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INTRODUCTION 
Random regression (RR) has been proposed as an appropriate data-modelling technique for 
traits that change gradually along a trajectory (e.g. weight over time). Knowledge of genetic 
variation over a trajectory allows more accurate evaluation and more informed selection 
decisions. In particular, animals that deviate from the population curve for growth rate can be 
identified more easily which could be of great benefit to the industry. RR analysis has been 
applied to data from dairy cattle (Jamrozik et al., 1997), beef cattle (Meyer, 1998) and pigs 
(Schnyder et al., 2001). RR is now widely used for routine genetic evaluations, particularly in 
the dairy industry. Most analyses have been on relatively complete data with typically many 
repeated records per animal. 
Weight data in meat sheep is generally less comprehensively measured in industry practice. 
This is largely due to the extensive nature of the industry resulting in limited data collection on 
each animal, typically 2 to 3 measurements per animal. As optimal selection on growth and 
development traits (weight, fat and muscle) could be of great value to the industry, it is relevant 
to know whether current industry data structures can be used for regular genetic evaluations 
using RR as well as for optimal selection on associated traits. The aim of this paper is to 
provide insight into the accuracy and robustness of parameter estimates from RR models for 
different data structures. 
 
MATERIALS AND METHODS 
Data simulation. A simulation study was set up to create data structures of varying quality. 
Four weight traits were considered, measured at four distinct ages: birth (BW) at 0 days, 
weaning (WW) at 100 days, post weaning (PW) at 200 days and yearling (YW) at 300 days. 
Each data set consisted of records on 3000 (n) animals represented by 50 (s) sires each with 60 
progeny. Balanced data structures (1-4) contained different numbers of records per animal (t = 
4,3,2 or 1 respectively) resulting in n animals × t measurements (i.e. nt measurements total) 
where missing records were equally distributed over sires and across ages. In addition, two data 
sets were derived from (1) such that 75% of records were removed at random either from BW 
and YW (structure 5) or from WW and PW (structure 6) so that records were unbalanced 
across ages of recording. 
The (co)variance matrix for genetic (Go) effects used for the simulations was based on 
literature estimates (Fogarty, 1995). Residual covariance was assumed to be zero, hence a 
diagonal matrix of residual variances (Ro) was used for simulation. Breeding values and 
phenotypes of animals were simulated based on these parameter values. 
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Covariance Functions. A covariance function (CF) of order k, where k ≤ t, can be estimated 
from Go such that : 
 

     Ĝo = ΦΚΦ’          [1] 
 

where Ĝo is an approximation of Go. Meyer (1998) showed that K can be estimated directly 
from data using RR. The matrix Κ of order k contains the coefficients of the CF. Φ represents a 
t × k matrix of orthogonal polynomials evaluated at standardised ages with elements ǿij= ǿj(ti), 
the jth polynomial for the ith age ti (Kirkpatrick et al., 1990). 
 
RR Model. The following RR model was used : 
 

y = Xβ + Zα + ε         [2] 
 

with y the vector of (nt) observations measured on n animals, β the vector of t fixed effects, α 
the vector of order sk (i.e. sk = s sires × k fit) with additive genetic RR coefficients of sire and ε 
the vector of (nt) measurement errors. Fixed effects were based on regression coefficients as 
defined for each age in Φ, with the order of fit always equal to 4. X and Z are corresponding 
design matrices of dimensions nt × t and nt × sk respectively, both X and Z matrices contained 
elements of a row of Φ pertaining to the age at which the trait was observed. 
 
REML Estimation. Assuming the fixed component of [2] accounts for systematic effects, then 
var(α) = ( ¼ K) ⊗ I with I an identity matrix of order s, ⊗ denotes the direct matrix product 
and var(ε) represents a diagonal matrix with the residual variance depending on age. 
Multivariate analysis was performed and parameter estimates were averaged over the fifty 
replicates to yield mean Ĝo and  matrices. Following this, RR analysis using model [2] was 
conducted on the same data sets. Random regressions were fitted for individual sire effects on 
Legendre polynomials of age, considering orders of fit (k) from 2 to 4. The K matrices 
estimated from these analyses were used to create Ĝo using equation [1]. These parameters 
were then averaged over the fifty replicates to yield a mean Ĝo matrix. Finally, these values 
were compared with Go derived from the CF approach for the different orders of fit, to 
demonstrate how well RR analyses estimate (co)variance components under different data 
structures. Mean values and empirical standard errors obtained over the 50 replicates for the 
various components of the RR analyses are reported in the results section. 

oR̂

Traits at the periphery of the trajectory were subject to particular scrutiny as concern has been 
raised as to how robust RR is in fitting these components (van der Werf et al., 1998). A 
likelihood (L) ratio test was carried out by contrasting differences in Log L (i.e. k vs. k+1 order 
of fit). Log L (k) is expressed in the results as the mean deviation from Log L (k+1). All 
analyses were performed using ASREML (Gilmour et al., 2001). 
 
RESULTS AND DISCUSSION 
Multivariate results (Ĝo) from all different data structures corresponded well with the true 
values in Go. A full order of fit (k = 4) using a CF approach based on Go would simply yield 
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Go. Lower orders of fit using this approach are shown in Table 1, as are estimates from RR 
models using reduced order of fit. A full fit RR model (k = 4) gave estimates very similar to the 
values of Ĝo as suggested by Meyer (1998) (results not shown).  
 
Table 1. True values, approximated values using a CF approach and RR estimatesa of 
(co)variance components for balanced and unbalanced data sets for different orders of 
polynomial fit (k) 
 

  BWb WWb PWb YWb WW*PWc BW*YWc  
True Go 0.20 7.50 15.75 30.60 6.20 1.01  
CF k=3 0.32 7.02 13.62 30.0 8.80 1.50  
CF k=2 1.57 3.90 12.58 27.61 6.65 0.30  

RR Analyses – Balanced Data 
Data k BWb WWb PWb YWb WW*PWc BW*YWc ∆Log L 

1 3 0.20±0.01* 6.61±0.24* 13.18±0.46 28.74±1.20 8.45±0.31 1.19±0.07* -29.87** 
1 2 0.20±0.01* 3.47±0.12* 11.85±0.43 25.61±0.94 6.38±0.23 1.14±0.06* -44.30** 
2 3 0.19±0.01* 6.32±0.18* 13.61±0.38 30.87±1.06 8.40±0.24 1.10±0.07* -19.65** 
2 2 0.19±0.01* 3.58±0.11* 12.46±0.38 27.11±0.82 6.65±0.20 1.03±0.06* -26.04** 
3 3 0.19±0.01* 6.37±0.17* 13.66±0.39 30.92±1.15 8.45±0.24 1.10±0.08* -10.89** 
3 2 0.19±0.01* 3.62±0.12 12.58±0.40 27.36±0.87 6.72±0.21 1.05±0.07* -15.08** 
4 3 0.20±0.01* 6.09±0.28* 13.62±0.50 32.70±1.33 8.18±0.35 1.02±0.10* -4.94 
4 2 0.19±0.01* 3.62±0.12 12.69±0.44 27.72±0.99 6.74±0.23 0.93±0.08* -5.93 

RR Analysis – Unbalanced Data 
Data k BWb WWb PWb YWb WW*PWc BW*YWc ∆Log L 

5 3 0.20±0.01* 6.49±0.18* 13.38±0.34 31.17±1.15 8.36±0.23 1.20±0.08* -
21.41** 

5 2 0.20±0.01* 3.94±0.11 13.45±0.38 29.03±0.83 7.24±0.20* 1.32±0.06* -
20.55** 

6 3 0.19±0.01* 5.83±0.25* 13.12±0.47 31.85±1.11 7.84±0.32* 1.05±0.07* -3.65 
6 2 0.19±0.01* 3.79±0.13 13.29±0.46 28.98±1.00 7.06±0.25 1.01±0.07* -9.63** 

amean and empirical standard error based on 50 replicates, bgenetic variance, cgenetic covariance 
* significantly different from true values (p<0.01) 
** significantly different from order k+1 model (p<0.01) 
 
Balanced Data. Parameter estimates from RR models were generally similar to the estimates 
based on CF for corresponding orders of fit. However, most parameter estimates for BW, WW 
and BW*YW from balanced data sets (1-4) were significantly different from the CF values. 
Most variance component estimates from RR were reduced when using a lower order of fit due 
to smoothing of the CF. RR estimates of variance increased and estimates of covariance 
decreased as data quality deteriorated (structures 1 to 4). Note that lower standard error values 
were obtained with a lower order of fit, the only exception being with the complete data set (1). 
RR analyses estimated the parameters reasonably well in data set 4, where each animal 
possessed only one record over the trajectory. 
 
Unbalanced Data. Van der Werf et al., (1998) suggests that RR is less stable at the edges of 
the trajectory, possibly due to a reduced amount of data in these areas. Results for unbalanced 
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data sets (5-6) did not show any greater instability (i.e. no higher empirical standard errors) 
than the ‘balanced’ data, even at ages for which fewer records existed. 
 
Log L. Log L values decreased with decreasing number of records and could therefore only be 
compared within data sets. Log L values increased significantly for the higher order of fit in the 
majority of cases suggesting that the higher order model provides a better fit to the data. Data 
sets 4 and 6 were the only exceptions where the lower order model (k = 2 and k = 3 
respectively) appeared to provide a sufficient fit to the data. 
 
CONCLUSION 
It was shown that RR is an accurate and robust technique for estimating genetic parameters 
even when data is not evenly distributed across ages of measurement. This provides 
perspective for RR estimation of genetic CF using data recorded from extensive industries (e.g. 
Australian sheep industry). More complex models, e.g. inclusion of permanent environmental 
effects, would have additional data structure requirements. 
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