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INTRODUCTION
Discrete or binary traits are predominant in areas of animal production such as fertility,
prolificacy, viability and disease resistance. Procedures based on the threshold concept
(Wright, 1934 ; Dempster and Lerner, 1950) have become available to analyze categorical data.
Bayesian methods based on the maximization of the posterior distribution of unknowns (MAP)
have been proposed by Gianola and Foulley (1983) and Harville and Mee (1984). The
statistical generalized linear model can be coupled with different genetic models, depending on
data structure and available information. This article aims at assessing the relevance of the
genetic models via simulation study. The genetic background and the incidence of the trait
were used as factors of variation. 

MATERIALS AND METHODS
Simulated population structure. A poultry population of 6 discrete generations (including the
base population) was simulated. In each generation, Ns = 80 males and Nd = 320 females were
randomly chosen and mated i.e. no selection occurred. The number of offspring of each sex for
a given female was drawn in a Poisson distribution with a parameter equal to 5. Offspring were
distributed into three hatches per generation. The resulting number of 3200 expected animals
per generation mimicked a structure which occurs in ducks or fowls. A non-observable
underlying continuous variate y was assumed in order to simulate the binary trait ; on the
observed scale, Yi = 1 if yi exceeded a fixed threshold τ0 and Yi = 0 otherwise. Yi = 1 may be
viewed as the expression of a given phenotype (e.g. lameness) against a wild phenotype. Three
incidences were considered for this phenotype : 50 %, 25 % and 10 %. yi was computed by
adding together the contributions of the hatch effect, the additive direct genetic effect ( )a , the
maternal genetic effect ( )m , the common environmental effect due to the dam ( )c , and the
residual environmental value ( )e . The hatch effect was sampled from a uniform distribution,
while genetic and environmental effects were drawn in a normal distribution. The values used
as variances for the random distributions resulted in different genetic backgrounds for the trait
i.e. heritability coefficients ranging from 0.2 to 0.8, and correlations between direct and
maternal genetic effects set at – 0.4, 0 and + 0.4. 
Models of analysis. Various unitrait models were used to describe the data, i.e. to estimate the
genetic parameters of the trait and rank the selection candidates. The probability that an
observation responds in one given category depends on the value taken by the underlying
variate, written as iiiy εµ +=  where iµ  is the location parameter and iε  a residual.
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In the sire, maternal grandsire and dam within maternal grandsire (S+MGS+D)
model, klkjhi dts +++= βµ , where hβ represents the assumed fixed effect of the hatch and

js  and kt  the effect of the sire and of the maternal grandsire, respectively. js  and kt  are
supposed to be normally distributed and correlated according to relationships between male
parents (Henderson, 1975). In addition, the contribution kld  of dam l within grandsire k is
accounted for. The kld  are assumed to be NIID. This model can be simplified (S+MGS+D’, Le
Bihan-Duval et al., 1996) as klkjhi dss +×++= 5.0βµ  where the contribution of the

maternal grand sire k is ks×5.0 . In this case, the genetic correlation between sire and maternal

grandsire effect is arbitrarily equal to unity and { } ( )2,~ dddkl Nd σA0d =  where ddA is the
relationship matrix among dams created by considering relationships due to common female
ancestors available in the pedigree information. If the dam contribution is not explicitly
accounted for, the model simplifies into the sire plus maternal grandsire (S+MGS) model and

kjhi ts ++= βµ . The ultimate simplification is the sire (S) model where jhi s+= βµ . Two
individual models were also used : a generalized linear animal (GLin. A) model
where ihi a+= βµ  and a linear animal (Lin. A) model. In the latter, the observed binary variate
was fitted without considering an underlying variate : ihi aY += β . In both models,

ia represented the individual additive genetic merit. Position parameters were estimated as in
Gianola and Foulley (1983) and variance components were computed using an EM algorithm
(Foulley and Manfredi, 1991). For each situation, 150 replications were run.

RESULTS AND DISCUSSION
Bias in genetic parameters. The mean relative absolute error was obtained by averaging

00
ˆ hhh − over the replicates, where 0h and ĥ  stand for the simulated and estimated values of

heritability respectively. Only the simplified version of the S+MGS+D model could be used in
the purely additive context (table 1), as the EM algorithm associated with the complete S +
MGS + D model led to a singular variance-covariance matrix. Estimated genetic parameters
obtained in the presence of maternal effects are reported in table 2. The sire model led to a
large overestimation (up to 140 %) of direct heritability, while the introduction of the maternal
grandsire effect resulted in a decrease in the relative error because of an approximate account
of differences between half and full sibs. In the presence of maternal effects, this account was
dramatically improved by the introduction of the dam component in the model. In addition, the
complete S + MGS + D model allowed for the estimation of all direct maternal and
environmental variance components. It should be noted that the estimated correlations between
direct and maternal effects were biased upward in our study, as they were – 0.24, + 0.18, and
+0.64 against simulated values of – 0.4, 0 and + 0.4 respectively.
When no maternal effect occurred, the estimated values obtained with both S + MGS and S +
MGS + D’ models were, on average, reasonably close to the simulated values. However, the
error was larger with the latter. The value of fitting the dam component in a purely additive
context is therefore questionable.
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In a purely additive context, both animal models greatly underestimated direct heritability and
should not therefore be recommended. In the presence of maternal effects, at least in our
simulations, relatively good estimates obtained with the animal model were likely to result
from the addition of interferences which accidentally totaled zero.

Table 1. Estimated heritability (% relative bias) obtained with the different genetic
models in a purely additive genetic background

Freq. 
cat.1 cat.2

S S+MGS Simplified
S+MGS+D

Glin.  A Lin. A

50 % -50 % 0.25(25) 0.22(12) 0.19(15) 0.14(38) 0.12(58)
75 % - 25 % 0.24(25) 0.21(14) 0.19(13) 0.14(30) 0.10(49)h2 = 0.2,
90 % - 10 % 0.23(22) 0.21(14) 0.18(16) 0.13(36) 0.07(65)
50 % -50 % 0.60(22) 0.49(07) 0.44(13) 0.28(44) 0.30(39)
75 % - 25 % 0.60(21) 0.48(07) 0.43(14) 0.27(46) 0.27(46)h2 = 0.5,
90 % - 10 % 0.58(17) 0.47(08) 0.42(15) 0.24(52) 0.19(61)
50 % -50 % 0.97(22) 0.71(10) 0.69(14) 0.37(53) 0.51(36)
75 % - 25 % 0.96(21) 0.71(11) 0.67(16) 0.36(55) 0.47(41)h2 = 0.8,
90 % - 10 % 0.92(15) 0.68(15) 0.63(21) 0.32(60) 0.36(55)

Estimates generally deteriorated as the incidence of the trait decreased from 50 % to 10 %,
because the number of subclasses (combination of explanatory variables) falling entirely in one
category inflated. This unsatisfactory situation is more often observed with an animal model, as
each subclass (i.e. each individual) falls into either one or the other category. 

Table 2. Estimated heritability (% relative bias) obtained with the different genetic
models in the presence of maternal effectsA

Freq. 
cat.1 cat.2

S S+MGS S+MGS+D GLin. A Lin. A

50 % -50 % 0.93(49) 0.74(19) 0.55(14) 0.36(41) 0.45(27)
75 % - 25 % 0.93(49) 0.73(18) 0.53(16) 0.35(44) 0.43(31)

 h2 = 0.62,
4.0−=AMρ

90 % - 10 % 0.89(43) 0.69(13) 0.49(23) 0.31(50) 0.35(44)
50 % -50 % 0.96(94) 0.70(41) 0.45(14) 0.40(20) 0.51(05)
75 % - 25 % 0.97(95) 0.70(40) 0.43(16) 0.38(24) 0.48(06)

h2 = 0.5,
0=AMρ

90 % - 10 % 0.94(90) 0.67(35) 0.40(22) 0.33(33) 0.40(20)
50 % -50 % 1.0(140) 0.67(62) 0.39(12) 0.42(04) 0.55(33)
75 % - 25 % 1.0(143) 0.68(63) 0.37(14) 0.40(05) 0.52(25)

h2 = 0.42,
4.0+=AMρ

90 % - 10 % 0.99(139) 0.65(57) 0.34(21) 0.35(16) 0.44(08)
A 1;5.0;5.0;2 2222 ==== ecma σσσσ .

In the above tables, Lin. A model estimates were computed on the observed scale. Robertson
and Lerner (1949) transformation was used to express them on the underlying scale. Though
this transformation resulted in very good estimates when the incidence was 50 % and no
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maternal effects occurred, it gave estimates outside the parameter space in the presence of
maternal effects or when the incidence of the trait was low. 
Accuracy of ranking. Rank and moment-product correlation coefficients between estimated
breeding values obtained at convergence of the EM algorithm and simulated values were
computed. Their values were very close. When h2 = 0.2 they ranged from 0.47 with a sire
model to 0.60 with both animal models, which, surprisingly, seemed to provide better EBVs
than parental models. Correlations ranged from 0.54 to 0.8 when h2 = 0.8 and remained in the
same order from sire to animal models. EBVs obtained with the linear animal model strongly
departed from normality (bimodal distribution or presence of outliers). Linear predictors were
therefore likely to behave poorly for ranking purposes. 
Moreover, it should be borne in mind that all these results were obtained in the absence of
selection and that we only considered a single trait evaluation. In the presence of selection in a
multitrait breeding plan, the bias occurring in the variance component estimation is likely to
impair the efficiency of the selection scheme considerably. As stated by Ramirez-Valverde et
al. (2001) and Varona et al. (1999a), some improvement is expected, however, if a proper joint
estimation of genetic parameters for categorical and correlated continuous traits is performed in
order to improve the efficiency of the procedure.

CONCLUSION
Results shown here are in good agreement with a former study by Foulley et al. (1997). They
clearly show that a generalized linear model should be preferred to a linear model to account
for the categorical nature of the trait under consideration. The generalized linear models
explicitly accounting for the dam should be recommended if maternal effects are assumed to
prevail. Other estimation methods, such as Gibbs sampling (Van Tassel et al., Varona et al.,
1999b) deserve attention as they are likely not to have the same limitations as MAP regarding
the animal model. In addition, attention should be paid to the performances of these genetic
models in terms of expected genetic gain when categorical and continuous traits are selected
together.
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