
7th World Congress on Genetics Applied to Livestock Production, August 19-23, 2002, Montpellier, France 

OPTIMISING SELECTION FOR TRAITS ALONG TRAJECTORIES 
 
 

J.H.J. van der Werf 
 

Animal Science, University of New England, Armidale, NSW2351, Australia 
 
INTRODUCTION 
A number of traits in animal production such as body weight, body fat and muscle scores can 
be measured repeatedly on a trajectory. Kirkpatrick et al. (1990) proposed the use of a 
covariance function (CF) to describe the variance-covariance structure of such infinite 
dimensional traits. The continuous nature of CF in describing variance structure has a natural 
appeal above alternative ways to model repeated measurements, as pointed out by a several 
authors (e.g. Meyer, 1998 ; Van der Werf et al., 1998). A number of papers have described 
estimation of CF based on mixed linear random regression models (Meyer, 1998). 
Surprisingly, little attention has been given to optimising selection on trajectory traits, whereas 
most animal production systems are based on characteristics related to growth and 
development. Body weight gain, onset of muscle and fat, as well as age of sexual maturity and 
mature body weight are closely related to each other and each of these traits is of major 
economic importance in animal production systems. Selection on such traits at any (arbitrary) 
age results in some predictable change in a multivariate development trajectory. The aim of 
this paper is to discuss a methodology to optimise selection on trajectory traits using 
covariance functions. 
 
THEORY 
Covariance functions. A CF describes the change of (co)-variance of a given trait as a 
function of a continuous control variable. For ease of explanation, we consider a growth curve 
with weight as a function of time. The changes in the growth curve that can potentially be 
made through genetic selection depend on the extent in which genetic correlations between 
weights at different ages differ from unity. The genetic CF contains such information. Let 
matrix G of rank t represent a covariance matrix for the additive genetic effects at t different 
ages. A CF of order k (k ≤ t) can be used to represent G such that G   = ΦKΦ', where G   is an 
approximation of G (with G =  G  if k = t). For example, the CF represents a regression of 
variance in weight on time. The matrix Φ is a t x k matrix with (orthogonal) polynomial 
coefficients based on the t ages measured, and the matrix K of rank k contains the variances 
and covariances among the regression coefficients (Kirkpatrick et al., 1990). The matrix K can 
be decomposed into eigenvalues D and eigenvectors E as K = EDE’, and we can evaluate 
eigenfunctions Q for a given set of ages as ΦE = Q. The k columns of Q represent the k 
eigenfunctions, with each of them having an eigenvalue di (with di ∈ D), and the rows refer to 
the t ages. Associated with each eigenfunction is a canonical variable zi with variance di and 
single trait selection on each zi gives a response along the trajectory proportional to its 
eigenfunction. Predicted selection response along the trajectory can be written in terms of a 
weighted sum of eigenfunctions (Kirkpatrick et al., 1990). Hence, shape of the eigenfunctions 
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and magnitude of the associated eigenvalues provide information about possible change of the 
growth curve (figure 1).  
 
Optimising Selection. Optimal selection requires the covariance structure among selection 
criteria and objective traits, as well as an economic weighting of the different traits in the 
breeding objective. Traits along a trajectory can be measured at many different ages, hence the 
term ‘infinite dimensional traits’. The breeding objective for one trajectory trait strictly 
contains additive genetic values at an infinite number of ages. In practice, a few points along 
the trajectory (at some specific ages) could be chosen as breeding objective traits, but it is a 
problem to define appropriate economic weights for such traits. First, the value of the 
correlated response of all other trajectory points (ages) not taken into the objective should be 
accounted for. This might be circumvented by defining very many points along the trajectory 
as objective traits, and determining index weights for a few traits that are actually used as 
selection criteria. However, a second problem is to determine the profit of a trajectory trait at 
one given age. For example, the value of weight at a given age depends on non-linear 
functions of energy requirements, which is a non-linear function of time and weight. 
Moreover, this value does not only depend on the weight at time t, but also at weight at time t-
1, because not only weight, but also weight change determines energy requirements of growing 
animals. 
An alternative and easier strategy is to make use of eigenfunctions derived from the CF. Any 
selection on a trajectory trait can be represented as bz’z, where z is the vector of canonical 
variables derived from the CF. Optimal selection requires finding the set of weights bz that 
gives an (economically) optimum change of the trait along the trajectory. Analytical derivation 
of economic values for canonical variables is hard. However, for a given bz we can predict the 
genetic change for z, and therefore for the change for the observed traits along the trajectory. 
Consider selection on bz’z, i.e. on true additive genetic values. Note that var(z) = D. The 
response would be Rz = bz’D/sqrt(bz’Dbz). For the response at a given set of ages we can 
derive Φ and Q and the response in canonical variates z can be transformed into response for 
observable traits (Ra) as Ra = RzQ’. For this, consider a vector a with t breeding values at t 
ages. We can write a = Qz as var(a) = G = QDQ’ = Qvar(z)Q’. For a large t we can 
accurately predict the selection response at very many ages along the trajectory and for a given 
growth curve, we can determine costs and profits. Therefore, the change in profit due to 
selection can be determined by working out increased costs and benefits for growth curves 
before and after selection. To find a set of bz that optimises this profit from selection, one 
could use an optimisation algorithm, e.g. differential evolution as described by Price and Storn 
(1997).  
The resulting values for bz represent economic values for the canonical variables in z. 
Therefore, optimal selection is on bz’ , where is a BLUP of z. Solutions for  are obtained 
directly from additive genetic values in random regression models defined at the canonical 
level (Van der Werf et al., 1998). This approach is equivalent to multiple trait selection, where 
the optimal index consists of the multiple trait EBV’s, each multiplied with their economic 
weights. Notice that weights in bz do not depend on accuracy of EBV’s at different ages. 
Selection response, of course, will depend on the information that is available. 
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Session 16. New genetic and statistical modelling Communication N° 16-07   



7th World Congress on Genetics Applied to Livestock Production, August 19-23, 2002, Montpellier, France 

As the true breeding values can be written as a linear combination of the canonical variates (a 
= Qz), an index based on canonical variates I = bz’z is equivalent to an index based on 
variables on the observed scale I = b’a when the latter index weights are b = (Q-1)’bz. Note that 
Q can only be inverted when it is a square matrix, i.e. the number of ages to consider should be 
equal to the number of eigenvalues, which is equal to the order of K. This implies that the 
maximum number of ages to consider for selection does not need to exceed the number of 
(significant) eigenvalues in the covariance function. 
 
EXAMPLE 
A variance-covariance matrix for additive 
genetic effects of body weight was derived 
based on results from Albuquerque and 
Meyer (2001). They used 74,591 weight 
records on 10,751 Nelore animals, weighed 
every 90 days from birth to 730 days of age. 
Albuquerque and Meyer (2001) used random 
regression to estimate CF coefficients for 
direct additive, maternal and permanent 
environmental effects with order 6, 4 and 6, 
respectively. Based on the 6th order CF for the 
additive genetic variance a VCV matrix was 
reconstructed for 6 equidistant ages. In turn, 
this VCV matrix was fitted with a CF of order 
3 (following Kirkpatrick et al., (1990)) as in 
isolation the fit of this matrix could not be 
significantly improved with a higher order fit. 
Plots of eigenfunctions computed from this 
CF are in figure 1, for example showing that 
selection on the second canonical variate (z2) 
would decrease body weight at early ages and 
increase final weight. However, z2 accounts for only 4 % of total variance. Optimal selection 
was derived, using growth and feed requirement equations from Visscher et al. (1994) and two 
scenarios with feed costs being A$0.012 and A$0.014 per MJ ME. The value of sale weight 
was A$1.50/kg. Selection responses (per unit of selection intensity) are given for three 
selection strategies : selection on final weight (index A), optimal selection with low (index B, 
D) and with high feed costs (index C, E). Selection with indices B and C was optimised under 
the assumption that animals were sold at a fixed age (630 days). Alternatively, animals cold be 
sold at a fixed weight (412 kg), and results for index A as well as for optimised selection under 
the two feed costs scenario’s (indexes D and E) are given in table 1. Results show that optimal 
selection puts less emphasis on final weight, and restricts earlier growth, particularly so with 
high feed costs. When animals are turned off at a fixed weight, there is a lot more congruence 
between the different indices. 
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Figure 1. Eigenfunctions for the example 
based on a covariance function of order 
3. The lines represent single trait 
selection response for canonical variates 
(zi), each of them with an associated 
variance (ev = eigenvalue)
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Table 1. Body weight at 300d and slaughter, index weights, feed cost and profit per head 
with no selection, or after selection on different indexes for two feed cost scenarios 
 

Scenario 1b Scenario 2b Indexa 300d 
wght 

Final 
wght 

Days 300d. 
Index
Wght 

600d 
Index
Wght $ Feed $Profit $Feed $Profit 

none 235 412 630 - - 521 97 608 10 
Slaughter at fixed age (639 days)     

A 246 430 630 0 1 544 102 634 11.6 
B 243 429 630 -1.54 1.59 540 103 631 12.5 
C 236 421 630 -1.50 1.11 531 101 619 13.3 

Slaughter at fixed weight (412 kg)    
A 247 412 596 0 1 504.7 113 588.9 29.2 
D 246 412 596 -1.25 2.55 504.4 114 588.5 29.6 
E 246 412 596 -1.11 2.16 504.4 114 588.5 29.6 

a Ind. A selects on 600d wght, Ind. B and D optimised for scenario 1, C and E for scenario 2. 
b Assumed $1.5/kg live wght ; feed costs are A$0.012 in scenario 1 and A$0.014 /MJ ME in 2.  
 
DISCUSSION 
The methodology outlined in this paper can be a basis for selection for multidimensional 
trajectories to jointly optimise changes for weight, fat and muscle, along with correlated 
changes in mature weight and onset of puberty. Referring to the example, the optimal time of 
slaughter will not depend on weight only, but fatness as well. Knowledge about genetic 
correlations between different traits along the trajectory is required. Part of such knowledge 
could be based on quantitative genetic analysis of observed phenotypes, and part could be 
based on biological modeling. In the example given in this paper, selection was optimised 
considering weight change and feed intake. The last characteristic however, was not modelled 
as a correlated trajectory trait, but from a biological model, which assumes equal feed 
efficiency for all animals. The best approach will depend on availability of data.   
 
CFs can demonstrate a lack of robustness, especially when estimated using random regression 
and suboptimal data structures. Caution is therefore needed, as prediction of selection response 
based on CF may be more sensitive to prediction error.  
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