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SUMMARY

Ten replicates were generated for each 30 combination of genmeration (5
generations) heritability levels (3 levels), type of mating (random mating and
selective mating).

GS, REML and MIVQUE were used to calculate the variance components (VC)
and heritabilies. The trait considered was lamb weaning weight with total phenotypic
variance of 14.00 kg.” . The real variance components were modified to simulate three
levels of heritability (0.1, 0.3 and 0.5). Data were analyzed to compare the quality of
GS estimator with those of REML and MIVQUE according to the mean squared error
(MSE) of the estimates of these estimators.

The effects of heritability levels, generation number (1 to 5), selection (random
mating and selective mating), method ¢f analysis and all 2-way interactions on the
estimates of variance components were examined. In the case of continuous variable
(weaning weight), it could be concluded that in MIVQUE mean estimates appeared
to overestimate of residual variance &7 for all three levels of heritability under
selection or no selection and underestimate heritabilities in the case of i =0.3 and
0.5 under selection or no selection.

Estimates of VC and heritabilities by GS were closer to the real values of
parameters than those by REML and MIVQUE. There were significant differences
(p<0.05) between the mean estimates of heritabilities within heritabilities levels,
generation number, type of mating and within method of analysis. All the 2-way
interaction showed significant differences (p<0.05) except the term generation
*method of analysis and generation * levels of heritability interactions (p>0.05).

REML and GS estimates were not affected by selection but those by MIVQUE
method were. Overall, under random mating, the GS and REML estimates seemed to
be similar for continuous variable (weaning weight), especially at higher heritability.
The GS had consistently smaller MSE than REML and MIVQUE due 10 the influence
of the prior distribution of the variance component on the posterior distribution.

GS was a more suitable method in most cases and especially for the case of low
heritability than REML and MIVQUE as it yielded estimates with smaller MSEs,
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INTRODUCTION

Estimation of variance components {VC) has long been an important aspect of
animal breeding. Mean squared error for variance component increases as estimated
values move away from the true values. Accurate estimates of variance components
are important for genetic parameter estimation (Henderson, 1975; Schaeffer, 1984).

Computer simulation of genetic systems attempts to use knowledge of gene action
along with modern computers to model actuat systems. Simulation and theoretical
results have been main tools in evaluating the impact of selection in most domestic
species. The most common type of selection, as it relates to variance component
estimation and genetic prediction, is the selection of animals to be parents. When
data have been selected, there are concerns about the quality of parameter estimates
and predicted genetic values.

The current method of choice for estimating VC is restricted maximum likelihood
(REML) (Meyver, 1990). But, computational limitations have restricted the size of the
data sets that can be considered for variance component estimation. However, VC
estimation is now facilitated by many protocols provided with using derivative-free
algorithms (Smith and Graser, 1986;), the use of sparse matrix techniques (Misztal
and Perez-Enciso, 1993), or both (Boldman and Van Vleck, 1991; Boldman et al.,
1993).

However, Gibbs Sampling (GS) is useful in that it yields direct and exact
estimates of variance components and breeding values, and is suitable to run on
microcomputers and workstations because the relatively little information it needs to
be kept in memory (Schaeffer and Kennedy, 1986). GS is based on Bayesian variance
component estirnation method. The main objective of this study was to compare the
quality of variance-component GS estimators compared with those of the restricted
maximum likelihood and minimum variance quadratic unbiased estimation especially
when selection is applied with different levels of heritabilities and different number
of generation in the continuous trait of weaning weight trait.

MATERIALS AND METHODS

Material

Data used in the animal model were generated using a Monte Carlo simulation
procedure. This simulation method generated five generations of animals. The first
generation (base population} consisted of 100 sires; each mated to 10 females to
produce 2 progenies from each mating (one male and one female). The first
generation was sampled from a conceptually infinite population of unrelated animals
(Mousa, 1989). Both additive genetic and residual effects were distributed normally,
and covariances among base additive genetic and residual effect were all null. For
generations after the first, a fraction of the males was chosen as sires of the next
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generation (250 sires), and each sire was mated to 4 females assigned randomly to the
sires once the sires were chosen. Each female was mated only once. The mode for
choosing the sires was varied, once at random and once phenotypically selected. The
real variance components were modified to simulate three levels of heritability, 0.1,
0.3 and 0.5. The trait considered was lamb weaning weight with a total phenotypic
variance of 6,7 assumed to be 14.00 kg’ in the base generation according Lo estimates
from local Egyptian sheep data on the Ossimi breed (Mousa, 1989). Base generation
additive genetic variance G, levels were 1.4 kg?, 4.20 kg?and 7.0 kg2 and residual
variance o levels were 12.6 kg”, 9.8 kg? and 7.0 kg for heritabilities of 0.1, 0.3 and
0.5, respectively. Ten replicates were generated for each of 30 combinations of
generation (5 generations), heritability level (3 levels) and type of mating (random
mating and selective mating). The simulated formula {Analla et al., 1995) was used.

g, =05(g, +gy) +x*sqrr(0.5h20'!2,)

Where,

g  is the additive genetic values of an individual i a progeney of sire
(gs) and dam (ga);

X is a random number taken from normal distribution with mean ¢ and variance 1;
h® s the heritability; and
5,0 is the phenotypic variance.
The bias (the deviation of observed estimate from the true parameter) in h’, 5,2 and
Gcz was calculated. Also, the variances of estimates obtained were calculated. Mean
squared error (MSE), calculated as the sum of the bias squared plus the variance of
the estimated values, was used as the measure for comparing methods of estimation
(GS, REML and MIVQUE), i.c.

MSE=E " - ﬁ)2=0‘2 (bR) +{E (bR) - ﬁ]2 {(Neter et al., 1985)
Where
b" is the observed value of the estimate;
B is the true value of the parameter ; and
o’ Is the variance of the estimate values.
Methods

The usual mixed linear model with one random effect was employed to analyze
the simulated data. The form of the mode! used was:
Y = XB +Zu +e, where Y is an nx1 vector of observations of weaning weight, B is
kx1 vector of fixed effects, treated in the Bayesian setting as a vector of random
effect with a flat prior distribution representing no prior knowledge about the values,
u is an rxl vector of random effects, e is an nx1 vector of random residual, X, Z, are
appropriately dimensioned incidence matrices. In this situation, the only fixed effect
considered will be that of sex. REML, GS and MIVQUE {using SAS (1996)]
programs were used to calculate variance components and heritability. The same data
set was used for all methods of estimation.
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RESULT AND DISCUSSION

1-Mean Estimates of Variance Components
1.1 Effect of Selection

Means of estimates of heritabilities and variance components for all three
methods REML, GS and MIVQUE with empirical standard errors under random
mating are given in Table 1 and in Table 2 under selective mating. The MIVQUE
mean estimates appear to underestimate of heritabilities in the case of h* = 0.3 and h®
= 0.5 (Table 1) but the underestimation due to consistently higher o, and &,° that
was higher than its true values. The rernaining estimators appeared to be relatively
less unbiased, but, in general the estimates of VC by GS is closer to the real
parameters than the REML.

The MIVQUE mean estimates appear to underestimate variance components in
the case of h?=0.5 and h’=0.3 (table 2). The trends are similar to those under random
mating. The remaining estimators appeared to be relatively less unbiased. So, non-
of REML and GS estimators seemed to be superior based on the mean estimates.

Table 3 shows the least squares means of heritablity eatimates of the main stuydied
factors (levels of h? generation, selection and method of analysis). There were
observed differences between GIBBS and each of REML and MIVQUE in estimating
heritability in the case of h® = 0.1 (Figure 1b). In contrast, there was no observed
difference between REML and MIVQUE at the same level of heritability h® = 0.1,
There were no differences in heritability estimates in generations 1 and 2 between
select and random mating populations (p>0.05) , but starting from generation 3 that
difference rose up to a peak in generation 4 (p< 0.05) (figure 1c¢). This may be due
to that the responds to selection became less than first generation. It is possible more
than 5 generations may be needed to investigate the effect of interaction. Figure 1d
shows the differences between all methods of analysis and type of mating.

Although, GS gave consistently higher heritability estimates, the differences
between these and these by REML were similar under selection or no selection
{figure 1d). But the differences between estimates of REML and GS on one hand
and those of MIVQUE on the other hand were smaller under selection than the no
selection scenario. This is because both of REML and GS procedures are corrected
for effect of selection on the additive genetic, thus described as most suitable
methods to estimate variance component in animal breeding data (Sorensen , 1996)
and Van der werf er gf. (1993)).



Table 1. Mean and empirical standard errors '(SE) for estimates of heritabilities, additive genetic and residual variances under random mating

Mean + SE
*REML *GS MIVQUE
Parameter Generation
level w2 N ¢} w2 g2 52 w2 G2 62
1 0.08+0.03  1.1530.48 12.8840.79 0114003 1.60£0.36  12.5240.86 | 0.08+0.03 113049  13.7630.61
ola=14 2 0.09£0.05  1.2240.64 12.7410.66 0,12+0,03 1.6840.7 12.3440.57 | 0.09:0.04 1. 400,71 13.6240.42
o%e=126 3 0.10£0.:04  1.3510.60 12.8110.65 0.130,03 1.82+0.68 12.4+0.52 0.10+0.04  1.50£0.82  13.78+0.36
h=.1 4 0.11£0.04  1.53+0.58 12.3910.66 0.1330.03 1.99+0.77  12.020.55 0.12+0.04  19240.77 13.5740.46
5 0104004  1.1940.60 12.7440.59 0.14+0.03  1.69+0.81  12.3+0.51 0104005 148+0.81  13.5740.37
1 0.3120.07 4411112 9.80140.69 0322007 4.7241.13  9.5940.69 0.2740.06 4821149 13.0410.37
ca=4.2 2 0.2910.03  3.98+040 9.9310.47 02940.02 4114037  9.84:0.40 0.2510.04 4284078  12.83H}.46
oe=9.8 3 0294006 4.0610.92 9.9240.73 031+0.06 4311091 9.74+0.71 0251004 4353090  12.8840.26
h?=03 4 0.251007 3.47£1.05 10.0410.75 0.27£0.06  3.6910.94  9.8810.66 0.2240.06  3.30£1.33 12.58+0.39
5 0.2940.06  3.9910.84 09,72+0.73 0.3340,10  4.22+090 9.5510.78 0.2510.06 4.37t1.31 12.6110.55
1 0501006  7.1410.88 09.7240.73 0524006 7.40£0.88 6.93+0.74 0.38+0,03 7401093  12.2740.27
oa=7 2 0.49£0.04  6.70+0.59 07.04+0.73 0494004 6901058 6.9110.42 0.39+0.04  7.5911.22 11.8410.40
ole=7 3 0.401£0.03  5.40+0.57 07.99+0.73 0421003  560t0.54  7.8510.47 0314005  53411.02  12.01+0.49
h=0.5 4 0.3810.07  4.96+0.99 08.5710.72 0388007 5.17x1.10 8434077 03040.09 5154074  12.22+0.28
5 037+006  4.9210.06 08.51+0.73 0.38+0.06  5.113097 8.37+0.75 0274005 4.6611.06 12211048

"TSE : Standard error, °h’ ; heritability; "REML : Restricted Maximum Likelihood; *GS : Gibbs Sampling ,
Estimation; ®o”a : Additive genetic variance ; "% : residual variance.

*MIVQUE : Minimum Variance Quadratic
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Table 2. Mean and empirical standard errors '(SE) for estimates of heritabilities, genetic variances and residual variances under selective mating

Mean + SE
‘REML GS SMIVQUE
Parameter Generation
level P2 g2 'R L2 01-02 &3 w2 d-g 0782
1 0.08+0.03  1.151048 12.88+0.80 | 0.11+0.03 1.60+0.36 12.5240.86 | 0.08+0.03 1.133049 13.7540.64
o’a=1.4 2 0.1110.05  1.4740.72 12444077 | 0.1310.04 1.8810.80 121 +0.62 | 0111005 1.70+0.80 13.49+0.37
cle=126 3 0.1 1003 1.,3910.45 12.2910.49 | 0.1310.03 1.8240.49  11.891042 | 0.11£0.03 1.67+049 13.2610.24
W=l 4 0.11£0.64  1.5710.51 12.4120.55 | 0.14£0.03 2014068  12.0440.49 | 0.10:0.04 1.5740.68 13.5940.33
5 0.1 $0.04  1.3430.59 12.9240.75 | 0.1310.03 1.8410.36 12504055 | 0.1040.04 1574062 13.8740.43
1 0312007 4412112 9.8040.69 0.3340.07 4.72+1.13  9.5940.69 0274006 4.82+1.49 13.0410.38
?a=42 2 0.3110.08 4511098 9.68+1.1 0.3210.07 445+1.03 9.51t1.04 0274005 4.8611.20 12694047
ole=9.8 3 0341007  5.06%1.45 9.210.91 0.3520.07 497£1.05  9.0610.94 0.3010.04  54311.12  12.6240.38
W=03 4 0.3310.07 4.70+1.15 9.46+0.85 0.3410.07 4.92+1.14  9.30+0.84 031£005 5.69+1.26 12.7510.54
5 0.34+0,09  4.70£1.27 9.29+1.28 0.3320.06 4.88+1.27 9.17£1.27 030006 554+1.48 12.6140.46
1 0501006  7.14+0.88 6.95+0.78 0.52+0.06 740088 693074 0384005 740:0.93 11894047
cla=7 2 042+006  578+0.83 8.03+0.87 0.4310.05 5.93:0.77  7.9210.87 0.39+005 7.7711.69 11.89+0.47
oe=7 3 0.3740.13  5.8910.86 8.43+0.72 0.4210.05 6.12+1.00 8.2110.71 0312004 8.66+1.43 12291037
hi=0.5 4 0.3940.07 5.48%1.10 8.5410.83 0.40+0.07 5.64+0.82  8.92+0.86 0.3010.05 8.02£1.52 12.1240.40
5 0.3810.05  5.22+0.81 8.5310.62 0.39+0.05 3.36£1.13  3.44H).66 0.39+0.04 7.76+1.20 1).9240.34

TSE: Standard error, ’h" : heritability; "REML : Restricted Maximum Likelihood; °GS - Gibbs Sampling,
fc%a : Additive genelic variance ; "o’ : residual variance.

*MIVQUE : Minimum Variance Quadratic Estimation;
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Fig. 1. Effect of significance 2-way interaction on h2 least squares means
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Table 3. Source of variation and LsMeantSE of heritabilities

Source of variation
u 0.2699
Levels of h’: *P<0.01
0.1 0.107 ¢.003
0.3 0.297 0.003
0.5 0.405 0.003
Generation: P<0.01
1 0.286 0.004
2 0.277 0.004
3 0.269 0.004
4 0.260 0.004
5 0.258 0.004
Selection: P<0.01
Selective 0.260 0.003
Random mating 0.280 0.603
Method of analysis: P<0.01
REML 0.273 §.003
GS 0.293 0.003
MIVQUE 0.243 0.003

* Probability of type I error for the source of variation

Error means square = 0,003

Error d.f
R? = 0.856
Cc.V. =20.0%

2- Mean Sgquared Error of the Estimates of Heritabilities and Variance

Components

2.1, Effect of selection

Mean squared errors (MSE) of estimates of VC for all three procedures (REML, GS
and MIVQUE) are presented in Table 4 for random mating and Table 5 for selective
mating. MSEs for GS and REML estimates were smaller than those for MIVQUE.



Table 4, Mean squared errors ('MSE) for heritabilities, genetic and residual variances under random mating

Parameter Mean £+ SE
level

Generation _'REML ’Gs ___MIVQUE

e 62 Yy ~ N . - R .
O A T 7 S S I

1 0.001 029 0.71 0.001 0.17 047 0002 0.17 174
ca=14 2 0.002 043 0.46 0.002 0.34 04 0.002 034 121
ce= 126 3 0.002 0.36 0.46 0.002 0.35 0.31 0002 035 1.52
K=.1 4 0.002 0.35 0.48 0.003 0.52 0.66 0003 0.52 0.84

5 0.002 0.40 0.37 0.001 0.27 0.34 0.002 027 1.14

1 0.005 1.29 0.48 0.005 1.54 0.52 0.005 1.54 10.61
cfa=42 2 0.001 0.21 0.24 0.001 0.14 0.17 0.004 0.14 9.41
=98 3 0.004 0.87 0.54 0.004 0.85 0.51 0.004 085 9.56
W=03 4 0.007 1.63 0.62 0.005 1.15 0.44 0010 115 79

5 0.003 0.75 0.54 0.010 0.81 0.67 0.005 0.81 3.2

1 0.003 0.8 0.62 0.004 0.94 056 0017 0094 27.85
ca=7 2 0.001 0.44 021 0.001 0.35 0.19 0014 035 2357
oe=7 3 0.010 29 1.19 0.008 2.25 0.94 0.040 225 2534
W=05 4 0.022 5.14 3.0 0.019 434 0.64 0.043 434 27.35

5 0.021 501 2.81 0.018 4.21 043 0054 421 2734

'MSE : Mean squared error; 'h° : heritability; "REML : Restricted Maximum Liketihood; *GS : Gibbs Sampling ,
SMIVQUE : Minimum Variance Quadratic Estimation ; ca : Additive genetic variance ; "o’ : residual variance.
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Table 5. Mean squared errors for heritabilities, genetic variances and residual variances onder selective mating

Parameter Mean + SE
level

Generation *REML ‘GS SMIVQUE

y 54 4 - 22 2 5 G2 6?2
i 8 6| Rt 62 s i 4

1 0.001 029 071 0.001 0.17 047 0002 031 174
ola=14 2 0.002 0.52 0.46 0.001 0.22 0.40 0002 072 1.21
ce=126 13 0.001 021 0.46 0,009 0.19 0.31 0002 032 152
h=.1 4 0.002 029 048 0.001 0.23 036 0003 049 0.84

3 0.002 0.35 0.37 0.001 0.3 0.34 0002 042 1.14

1 0.005 1.29 0.48 0.005 1.24 0.52 0005 259 10.61
ofa=42 2 0.006 1.05 1.23 0.006 1.12 1.17 0004 188 854
Fe=938 3 0.007 2.84 1.20 0.006 171 1.04 0002 278 3.09
h=03 4 0.006 1.57 0.83 0.005 181 0.56 0002 380 .98

5 0.010 1.87 1,91 0.005 1.08 1.02 0.004 3.97 8.11

1 0.003 038 062 0.002 0.94 0.56 0.015 3.46 24.16
ala=7 2 0.010 2.19 1.82 0.008 1.74 1.57 0015 346 24.16
de=7 3 0.033 1.99 2.57 0.009 1.56 1.99 0010 4.8l 28.10
=05 4 0.017 3.52 3.07 0.015 3.08 2.76 0013 3.36 26.42

5 0.017 3.75 2.72 0.015 3.32 2.50 0013 202 24.31

'MSE : Mean squared error, 7h' : heritability; "REML ; Restricted Maximum Likelihood; *GS : Gibbs Sampiing ,
*MIVQUE : Minimum Variance Quadratic Estimation, 5P : Additive genetic variance ; "o : residual variance.
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However, since the same data were used for all the methods of estimation, this
will tends to cause similar pattern for each of the estimation methods.

Under selection GS estimator yielded more estimates with smaller MSEs in most
cases than REML and MIVQUE estimators (Table 5). MIVQUE estimator had larger
MSEs than GS and REML estimators (Table 5). These results agree with those
observed in previous siudies (Sorensen and Kennedy, 1984; Pieramati and Van
Vleck, 1993).

2.2. Effect of Estimation Methods

Under random mating, the MSE tended to be smaller estimates for GS based
estimators, especially for low heritability data, This is due, at least in part, to the
impact of prior information used in GS estimates. These results agree with those
observed in previous studies (Van Tassel, 1994). There was no consistent paitern in
the differences in MSE when one up to five generations were applied. From these
results, it appears that using .the prior information will improve VC estimate
precision (based on MSE) over current methods.

The effect of the prior distribution magnified in this study may be because
relatively small data sets (3250) animals in each population were used.

Under selective mating, the GS and REML mean estimates of VC were similar
for different heritability levels, whereas the MIVQUE mean estimates were
underestimated. The estimates of MSEs for GS were smaller than those by REML in
most cases. The MSEs for MIVQUE estimates were greater than those by GS and
REML estimates. These results agree with those reported by Van Tassel, 1994,

CONCLUSION

In the case of continuous variable (weaning weight), it could be concluded that
MIVQUE mean estimates appear to underestimate of heritabilities in the case of h’
=0.3 and 0.5 under selection and no selection and overestimate residual variances cez
for all three level of heritabilities under selection and no selection . Estimates of VC
and heritability by GS were closer to their real respective values of parameters than
REMI and MIVQUE.

Overall, under random mating, the investigated GS and REML estimates seemed
to be similar for the continuous variable (weaning weight), especially at high
heritability level. The GS had consistently smaller MSE than REML and MIVQUE
due to the influence of the prior distribution of the variance component on the
posterior distribution.
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