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Summary

Over the past ten years, considerable attention has been paid to the genetic
analysis of binary or ordered polychotomous data. But potential applications of
nonlinear models in animal breeding settings go far beyond. Examples are reviewed
here. Initially, methods and algorithms for estimating dispersion parameters in
nonlinear models were designed as mere extensions of procedures developed for
|inear models. Recent work, often resting on Bayesian methodology, has helped to
justify and understand the interest and limitations of these methods. Beyond the
estimation of dispersion parameters, many problems important to animal breeders and
related to the interpretation and the use of these parameters remain to be solved.
Introduction

Statistics applied to animal breeding problems has for a long time concentrated
almost exclusively on traits that can be described by linear models, i.e., by models for
which the vector of observations y is written as:
y=W 0 +

e

(1 )

where 0 is the vector of parameters of interest. Traditionally 0 = (b\ u')' includes fixed
effects b (e.g., environmental effects for which no distributional assumptions are
made) and random effects u (e.g., additive genetic values). W is an incidence matrix
relating each observation yj in y to parameters in 0 . Note that W may include
covariables or even nonlinear functions of covariables (e.g., squares or products) but
W 0 remains linear in 0. e is a vector of residuals and u and e are assumed to have a
joint distribution which is a known function of a vector of dispersion parameters x
(variance components). There is nowadays a broad agreement on the fact that the
statistical methods of choice are Best Linear Unbiased Prediction (BLUP; Henderson,
1973) for jointly estimating the fixed effects b and predicting the random effects u, and
Restricted Maximum Likelihood (REML, Patterson and Thompson, 1971) for estimating
the variance components in x. The considerable amount of work dedicated to the study
of their properties and their practical implementation has lead to a worldwide under
standing, acceptance and use of BLUP and REML.
However, we are in a world in which economically important traits are not always
adequately described by linear models. In many situations, animal breeders did get
around the difficulty of nonlinear statistical analyses by replacing observations with
obvious nonlinear characteristics (growth curve points, daily egg or milk production) by
elaborate observations (weight gains between two fixed ages, yearly cumulated
productions). Practical efficiency, in terms of expected or realized genetic gains, has
been considered satisfactory but the permanent desire to improve this efficiency, often
motivated by commercial considerations, and the existence of some traits for which no
reasonable function of the original observations can be adequately described by
equation (1 ) have led to the development of new statistical techniques for a wider
class of models summarizing the data as:
g(y) = f ( 9 | x ) + e
(2 )
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where e is not necessarily normally distributed. Often, either g(y) = y or f(0 | -c) = W0,
but this is not always the case (Goto et al., 1989). If g(y) = y and f(0 11 ) is a function of
W 0 only, (2) describes a generalized linear model with link function f' 1 (McCullagh
and Nelder, 1983).
We illustrate here a wide variety of nonlinear models with potential animal
breeding applications and consider the problem of the estimation of the dispersion
parameters in x.
Nonlinear models

Discrete data
By far the most studied nonlinear models in the 80's deal with the analysis of
discrete dichotomous or polychotomous data. There are at least two reasons for that :
Many traits of economical importance in animal production have a discrete expression
(e.g., calving scores, survival to a given age, perinatal mortality, disease preval
ence,...). Also, although robust, mixed linear models directly applied to original or
transformed scores (Schaeffer and Wilton, 1976; Berger and Freeman, 1978) do not
adequately handle the heterogeneity of incidence rate and of variance among fixed
effect subclasses (Gianola, 1982). Other approaches have been proposed to
circumvent this difficulty (Van Vleck and Edlin,1984; Beitler and Landis, 1985) but are
either tedious to implement or induce undesirable constraints (Foulley, 1987, Foulley
et al. in Gianola and Hammond (thereafter noted G&H), 1990).
The threshold-liability model for the analysis of binary traits or ordered polychotomies does not have these drawbacks. Originally suggested by Wright (1934), it
stipulates the existence of a conceptual continuous underlying variable (called
liability), whose value yj for record i is described using a mixed linear model like in (1 ):
yj = W|’ 0 = xf b + zj' u + e;

(3)

and w f = (x |', zf) is the ith row of W = (X Z).
The usual assumptions about polygenic inheritance are considered to hold for
this liability variable. If u is the vector of additive genetic effects, u -N (0, G) with
G=A o2u and A is the relationship matrix. The efs are independent normally distributed

residuals with mean 0 and variance 1 , hence defining, without loss of generality, a unit
of measurement.
The observed discrete variable Yj depends on the position of yj with respect to a
set of thresholds -<» = tg < t-|< ...< tj+i= +~, where 1+ 1 is the total number of categories,
through the condition ;
Yj = j if
tj < yj < tj+ 1
(4)
Statistically, these thresholds are not identifiable but their differences are, so one
of them can be arbitrarily set to 0. In a way, model (3) mimics "traditional" linear
models. Nonlinearity stems from the fact that (yj - tj) is not observed. Also:
P r(Y j = j | 0 ) =

O ( t j + i - W | ' 0 ) - O ( t j - w 1' 0 )

( 5)

where <I>is the normal cumulative distribution function. In the binary case with t-| = 0 :
f(01 1 ) = E(Yj | 0) = Pr (Yj = 1 | 0 ) = <J>(Wj'0)
(6 )
Therefore the threshold model can be envisioned as a generalized linear model
with probit link function G>'1 (Thompson, 1979 ; Gianola and Foulley, 1983). To reduce
computations, the normal integral has been approximated in some cases by a logistic
function (Gianola and Foulley, 1983; Foulley et al., 1983; De Lorenzo and Everett,
1986) hence defining a logit link function for the generalized linear model.
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Generalization of ths-threshoid, model.

There are cases for which there is a strong interest in the simultaneous study of
two or more discrete traits. The threshold concept is readily generalized to multiple
dichotomous responses (Foulley and Gianola, 1984; Hoeschele et al., 1986; Foulley et
a)., 1987b). Then, one underlying liability variable is defined for each trait and the joint
distributions of the random effects u and e on the underlying scales are multivariate
normal. A threshold for each trait is used to convert the continuous underlying
variables into discrete categories. The probability to observe a given combination of
categories for an observation on all these traits requires the computation of a
multivariate normal integral. As for linear models, situations for which some obser
vations are missing on some traits can be dealt with (Foulley and Gianola, 1986).
Another important generalization of the threshold model is the joint consideration
of discrete and continuous traits. A typical example is the improvement of cattle
evaluations on dystocia traits using birth weight data. Then, random effects of the
continuous trait(s) and of the underlying variable(s) of the discrete trait(s) are again
assumed to follow a joint multivariate normal distribution (Foulley et al., 1983; Gilmour
and Raadsma, 1986; Zhao, 1987; Simianerand Schaeffer, 1989).
Other discrete traits
It has been suggested (Foulley et al., 1987c; Foulley et al., 1988) that some
discrete traits such as litter size or ovulation rate in some species would be better
described using a Poisson model rather than a threshold model as described above.
For the ith observation Yj on such a trait, we write:
A." exp(-A|)
with n = 0,1,... and Aj = exp ( wj' 0 ) (7)
nI
The Poisson model (7) is another example of a generalized linear model with a
log link function. Such a model can be included in the analysis of the components of
prolificacy. Ovulation rate or litter size is then described using (7) and viability is a
correlated trait described using a threshold model (Foulley et al., 1987c).
Pr( Yj = n | 0 ) =

Box-Cox transformation
Some continuous traits exhibit markedly skewed distributions. Examples include
egg production traits in poultry, age at sexual maturity and intervals between
parturitions in mammals. If nonnormality is not taken into account, biased estimation
and reduced efficiency of selection can result as a consequence of a nonlinear
relationship between records of related animals and of heterogeneous error variances
(Ibe and Hill, 1987). In some special cases, a log transformation of the data has been
proposed to achieve normality of the data and destroy the relationship between mean
and variance (Hill et al., 1983) but the analysis usually proceeds as if the transformed
data were the observed ones, without any further reference to the transformation.
Gianola et al. (in G&H, 1990) proposed a general treatment of the Box-Cox transfor
mation (Box and Cox, 1964) replacing yj by:

The transformation parameter
interest in a model such that:

X

is estimated jointly with the other parameters of

(9)
In (9), the data vector itself is transformed but situations where only E(yj) is trans
formed can be considered, defining a generalized linear model with power link

421

function (Thompson in G&H, 1990). Simultaneous power-normal transformations of
the data and of their expected value have also been suggested (Goto et al.,1989).
Typically, survival data are measures of the time separating an origin point (birth,
first parturition) from the occurrence of a specific event, called failure (death or culling).
A main problem related to life data analyses is censoring, i.e., the frequent existence of
only partial records of length of life. Animals still alive at the end of the study period are
censored. To avoid censoring, animal breeders have considered survival at a given
age, excluding censored records and analyzing the resulting 0-1 data with linear or
nonlinear (De Lorenzo and Everett, 1986 ; Hoeschele et al., 1986) models. The correct
statistical treatment of partially censored data sets involves the modelling of a hazard
function h(t) which specifies the instantaneous failure rate at time t. The hazard
function is related to the survivor function S(t) =1-F(t) where F(t) is the cumulative
distribution function of failure time: h(t). = - 9log S(t) / 9t. The most common model for
the hazard function is Cox's proportional hazard model (Cox, 1972) :
h(t) = h0(t) exp ( W|' 0 )

00)

If W| does not vary with time, the ratio of hazards for two individuals is a constant
independent of time. hg(t) is called the baseline hazard function and can either be
completely arbitrary (Smith and Quaas, 1984; Smith and Allaire, 1986; Ducrocq et al.,
1988a) or have a parametric form, e.g., a Weibull distribution ho(t) = Xp (Xt)p 1 as in
Ducrocq et al. (1988b). For uncensored records, (10) leads to a linear model for the
log of failure time (g(yj) = log yj) with a residual proportional to an extreme value
distribution in the case of a Weibull baseline hazard.
Note that the existence of censoring is not limited to survival data, but can affect
any kind of traits. One example is age at puberty, studied by Carriquiry et al. (1987).
Some individuals had reached puberty before the beginning of the study. To avoid
obvious biases in the estimation, this partial information has to be incorporated in the
analysis. Nonlinearity results from the fact that the probability of a censored record is a
function of parameters in 0, which are to be estimated.
Other nonlinear models
There is no doubt that nonlinear models will play a central role in the future in the
analysis of traits combining major gene and polygenic inheritance. Directions for
studies of the resulting mixtures of distributions have been proposed by, e.g.,
Hoeschele (1988) and Foulley and Elsen (1988). Similar mixtures of distributions also
arise in sire evaluations with uncertain paternity (Foulley et al., 1987a).
Another important application of nonlinear models is the analysis of traits on
which only the ranking of animals is available. Different approaches have been
proposed. Tavernier (1989, 1990) assumed the existence of an underlying normal
variable yj for each observed rank in horse competitions, yj was analyzed using a
mixed linear model like in (1) and 0 was estimated from the rank information. Smith (in
G&H, 1990) also proposed to use rank information to estimate the parameters 0 in a
survival data analysis using a model like (2) with g(y) being a monotone increasing,
otherwise arbitrary function and f(© | x ) = Wj'0. Other topics for which linear models
have been sufficiently flexible for genetic evaluation purposes but where potential
improvements may be found with nonlinear approaches include the analysis of growth
curves (Kachman, 1986; Laird in G&H, 1990), lactation curves (e.g, Masselin et al.,
1987; Grossman and Koops, 1988) and egg production.
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Estimation of dispersion parameters

General considerations
Most suggestions for the estimation of dispersion parameters in nonlinear models
are based on approaches which have been successful for linear models. This may be
due to the frequent strong resemblance between the mixed model equations arising in
linear model analyses and the system of equations to be solved at each iteration for
the estimation of location parameterswhen dispersion parameters are known. Location
parameters in nonlinear models are usually estimated as the mode of a function which
can be either the likelihood function or a joint or marginal posterior density in a
Bayesian context. But the maximum of a nonlinear function is commonly computed
iteratively using a second order algorithm defined at iteration k as :
S o lv e H ^ A 8 = v ^ forA 0
Jk+1]

8

J kl

=0

( 11 )

+A8

where vM is the vector of first derivatives with respect to 0 of the function to maximize,
evaluated at 8 = 0 ^kl
is either the negative of the corresponding matrix of second
derivatives (defining a Newton-Raphson-type algorithm) or its expectation (Fisher's
scoring algorithm). Define v*M = vM +
©W. Then, (11) is equivalent to:
Solve
©(k+1) = v*(kl for ©fk+1)
(1 2 )
Indeed, if var(u) = G and y M represents a "working variable" which is a function
of the data y and the estimates of b and u at iteration k, (12) can often be written as :
X' Q tk,x

X 'Q [klZ

b [k+11'

X 'Q [V

Z 'Q [klX

Z 'Q [klZ + G -1

u [k+1]-

ro P y w

kJ'

where
is a diagonal matrix, also function of the estimates b and u at iteration k.
This is exactly the form of the mixed model equations introduced by Henderson
(1973). Such form has been found for the iterative estimation of location parameters
for most nonlinear problems mentioned above (binary data, Poisson data, normal data
with censored records, mixtures of normal distributions). Similarly, analogues of the
multivariate mixed model equations (Henderson and Quaas, 1976) have been
reported in multitrait analyses (multiple binary responses: joint analysis of discrete and
continuous traits). In some cases, (13) is only a part of the entire iterative algorithm:
the parameter X for a power-normal transformed trait in (8 ) is estimated at the same
time as b and u in (13) via a specific algorithm (Gianola in G&H, 1990). For polychotomies, (13) is extended in a way such that the thresholds appear as "fixed effects"
(Gianola and Foulley, 1983; Harville and Mee, 1984). The resemblance with linear
mixed models can even be more acute: in an analysis of calving scores, Zhao (1987)
used an Expectation-Maximization (EM)-type argument (Dempster et al., 1977) and a
Taylor series approximation of the working variate which strongly reduce computations
- the coefficient matrix in (13) remains unchanged across iterations. Note however that
in survival analysis, iterative algorithms (1 1 ) or (1 2 ) cannot be easily written as (13)
and that alternative maximizing strategies have been used (Cyclic maximization,
Smith and Allaire,1986; Quasi-Newton algorithm, Ducrocq, 1987).
The similarity between mixed model equations and iterates of the nonlinear
maximization problem like (13) suggests that methods for estimating variance comp-
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onents in linear models could be extended to estimate x. For example, Smith and
Allaire advocated the use of an extension of Henderson's method 3 (1953) for estimat
ing sire variance for survival data. With a threshold model, Manfredi et al. (1990)
estimated 4 variance components (for sire, maternal grand-sire, cow within grand-sire
and herd-year effects on dystocia) and one covariance component using an extension
of Van Raden and Jung's (1988) pseudo-expectation approach, which can be
validated in the case of nonlinear models using asymptotic arguments. This approach
was motivated by the desire to get reasonable estimates of variance components with
a large data set for a complex model which is thought to better describe the data. More
sophisticated methods would have required tedious computations on smaller data sets
and with less satisfactory models. However, it is well known that simple methods of
moments applied to variance components estimation have few optimal properties in
the case of linear models. Even their most desired one -unbiasedness - is unlikely to
be obtained with nonlinear models. There is a definite need for better methods.
Since REML does have many desirable properties with linear models, its use was
advocated for nonlinear models by several authors (e.g., Foulley et al., 1983; Harville
and Mee, 1984). As it will be seen, the same types of algorithms as those derived for
REML estimation with linear models have been suggested using arguments other than
pure analogy. But this review would not be complete without considering first
Gilmour's approach, whose originality does not lie so much in the variance comp
onents estimation part but rather on the way location parameters are estimated.
Quasi-likelihood procedures
As already mentioned, the threshold model can be viewed as a special case of
generalized linear models with probit link function and therefore, it is natural to look at
specific techniques developed for this kind of models. From model (3) with binary data
(t =(d*u ,1)), Gilmour et al. (1985) derived the marginal expectation pj of the observ
ation yj after integrating out the random effects u : p; =0 (x|' b / V 1 + o u 2 ) and they
proposed an approximation V of the true marginal variance-covariance matrix var(y)
of the yj's which can be written as:
var(y) - V = R + D Z G Z' D
(14)
where D is a diagonal matrix function of X|' b and R = V - D Z G Z' D.
Gilmour and coauthors suggested to estimate fixed effects b using a quasi
likelihood procedure (McCullagh, 1983). Then , the expression of the true likelihood
function is not required and is replaced by a function of the mean and the approximate
variance. Instead of maximizing a complex nonlinear function via, e.g., a NewtonRaphson algorithm, estimates of b are obtained as iterative weighted least squares:
X'W [k,X b [k+1,= X'W [kly‘[k]

where W ^ l =

V 1[kl

(15)

and y*M is a working variable at iteration k which

depends on b ^ and a2 only. By analogy with standard BLUP results, Gilmour et al.
(1985) showed that the solutions for b in (15) are the same as those obtained from a
system identical to (13) with Qtk' =
R’1^ D ^. As a consequence, they proposed
to use the solutions for u in (13) as predictors of the random effects and to estimate the
2

vanance component ou iteratively as :
o2u Ik+1] = { u’M A- 1 Uw + tr (A'1 Cuutk!) / q
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(16)

where q is the size of u and CUUM is the q x q diagonal submatrix corresponding to
random effects in the inverse of the coefficient matrix in (13). Expression (16) coincides
with the expression arising in EM-type algorithms used to find REML solutions.
This reasoning was extended to the joint analysis of binary and normal data
(Gilmour and Raadsma, 1986) and polychotomous data (Gilmour et al., 1987).
Gilmour's approach has been discussed by various authors (Foulley, 1987; Hoeschele
and Gianola, 1989; Foulley et al., Thompson, Knuiman and Laird in G&H, 1990).
Good estimates of fixed effects b are thought to be obtained as a result of the
approximate integration of the random effects. But Im (quoted by Hoeschele and
Gianola, 1989), Foulley (1987) and Foulley et al. (in G&H, 1990) gave an exact
expression of var(y) and showed that the approximation (14) is obtained as a first
order Taylor expansion of terms involving bivariate normal integrals. Exact calcul
ations would not lead to an expression like (14) and would invalidate the use of
system (13). Knuiman and Laird (1989) indicated that estimating u from (13) has no
formal justification in Gilmour's approach. Similarly, a REML-type of estimator for the
variance seems to be chosen more for convenience than on theoretical grounds.
The estimation of dispersion parameters in generalized linear models is indeed
an area of intensive research. To account for extra random components in the linear
predictor, Nelder and Pregibon (1987) have defined the concept of e t e n d e d quasi
likelihood (see also Nelder, 1988). Then (over)dispersion of the data is modelled in a
way similar to the mean. Unfortunately, Williams (1988) reported cases where max
imum extended quasi likelihood estimates of dispersion parameters are inconsistent.
Bayesian estimation

The Bayes methodology offers a global and complete framework for the estim
ation of both location and dispersion parameters (Gianola and Fernando, 1986) which
has proven to be quite successful for most types of nonlinear traits. Dispersion param
eters in x are considered as hyperparameters. A prior distribution is defined for the
random effects u (often, u | x - N (0, A o2u )).The prior distribution is combined with the
likelihood of the data, e.g., with a product of binomials for binary data, with a function
accounting for censoring in survival data, with a weighted average of likelihood
functions for mixtures of distributions, etc. Assuming "flat" priors for hyperparameters
and fixed effects, a joint posterior distribution 7t(0, x | y) is obtained, with 0 = (b\ u')'.
For genetic evaluation purposes, Goffinet and Elsen (1984) showed that the
selection criterion leading to maximum genetic progress is E(u | y). This requires to
integrate b and x out of ti(0, x | y). This is usually not feasible because the posterior
distribution has no tractable form. Instead, an empirical Bayes procedure is preferred:
first, an estimate x of x is obtained as the mode of the marginal posterior distribution
it(x I y)- Then, the posterior mean of 0 given x = x is approximated as the posterior
mode of tc(0 | y, x = x ). Indeed, asymptotically (Berger, 1985):
0 |y , x= x

~ N (<-> , C )

(17)

where 4 and C are respectively the solutions for 0 and the inverse of the coefficient
matrix in (13) at convergence, when x = x .
Ducrocq et al. (1988b) used a log-gamma distribution as a prior distribution for u,
which was later found to closely approximate a normal distribution. This made pos
sible the actual algebraic integration of u, thus leading to substantial simplifications in
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the analysis. Estimates of b and x (including the Weibull parameter p) were then
obtained as the joint mode of 7t(b, x | y) using a Newton-Raphson algorithm (Ducrocq,
1987) but it was not possible to obtain the true marginal posterior distribution of x.
Foulley et al. (1987b, 1989) found an interesting result which avoids the actual
integration of b and u out of 7t(0 , x | y). They showed that if a flat prior is chosen for x,
the mode x of the marginal posterior distribution Jt(x | y) satisfies the equation:

E | ^ log[Jt(y,0 h ) ] j =°

(18)

where the expectation is taken over the distribution of 0 | y, x. (18) can be solved
iteratively taking at iteration m the expectation in (18) with respect to the distribution of
0 | y, x = xtml. Then, a new estimate xlm+1l is computed as:
xtm+1] = Arg Maxt { E e | y T= T[m)[lo g 7t ( y , 0 |x ) ] }

(19)

If we consider the situation where x = (o2u , o2e ) (remember that sometimes, o2e is
known beforehand) and using the asymptotic normal distribution of 0 indicated in (17):
0 | y , x = xtmJ ~ N (4 t^l i c lml )
(20)
expression (19) leads to the following iterative algorithms:
o2u [m+1] = { u'[ml A’ 1 itm] + tr (A-1 CuutmI) o2 Im] / q

(21)

and o2e [m+1] = { e'tmI e[m) + [p + q - a tr (A'1 Cuu[m])] a2 [m]} / n

(2 2 )

Of course, for binary or Poisson data, only (21) is used. In (22), p and n are the
size of b and y, a = (o2e /o 2 ) ^ and efml = y - f (<=> lml |xtml). Indeed, there is no need
to wait for actual convergence of (13) before applying (21) and (22): in practice, new
values of the dispersion parameters can be computed after a few iterations of (13)
(Stiratelli et al., 1984; Knuiman and Laird /nG&H,1989).
Algorithm (21) or its extension to the multitrait case has been reported in many
instances (Harville and Mee, 1984; Foulley et al., 1987a,b,c; Foulley and Elsen, 1988;
Hoeschele et al., 1987; Carriquiry et al., 1987). For binary data, (21) is identical to
expression (16) from Gilmour, except that the computations of
are different.
Alternative strategies such as Newton-Raphson (Foulley et al., 1987c), Fisher
scoring (Foulley et al., 1987b), or empirical (Simianer and Schaeffer, 1989) algorithms
or other expressions equivalent to (22) (e.g., Foulley et al., 1987a) have also been
proposed for the estimation of residual correlations in multitrait settings.
It can be shown that formula (19) is the one arising from a generalized EM
algorithm, considering y as the incomplete data and y, b and u as the complete data
(Foulley et al., 1989). EM-type algorithms are known to be slow to converge. If this is
the case, second-order algorithms may be obtained extending the reasoning which
leads to (18) (Hoeschele et al., 1987; Foulley et al., 1989). Note also that informative
priors have been considered by some authors (e.g, Gianola et al. in G&H, 1990),
leading to expressions not very different from (2 1 ) and (2 2 ).
Conclusions

The Bayesian methodology may offer a unified approach for the estimation of
dispersion parameters. But current algorithms are based on asymptotic approxim
ations. In particular, it is essential to keep in mind that the validity of (21-22) depends
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on assumption (20) (Knuiman and Laird in G&H, 1990). With few observations for
each element in u and / or extreme nonlinearity of the distributions, this approximation
may not be appropriate. Biased estimates have been reported in such cases (Gilmour
et al., 1985; Hoeschele et al., 1987; Simianer and Schaeffer, 1989; Thompson in G&H,
1990). New ways to get more exact marginal distributions are needed.
In this review, the computational burden involved in analyses of nonlinear traits
has not been considered, even though it is often deemed insuperable. This point
should probably not be overemphasized, considering the rapid progress in software
and hardware over the past years. Given the algorithms proposed such as (13), (21)
and (2 2 ), this is typically an area where a lot can be gained from the research
conducted in the context of linear models (e.g., Smith in G&H, 1990; Meyer, 1990).
Then, the difficulty lies on how to interpret these estimates of dispersion param
eters. The heritability concept is still usefull for the threshold model with a normally
distributed underlying variable, for censored normal variables or mixtures of normal
variables. Note that for binary traits, heritability estimates can also be derived using
parent-offspring regression (Thompson et al., 1985; Im and Gianola, 1989; Thompson
in G&H, 1990) but such estimates cannot be used to calculate correlation between
relatives. Also, the heritability on the observed scale depends on the estimates of fixed
effects. In the case of censored survival data, the residual variance cannot even be
computed, at least without strong assumptions on the future value of fixed effects after
censoring (Ducrocq, 1987). Is it sensible to report heritability in such situations ?
Other specific problems have only been partially tackled for discrete data and are
unsolved in other nonlinear cases. These include, among others: a) the way results
should be reported to practitioners - backtransformed evaluations are more appealing
but may loose some properties essential for selection decisions (Gianola et al. in
G&H, 1990); b) the sensitivity of the estimates to selection in the population (Gianola
and Fernando, 1986); c) the computation of probability statements about future obser
vations (Harville and Mee, 1984; Foulley et al., 1988; Foulley and Im, 1989); d) the
computation of expected genetic gain from selection - which is often asymmetric and
tedious to compute (Foulley, 1987) - and e) the design of optimum selection schemes.
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