MCMC methods are used to integrate the
posterior distribution, to study features of the marginal distributions. Priors can be chosen
based on earlier studies or information from the literature. Non-informative priors, or priors
with small influence in the posterior inferences may be adopted as well. The objective of this
study was to estimate genetic parameters ((co)variances, heritabilities and correlations between
direct and maternal effects) for birth and weaning weight in the Aberdeen Angus population
from Uruguay using Bayesian inference. 

BAYESIAN INFERENCE FOR ANIMAL MODELS
Consider the animal model eZaXθy ++= , where X and Z are incidence matrices, θ is the
vector of fixed effects, a is the vector of breeding values, and e is the vector of residuals with
elements independently distributed as normal ),0( 2

eN σ .The distribution of y, given θ, a and
2
eσ , is multivariate normal with mean vector ZuXβ +  and covariance matrix expressed as

2
eσI , where I is an identity matrix. To complete the specification of the model in a Bayesian
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context, it is assumed that the joint prior distribution of the unknowns θ, a, 2
gσ  and 2

eσ  has

density =),,,( 22
egp σσaθ  )()()|()( 222

egg pppp σσσaθ , where 2
gσ  is the additive genetic

variance. For the fixed effects, flat priors are often assumed in animal breeding. The breeding
values are assumed to have a multivariate normal distribution with null mean vector and
covariance matrix 2

gσA , where A is the numerator relationship matrix. Bounded flat priors are

adopted for the variance components. The joint posterior density of all unobservable variables
is proportional to the product of the sampling model and the priors. This joint posterior
distribution is intractable analytically but MCMC methods such as the Gibbs sampler can be
used to draw samples, from which features of marginal distributions of interest can be inferred.
The conditional posterior distributions deriving from it are needed for the MCMC
implementation. The posterior distribution of θ and a, given all other parameters, is
multivariate normal. The conditional posterior distribution of each variance component is
inverse-Gamma. 

MATERIAL AND METHODS
Data. Records on 15716 animals born from 1965 to 2000 and accepted for genetic evaluation
were obtained from the Aberdeen Angus National Recording Service. Information included
pedigree data (20507 animals), and 13397 and 13343 records for birth (BW) and weaning
(WW) weight respectively. Herd of origin, year of birth, sex of calf, age of dam and other
information necessary for contemporary groups formation were also available. Embryo transfer
calves or animals affected by preferential treatment were previously excluded.
Bayesian implementation. (Co)variance components for BW and WW were estimated by
Bayesian inference, implemented by using the MTGSAM (Van Tassel and Van Vleck, 1995)
applied to a multiple trait animal model. Flat priors were adopted. Graphical inspection and the
Gibanal program (Van Kaam, 1998) were used for assessing convergence to the equilibrium
distribution, the joint posterior. Marginal densities of the variance components and other
genetic parameters were estimated from the Gibbs output. Burn-in periods varied between
2000 (BW, univariate model) and 10000 rounds (BW-WW bivariate model), and thinning
interval varied between 438 (BW- univariate model) and 1000 (BW-WW bivariate model)
iterations. Nominal sample size for post-Gibbs analyses was 1000. Models for BW and WW
included the fixed effects of contemporary group (263 and 304 levels, respectively), sex of calf
and age of dam (3 levels : ≤3, 4-7 and ≥8 years), and random animal and maternal genetic
effects. Contemporary groups were defined as a combination of herd, year of birth,
management group and season of calving (early or late). 

RESULTS AND DISCUSSION
Table 1 presents the posterior means and standard deviations for heritabilities, genetic and
residual variances for BW and WW, for the univariate and bivariate models. BW and WW
heritabilities for direct and maternal effects were similar when estimated by univariate or
bivariate models, and the values were in agreement with previous analyses using REML
methodology (Espasandin and Urioste, 2001). 
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Table 1. Posterior means and standard deviations of heritability, genetic and residual
variances for direct and maternal birth (BW) and weaning weight (WW) using Bayesian
Inference for univariate and bivariate models 

MethodA Heritability Additive Genetic
Variance

Residual
Variance

Univariate Models
          BWd 
          BWm 

          WWd 
          WWm

Bivariate Model
  a) Including maternal effects
        BWd 
        BWm 

        WWd 
        WWm

b) Without maternal effects
           BW
           WW

0.41 ± 0.036
0.19 ± 0.023

0.38 ± 0.030
0.32 ± 0.025

0.41 ± 0.037
0.18 ± 0.022

0.38 ± 0.033
0.33 ± 0.026

0.33 ± 0.019
0.43 ± 0.37

7.47 ± 0.72
3.38 ± 0.44

208.29 ± 18.13
177.70 ± 14.88

7.54 ± 0.75
3.33 ± 0.41

216.73 ± 19.86
185.56 ± 15.49

5.96 ± 0.39
236.00 ± 12.99

10.323 ± 0.44

258.80 ± 11.13

10.26 ± 0.44

258.66 ±11.94

11.92 ± 0.31
312.17 ± 9.58

A: d: direct effect;  m: maternal effect.

Table 2. Posterior means of genetic (direct and maternal) and residual covariances and
correlation coefficients for direct and maternal BW and WW in univariate and bivariate
models 

Method Genetic
Covariance

Genetic
Correlation

Residual
Covariance

Residual
Correlation

Univariate Models
       BWd- BWm 
       WWd-WWm 
Bivariate Models
a) Including maternal

effects
        BWd- BWm 
       WWd-WWm 
       BWd- WWm 
       BWm-WWd
       BWd-WWd
       BWm-WWm

b) Without maternal
effects
BW-WW       

-2.956 ± 0.504
-93.84 ± 15.31

-2.883 ± 0.477
-97.32 ± 16.33
-7.55 ± 2.709
-4.41 ± 2.24
16.74 ± 2.88
11.23 ± 1.95

17.89 ± 1.72

-0.59 ± 0.051
-0.49 ± 0.053

-0.57 ± 0.047
-0.48 ± 0.053
-0.20 ± 0.069
-0.16 ± 0.081
0.41 ± 0.059
0.45 ± 0.068

0.48 ± 0.037

-

8.321 ± 1.69

11.63 ± 1.32

-

0.161 ± 0.03

0.19 ± 0.02

d: direct effect m: maternal effect 
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Bayesian estimates of genetic parameters showed similar results to those reported by
Mohiuddin (1993), Koots et al. (1994a) and Urioste et al. (1998).
Table 2 shows the posterior means of genetic and residual covariances for direct and maternal
effects for BW and WW, for both univariate and bivariate models. Genetic correlations and
covariances for direct and maternal effects for BW and WW were higher than those published
by Mohiuddin (1993) for the Angus breed. Direct-maternal correlations estimates (-0.59/-0.57 ;
and –0.49/-0.48 for BW and WW, for univariate and bivariate models) were in the range
generally observed in the literature (0.01 to –0.58 and 0.0 to –0.78, for BW and WW
respectively), but higher than those reported for the Angus breed (Mohiuddin, 1993 ; Koots et
al., 1994b ; Meyer, 1997 ; Urioste et al., 1998). However, comparing with literature, a lower
BW-WW correlation coefficient was obtained from the model without maternal effects (0.48
vs. 0.53). 

CONCLUSION
The Bayesian estimates of heritabilities and genetic (co)variances, with models including
maternal and direct effects, showed concordance with REML estimates and results observed in
the literature. Estimates of correlation coefficients for direct and maternal effects, for BW and
WW, were higher that those reported in the literature. Further research with this data set may
study the effect of different priors on posterior inferences, and whether the incorporation of
information from the literature increases significantly the precision on estimates.
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