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Introduction

Random regression (RR) analyses have become a

standard procedure for the genetic analysis of serially

recorded traits from livestock improvement schemes.

Whilst a large proportion of applications considered

test day records of dairy cows, analyses of growth

records from meat producing animals are becoming

more popular; see Schaeffer (2004) for a recent

review. The majority of analyses fitted polynomial

functions of time or age at recording as covariables.

In particular, Legendre polynomials – as used by

Kirkpatrick et al. (1990) to estimate genetic covari-

ance functions – have found widespread use.

A number of RR analyses of growth records for beef

cattle have been reported, mostly fitting a polyno-

mial regression model. Some were limited to the

analysis of cow weights (Meyer 1999, 2000; Arango

et al. 2004). Others considered records from birth to

weaning or approximately 2 years of age (Meyer

1999, 2001, 2002a; Albuquerque & Meyer 2001a;

Nobre et al. 2003).

Previous analyses of larger data sets, reported by

Nobre et al. (2003) and Meyer (2002a), considered a

single model of analysis only, fitting cubic regres-

sions on age at recording for all random effects, i.e.

direct and maternal, genetic and permanent environ-

mental effects. On the one hand, this choice was a

compromise between computational demands and

detailedness of the model (Nobre et al. 2003). On the

other hand, a cubic polynomial is the lowest degree

polynomial for which both first and second deriva-

tives, i.e. growth rate and acceleration, vary with

age (Meyer 2002a). In addition, the cubic RR model

involves almost the same numbers of genetic coeffi-

cients as its multivariate counterpart, which treats
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Summary

Estimates of covariance functions and genetic parameters were obtained

for growth of Angus cattle from birth to 820 days of age. Data comprised

84 533 records on 20 731 animals in 43 herds, with a high proportion

of animals with 4 or more weights recorded. Changes in weights were

modelled through random regression on orthogonal polynomials of age

at recording. A total of 11 combinations of quadratic, cubic, quartic and

quintic polynomials to model direct and maternal genetic effects and

permanent environmental effects were considered. Results showed good

agreement for all models at ages with many records, but differed at the

highest ages and at very early ages with few weights available. Cubic

polynomials appeared to be most problematic. The order of polynomial

fit for permanent environmental effects of the animal dominated esti-

mates of phenotypic variances and mean squares for residual errors.

A model fitting a quartic polynomial for these effects and quadratic poly-

nomials for the other random effects, appeared to be the best compro-

mise between detailedness of the model which could be supported by

the data, plausibility of results, and fit, measured as mean square error.
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birth, weaning, yearling and final weights as four

different traits. Lastly, the number of records for typ-

ical field data in beef cattle is limited, which restricts

the degree of polynomials which can be estimated.

Until now, only results from analyses of small data

sets have been available for comparison of different

orders of polynomial fit. Those analyses suggested

use of models with differential orders of fit for indi-

vidual random effects and a higher degree polyno-

mial for direct permanent environmental effects

(Albuquerque & Meyer 2001a; Meyer 2001).

This paper presents estimates of covariance func-

tions for growth of Angus cattle, from analyses of a

moderately sized set of field data, selected to have a

high portion of animals with four or more records.

Analyses examine the effects of different orders of

polynomial fit, considering a total of 11 different

models.

Materials and methods

Data

Data were records for weights of Australian and New

Zealand Angus cattle, extracted from the National

Beef Recording Scheme data base in July 2003. Raw

data consisted of approximately 1.9 million weight

records and pedigree information on close to a mil-

lion animals. Weights taken from birth to 820 days

of age were considered. After basic edits, records

were extracted for animals in 43 herds with the

highest proportions of animals with multiple weights

recorded. Herds selected were those with an average

number of records per animal >3.3, or at least 50%

animals with four or more records. Based on inspec-

tion of growth rates, further edits eliminated any

records clearly ‘out-of sequence’ for individual ani-

mals. For animals flagged as the result of an embryo

transfer, identities of recipient or foster dams were

determined where possible. If this cow could not be

identified, such calves were assigned a dummy ‘rais-

ing’ dam, which was assumed to have only a single

offspring. Similarly, a small number of animals with

unknown dams were given a dummy, genetic dam.

Recursive deletion of records on animals with less

than three observations and records in single record

subclasses, left 84 533 records on 20 731 animals.

Animals were progeny of 1348 sires and 8167 dams.

Figure 1 shows the distribution of records over ages

at recording in 10-day intervals, together with cor-

responding mean weights. Not shown are 17 891

records at age 0, for the 86.3% of animals which

had a birth weight record. Current genetic evalua-

tion of beef cattle in Australia considers weights at

target ages of 200, 400 and 600 days with permiss-

ible age ranges of 80–300 days, 301–500 and 501–

700 days, respectively. The distribution of records

over ages of recording clearly reflects this régime,

with very few weights recorded between birth and

80 days of age, and limited numbers of weights

available after 700 days.

On average there were 4.08 records per animal.

The maximum number of weights recorded per indi-

vidual was 9. There were 6027, 8963, 4231, 1189

and 321 animals with 3, 4, 5, 6 and 7–9 records,

respectively. This resulted in 70.9, 27.7 and 7.3% of

animals with at least 4, 5 and 6 weights recorded. At

a genetic level, records on parents, progeny and sibs

contribute information through the relationship mat-

rix. Counting these as well, corresponding propor-

tions were 98.3, 85.2 and 48.1% of all animals.

Pedigree information for animals with records and

their parents was extracted, considering up to five

generations backwards. Prior to analyses, pedigrees

were ‘pruned’, i.e. any parents without records and

with only a single offspring were treated as

unknown. This was performed recursively, resulting

in 14 326 parents without records to be taken into

account, i.e. direct genetic effects for a total of

35 057 animals to be included in the analysis.

Pedigrees for maternal genetic effects were

‘pruned’ separately, eliminating any animals without

an expression of maternal genetic effects and links to

only one other animal. Again, this was performed

recursively. This reduced the number of animals in

the maternal pedigree and relationship matrix to

20 463. There were 9670 dams with permanent

environmental effects to be considered. Of these,

5202 (including 1749 dummy dams) had only one

offspring, while 1781, 1012, 680, 376 and 619 cows

had 2, 3, 4, 5 and 6 or more, calves with records,

respectively.
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Figure 1 Numbers of recordsa (h) and means of observed weights

(d) for ages at recording in 10-day intervals. aomitting 17 891 birth

weight records.
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Analyses

Estimates of (co)variance components were obtained

by Bayesian analysis, employing a Gibbs sampling

algorithm as implemented in program rrgibbs

(Meyer 2002b). Three Markov chains with 100 000

samples each were drawn for each model, assuming

flat priors. Variances, genetic parameters and eigen-

functions for ages in 10-day intervals were calculated

for every fourth sample. Estimates were obtained as

posterior means across all three chains, disregarding

the first 20 000 samples in each chain as ‘burn-in’

period. Approximate piece-wise, 95% confidence

regions for each parameter examined were obtained

by ranking samples and determining the cut-off

points for the lowest and highest 2.5% of sample

values (Chen & Shao 1999). Solutions for all effects

in the mixed model were obtained, using the esti-

mates (posterior means) of covariance components

for each model. Residuals, i.e. observations adjusted

for estimates of the effects affecting each record, and

their sums of squares and corresponding mean

square errors (MSE) were calculated.

Random effects

The model of analysis fitted a RR on Legendre

polynomials of age at recording for four random

effects, considering various orders of fit (k). Direct,

additive genetic effects (A) were, in turn, modelled

through quadratic, cubic and quartic polynomials,

involving kA ¼ 3, 4 and 5 RR coefficients, respect-

ively. Direct permanent environmental effects (R)

were modelled analogously, considering a quintic

polynomial in addition, i.e. kR ¼ 3, 4, 5, 6. Maternal

genetic (M) and permanent environmental (C)

effects were modelled through either quadratic or

cubic polynomials, i.e. kM ¼ kC ¼ 3,4. To avoid

problems with spurious estimates at the highest

ages, their effects were restricted to ages from 0 to

600 days, except for one analysis. This was imple-

mented by setting functions of age at recording, i.e.

the covariables in RRs for maternal effects, after

600 days to zero. Direct and maternal genetic

effects were assumed to be uncorrelated. This is

standard practice in analyses of Australian field

data, as cows often remain in their mating groups

which can lead to a confounding of sires and con-

temporary groups (CG), especially if management

group recording is poor. This has resulted in

implausibly large, negative estimates of direct-

maternal genetic correlations, accompanied by infla-

ted estimates of direct and maternal heritabilities,

even for simple univariate analyses (Meyer 1997).

Models fitted are denoted in the following by the

number of RR coefficients for A, M, R and C, respect-

ively. For example, M4353 describes an analysis fit-

ting quadratic polynomials for both maternal effects,

and cubic and quartic polynomials for direct genetic

and permanent environmental effects, respectively.

A total of 11 combinations of orders of fit, listed in

Table 1, were examined. Residuals were considered

independently distributed with heterogeneous vari-

ances (r2i ). Changes in r2i with age were modelled as

a ‘step’ function with 19 classes (0, 1–30, …, 271–

300, 301–360, …, 721–780 and 781–820 days)

throughout. There were a total of 43 (M3333) to 69

(M5454) covariance components to be estimated for

the different combinations.

Fixed effects

Changes in mean with age were modelled through

fixed, cubic regressions on Legendre polynomials of

age. This involved a separate regression for each

level of each of the fixed effects, namely sex, dam

age class (in years, treating ages >9 years as one

class) and birth type (single versus twin). In addi-

tion, CG were fitted as cross-classified fixed effects,

with CG defined as herd-sex-management group-

year/month subclasses for birth weights, and herd-

sex-management group-date of weighing subclasses

for other weights. To reduce the range of ages com-

pared directly, CG classes were further subdivided

applying an ‘age slicing’ of 45 days up to 300 days,

and 60 days for higher ages. If this subdivision

resulted in a subclass with less than five records for

the highest ages in the CG, this last subclass was

merged with the previous age subclass, provided

the range of ages did not exceed 54 days for

weights up to 300 days and 72 days for later

weights. In total, there were 8,822 CG levels (after

age slicing).

Table 1 Models fitted together with the number of covariance

components estimated (p) and residual mean square errors (MSE)

Model p MSE

M3333 43 53.6

M5333 52 34.3

M3343 47 36.9

M4343 51 36.4

M4444 59 35.4

M3353 52 30.1

M4353 56 29.6

M5353 61 29.6

M5454 69 28.7

M3363 58 24.7

M5363 67 24.5
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Univariate analyses

In addition, eight corresponding univariate analyses

were carried out by restricted maximum likelihood,

considering ages of 0, 1–200, 101–300,… and 601–

820 days. These considered single records per animal

only, fitting direct and maternal genetic effects and

maternal permanent environmental effects. Fixed

effects considered were CGs, as defined above, birth

type and dam age class (heifer versus cow). Dam age

was fitted as a fixed, linear and quadratic covariable,

and age at recording was accounted for by fitting a

linear regression within each sex of animal.

Results

Variance components

Estimates of phenotypic variances (r2P) for the range

of ages considered are shown in Figure 2. Variances

increased with age and mean. Overall, there was

excellent agreement between estimates from differ-

ent RR models for ages with large numbers of obser-

vations, in particular birth weight and the

intermediate ages between about 150 and 650 days.

As observed in other studies (e.g. Meyer 2001,

2002a; Nobre et al. 2003), RR model estimates were

somewhat higher than estimates from univariate

analyses, increasingly so with increasing age.

Estimates for early ages (after birth) and the high-

est ages, however, fluctuated considerably. Estimates

for the highest ages appeared to be dominated by

the order of polynomial fit for permanent environ-

mental effects of the animal, with comparatively lit-

tle effects associated with the orders of fit for the

other random effects. Fitting a cubic regression for

this effect (kR ¼ 4), estimates of variance functions

increased sharply after about 650 days of age. With

kR increased to 5 and 6, estimates were reduced to

more plausible levels. Estimates of r2P at the highest

ages were smallest for model M3353.

The effects of order of polynomial fit are further

illustrated in Figure 3, which presents corresponding

results for direct genetic (r2A) and permanent envi-

ronmental (r2R) variances. Whilst differences in esti-

mates between analyses were again small for ages

with many records, effects of the RR model chosen

were more prominent for other ages. As above, fit-

ting a cubic polynomial resulted in implausible esti-

mates of variances at the highest ages. For example,

at 820 days, estimates of r2A for kA ¼ 4 rose to

3200 kg2 for M4343, and estimates of r2R for kR ¼ 4

topped 4239 kg2 for M3343 (Figure 3 truncated, i.e.

not showing these high values).

Increasing kA to 5 yielded more plausible estimates

of r2A, but a very steep increase at the extreme ages

was still evident. Moreover, estimates of r2A for early

ages for a model fitting a quadratic regression for all

other effects (M5333) deviated markedly from those

obtained from other analyses. Overall, a quadratic

polynomial (kA ¼ 3) appeared to be the most sen-

sible choice to model changes in r2A with age. Except

for birth weight and a univariate analysis consider-

ing weights after birth to 200 days, estimates of r2A
from RR model analyses were consistently higher

than estimates from corresponding univariate analy-

ses.

Similarly, RR estimates of r2R at the higher ages

were smaller for higher orders of fit than for low

values of kR. Variance function estimates for kR ¼ 6

showed oscillations after 600 days, indicating prob-

lems with polynomial approximation of growth tra-

jectories. Either kR ¼ 5 or, more conservatively,

kR ¼ 3 appeared reasonable choices, although esti-
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Figure 2 Estimates of phenotypic

variances (kg2) from analyses fitting models

with different orders of polynomials.
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mates of r2R at early ages (except birth weight) dif-

fered markedly for these alternatives. Loosely des-

cribed, the higher order polynomials had ‘more

room to move’ and thus were more likely to produce

small oscillations, where there were few data points

to fix estimated growth curves. At 100 days, for

example, estimates of r2R were 178 and 52 kg2 for

analyses M3353 and M3333, respectively. After

100 days, estimates began to converge, but did not

coincide fully until about 300 days of age. Further-

more, confidence regions (not shown) for r2R after

650 days were substantially greater for kR ¼ 5 than

for kR ¼ 3, generally encompassing estimates for the

latter. For r2P, however, differences were much less

pronounced with respective estimates at 100 days of

279 (M3353) and 210 (M3333) kg2, and with esti-

mates being essentially identical by 180 days of age.

This suggests differential partitioning in the corres-

ponding maternal and residual variances.

The MSE for all models are summarized in Table 1.

As for r2R and r2P these depended almost entirely

on kR rather than on the total number of parameters

fitted. Only for model M5333, compared with

M3333, was there a marked decrease in MSE when

kR was constant but kA was increased. With the same

number of parameters fitted, M3353 had a substan-

tially lower MSE than M5333, indicating that unex-

plained variation because of permanent

environmental effects for kR ¼ 3 might have been

attributed to the higher order genetic polynomials in

model M5333.

Estimates of maternal genetic (r2M) and permanent

environmental (r2C) variances for selected analyses

are shown in Figure 4. Again, there was a distinct

effect of order of polynomial fit for the random

effect considered, with minor differences due to the

model for other effects. For quadratic polynomials,

estimated variances were greatest for weights at

about 300 days, i.e. mid-way for the range of ages

considered. As above, fitting a cubic polynomial

caused estimates of variances to increase sharply at

the high end of the range of ages, in particular for

r2C. For kM ¼ 4 or kC ¼ 4, highest estimates of mater-

nal variances occurred close to about 200 days. Esti-

mates of r2C for kC ¼ 4 agreed more closely with

univariate results than for kC ¼ 3.

An additional analysis assumed no influence of

maternal effects after 500 days for model M4353.

Results (not shown) yielded variance functions of

similar shape as for M4353 for both r2M and r2C, but
with the highest estimates occurring around

250 days instead of 300 days. This comparison dem-

onstrates an effect of the range of ages considered,

and emphasizes the need to choose this range care-

fully.

For M3333, estimates of r2C increased at the highest

ages, similar to those for kC ¼ 4. Estimates of r2C for

M3343 (not shown) and M3353 did not, suggesting
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Figure 3 Estimates of direct genetic (top

row) and permanent environmental (bottom

row) variances (kg2) from analyses fitting

models with different orders of polynomials.
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that this erratic increase might, in part at least, be

due to picking up some direct permanent environ-

mental variation which had not been modelled by

the low degree polynomial for the corresponding

random effect.

Estimates of r2M were considerably smaller than

those from univariate analyses. The reverse was dis-

cussed for r2A. Hence, the latter could, to some

extent, reflect differences in the partitioning of direct

and maternal variation between the two types of

analyses, as different contrasts between relatives

were available. With maternal effects and their vari-

ances inherently difficult to estimate, this result is

perhaps not too surprising. In contrast, Albuquerque

& Meyer (2001a) reported consistently slightly

higher estimates of r2M from RR than univariate ana-

lyses, whilst Meyer (2001) found good agreement

between the two. Nobre et al. (2003) obtained mark-

edly higher estimates of both r2A and r2M from RR

analyses than from multivariate analyses. However,

their model allowed for non-zero direct-maternal

genetic covariances, and these covariances also dif-

fered dramatically between analyses, being negative

and large (absolute value) for RR analyses. If esti-

mates of these covariances are biased downwards,

they can yield correspondingly inflated estimates of

r2A and r2M (Meyer 1997). Such a mechanism might

have contributed to the discrepancies between ana-

lyses encountered by Nobre et al. (2003).

Heritabilities and other variance ratios

Estimates of direct heritabilities (h2) and their

approximate confidence regions at selected target

ages are contrasted in Figure 5. Differences in esti-

mates directly reflect the pattern in estimates of vari-

ances observed above. Whilst all estimates for birth

weight were essentially the same, there was a wide

range of estimates for h2 at 100 days of age, attribut-

able to the lack of data at this age and, conse-

quently, the dominating effect of the model of

analysis. Early growth in beef cattle has received lit-

tle attention. Albuquerque & Meyer (2001b)

reported a univariate estimate of h2 for weights of

Nelore cattle at 100 days of about 0.16, which was

lower than any values obtained in this study. Nelore

are a later maturing breed than Angus, which might

have contributed to this difference. The effects of dif-

ferent polynomial interpolation were still evident at

Age (days)

100 300 500

0

20

40

60

80
M3333
M3353
M4353
M5363
M4444
M5454
Univ.

Age (days)

100 300 500

0

20

40

60 M3333
M3353
M4353
M5363
M4444
M5454
Univ.

Figure 4 Estimates of maternal genetic (left

graph) and permanent environmental (right

graph) variances (kg2) from selected analy-

ses, fitting models with different orders of

polynomials.
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model M3353.
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200 days. With higher estimates of r2A from RR ana-

lyses, corresponding values for h2 were also consis-

tently greater than the corresponding univariate

estimate of 0.24. At 400 and 600 days, estimates

from different models again agreed closely, but, simi-

larly, were higher than the respective univariate

estimates of 0.37 and 0.41.

Similar relationships held for estimates of maternal

heritabilities (m2) and the proportions of variance

because of direct (p2) and maternal (c2) permanent

environmental effects. Changes in estimates of vari-

ance ratios with age for selected analyses are shown

in Figure 6, together with approximate 95% credible

intervals for model M3353. With a quadratic polyno-

mial fit for direct genetic effects (kA ¼ 3), estimates

of h2 declined sharply after birth and increased

slowly subsequently. A fairly similar pattern was

observed for data sets with substantial numbers of

observations available at early ages, by both Albu-

querque & Meyer (2001a) and Meyer (2001). For kA
increased to 5, estimates for this period were sub-

stantially higher, but estimates of p2 were reduced

accordingly, indicating a strong sampling correlation

between h2 and p2.

With estimates of maternal variances from RR

analyses less than from univariate analyses, esti-

mates of m2 and c2 for kC ¼ 3 were substantially less

as well. Fitting a quadratic polynomial for maternal

environmental effects, estimates for c2 were highest

for analysis M3333, which suggests that smaller esti-

mates of r2C and c2 for kR > 3 might have contributed

to high estimates of r2R and p2.

Correlations

The order of polynomial fit for a random effect also

dominated the estimates of its correlation structure,

as illustrated in Figure 7 for the direct genetic corre-

lations (rA) for weight at 200 days with weights at

all other ages. For kA ¼ 3, estimates from all four

analyses considering this order of fit were essentially

identical. The correlation curve was very flat and

indicated a broad range of ages for which genetic

correlations were very high, i.e. 0.9 or more. With

kA increased to 4 or 5, the width of this interval

decreased, and allowed for more fluctuations

because of the order of fit for other random effects.

Estimates for M5333 were erratic, presumably due

to permanent environmental variation not accoun-

ted for with kR ¼ 3.

Figure 8 summarizes estimates of direct genetic

and phenotypic (rP) correlations for weights at birth,

200, 400 and 600 days, with weights at all other

ages. Estimates and approximate confidence regions

given are for model M3353. In addition, estimates of

rP for M3333 and rA for M5353 are shown. On the

whole, estimates agreed with expectations of moder-

ate correlations between birth and later weights and

decreasing correlations between other weights with

increasing difference in the ages at recording. Whilst
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Figure 6 Estimates of heritabilities (top

row, left: direct, right: maternal) and perma-

nent environmental variance ratios (bottom

row; left: direct, right : maternal) for selec-

ted analyses, together with approximate

95% confidence region for model M3353

(filled area).
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confidence regions for alternative models, M5353 for

rA and M3333 for rP (not shown), did not fully over-

lap with those for M3353, differences in estimates

were insubstantial, especially for ages with many

records.

Corresponding contour plots of direct genetic and

permanent environmental correlations are shown in

Figure 9. Clearly, fitting quadratic polynomials

enforced a fairly regular decline in correlations with

increasing distance in time. Conversely, the addi-

tional terms in a quartic polynomial allowed for

more changes in estimates of correlations, especially

to lower correlations between weights pre- and post-

weaning. Fitting quadratic polynomials, estimates of

maternal correlations, both genetic and permanent

environmental, were near unity (‡0.95) for all ages

between 50 and 500 days, but showed steep declines

towards birth weight.

Eigenvalues and eigenfunctions

Estimates of the first three eigenvalues of the direct

genetic and permanent environmental covariance

functions and their approximate confidence regions

are summarized in Figure 10. Again, a distinct effect

of the order of polynomial fit was evident, with val-

ues for a cubic polynomial consistently different.

Regardless of the model, the last eigenvalue for each
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Figure 7 Estimates of direct genetic correlations for weight at 200 days with weights from birth to 820 days, from analyses fitting quadratic

(kA ¼ 3, left), cubic (kA ¼ 4, middle) or quartic (kA¼5, right) polynomials for direct genetic effects.
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covariance function estimated was close to zero,

which explains the big difference in estimates for the

third eigenvalue for quadratic and higher order poly-

nomials. The first genetic eigenvalue explained 92%

(kA ¼ 5) to 95% (kA ¼ 3) of the total genetic vari-

ation. For the permanent environmental covariance

functions, ratios were about 84, 78 and 74% for

kR ¼ 3, 5 and 6, respectively.

Figure 11 displays estimates of the first and second

direct genetic eigenfunctions for different orders of

fit. Estimated confidence regions when fitting a

quadratic or cubic polynomial were very narrow,

suggesting that the eigenstructure of a covariance

function can be estimated more accurately than its

coefficient matrix. In addition, the eigenfunctions

obtained from a decomposition of the posterior

mean of the covariance matrix among RR coeffi-

cients were essentially identical to the posterior

mean of the eigenfunctions shown. Again, estimates

for kA ¼ 3 and kA ¼ 5 were similar, with the former

more or less a smoothed version of the latter.

However, when fitting a quartic polynomial for

direct genetic effects, estimated confidence regions

were large and irregular. This occurred for all three

analyses with kA ¼ 5 and kR ‡ 5, i.e. was unlikely to

reflect failure of a Markov Chain to fully converge

to the posterior distribution. Whilst only 28% of ani-

mals had five weights recorded themselves, 85% of

animals had five records at the genetic level, when

considering records on close relatives. Nevertheless,
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this might not have been sufficient to allow quartic

polynomials to be fitted at both the genetic and

environmental level. Results for analysis M5454 and

M5363 were similar to those shown for M5353.

Results for M5333, however, were very different,

with the estimate of the first eigenfunction similar to

that when fitting a cubic RR for direct genetic effects

(M4353), and a narrow confidence region. This

model was fitted to assess the impact of fitting two

quartic polynomials in analysis M5353. Whilst lower

confidence regions for this analysis might support

the surmise of overparameterization for models

M5353, M5454 or M5363, as also noted above,

results for model M5333 were highly irregular and

thus might not provide a valid comparison.

For both kA ¼ 3 and kA ¼ 5, estimates of the first

genetic eigenfunction were positive throughout, i.e.

selecting on the basis of the corresponding estimated

breeding values is likely to change weights at all ages

in the same direction. Moreover, with more than

90% of the total genetic variation attributable to this

function, this is the change which is most easily

affected. In contrast, the second eigenfunction was

close to zero at birth, negative to about 600 days

and positive for the highest ages, but explained only

about 5% of genetic variation.

Discussion

Results clearly illustrate the effects of the model cho-

sen on estimates from RR analyses. Reassuringly,

estimates from different models agreed closely for

ages with many observations. Not surprisingly

though, for ages with few records the shape of the

curve chosen to model growth trajectories domin-

ated estimates. The previously preferred model fit-

ting a RR on cubic polynomials on age at recording

(Meyer 2002a) turned out to be an unfortunate

choice, which yielded grossly inflated estimates of

variances at the highest ages, both for their data and

in this study, and implausible estimates of the lead-

ing genetic eigenfunctions. Choice of the ‘best’

model inevitably is a compromise between the fea-

tures we might want to capture and the amount of

information available in the data.

A quadratic polynomial to model variation of indi-

vidual growth trajectories about the mean would

imply that only growth rates or velocity, i.e. first

derivatives of the growth curve, varied with age, but

not second derivatives, i.e. acceleration. Whilst

somewhat restrictive in terms of correlation structure

and associated with the highest residual error mean

square, a model fitting quadratic polynomials for all
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Figure 11 Estimates of the first (top row) and second (bottom row) direct genetic eigenfunctions (solid line), together with approximate 95% con-

fidence region (filled area) and corresponding function obtained from the estimate of the genetic covariance function (dashed line), from analyses

fitting a quadratic (left), cubic (middle) or quartic (right) polynomial for direct genetic effects.
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random effects (M3333) gave sensible estimates of

variances, heritabilities and eigenfunctions, and

would seem to be a conservative choice for the data

considered in this study. Fitting a quartic polynomial

for some effects would be less restrictive and allow

for more fluctuations in correlation estimates. Fitting

this for permanent environmental effects of the ani-

mal only (M3353) yielded similar estimates to those

for an entirely quadratic model, but had consider-

ably lower MSE, and thus would be a judicious

choice. Estimates of covariance functions for this

model are given in the Appendix. Conversely, fitting

a quartic regression for direct genetic effects only

(M5333) produced erratic estimates for heritabilities,

genetic correlations and eigenfunctions, suggesting

that some environmental effects might have affected

the genetic covariance function. A model with quar-

tic polynomials for both the genetic and permanent

environmental effects of the animal (M5353) exhib-

ited some problems with inflated estimates of vari-

ances for the highest ages and large confidence

intervals for estimates of genetic eigenfunctions. Fur-

thermore, it did not reduce MSE greatly over the

MSE for model M3353, and thus does not appear

advantageous.

Models were compared on the basis of estimated

variances and genetic parameters only. More formal

test criteria exist, but were not calculated. Examples

are the deviance information criterion (Spiegelhalter

et al. 2002), a Bayesian analogue of the information

criteria used in a maximum likelihood framework of

inference, or Bayes factors (Kaas & Raftery 1995).

However, as demonstrated by Jamrozik & Schaeffer

(2002) for different RR models for test-day records

of dairy cows, different criteria can rank models dif-

ferently, and it is not clear which statistic is most

appropriate for the kind of models considered in this

study.

Discrepancies in estimates of genetic variances and

heritabilities from RR and from univariate analyses

are of concern. Clearly, the data utilized in this

study represent a selected sample. In some analyses,

higher estimates for later ages from RR analyses

have been attributed to removal of selection bias

when considering all records simultaneously. How-

ever, for our data with many animals recorded until

almost 2 years of age, this is not a likely explanation,

especially for estimates for ages prior to weaning.

Whilst RR analyses use all records available and thus

different and possibly many more covariances among

relatives than univariate analyses, it is not obvious

that they should identify more genetic variation

between animals. Analyses fitting RR tend to be

more sensitive to systematic differences not fully

modelled than univariate analyses. However, the

fixed effect part of the model differed only slightly

between analyses, with RR analyses fitting a cubic,

orthogonal regression on age at recording while uni-

variate analyses employed a simple linear regression.

Field records of weights of beef cattle have proved

inherently difficult in attempts to estimate covari-

ance functions for growth. Generally, records are

sparsely distributed over ages at recording. Even for

our data set, comprising only weights from a small

proportion of herds with comparatively many

records, few animals had more than four weights

recorded. In addition, records were distributed rather

unevenly, with few calves weighed between birth

and weaning, resulting in a large cluster of records

at the lowest age followed by a period of essentially

no recording, and slowly decreasing numbers at the

highest ages. This imbalance may well have exacer-

bated problems of erratic estimates encountered with

some models. Nobre et al. (2003) found no dramatic-

ally inflated variances at the highest ages for a cubic

RR model when restricting the analysis to animals

without ‘missing’ records. Similarly, for test day

records in dairy cattle, Pool & Meuwissen (2000)

reported a reduction in the number of RR terms to

be fitted and overall improved estimates, when using

records for complete lactations only.

Estimates of covariance functions for data with a

better structure, in particular with more weights

recorded at early ages, exist. Examples are estimates

for experimental data (Meyer 2001) or field data

with frequent recording as for the Brazilian Nelore

data (Albuquerque & Meyer 2001a; Nobre et al.

2003). Whilst variances often differ between popula-

tions, estimates of correlations generally vary com-

paratively little, with differences well within the

limits of sampling errors. It might be advantageous

to combine information from such analyses with

information from field data. In a Bayesian frame-

work of analysis, this could be performed by choos-

ing appropriate priors. However, this might require

alternative parameterization, for instance to variance

functions and correlation functions rather than cova-

riance functions, and other sampling schemes, and

thus might not be straightforward.

Alternatively, we might construct a matrix of

covariances for a grid of ages, covering the complete

range of ages considered. This would use estimates

of variances and correlations from our data for ages

with many records, and combine these with litera-

ture estimates of correlations for ages with few

records. If necessary, ‘missing’ estimates of variances
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could be determined by interpolation (Misztal et al.

2000). A modified covariance function could then be

estimated from this covariance matrix by least-

squares, as suggested by Kirkpatrick et al. (1990). An

example for the covariance matrix among test-day

records of dairy cows is outlined by Misztal et al.

(2000). Legarra et al. (2004) recently presented an

application for weights of beef cattle. A more appeal-

ing approach might be the likelihood procedure pro-

posed by Mäntysaari (1999). In essence, a grid of

covariance estimates among selected ages is treated

as if they were mean crossproducts arising from data,

and equated to their expectations. The corresponding

likelihood function is then readily maximized,

using an expectation-maximization (Mäntysaari

1999; Koivula et al. 2004) or Method of Scoring

(Thompson 1976) type algorithm, constraining the

resulting covariance function estimates to be positive

definite or have reduced rank, if required.

Spline functions have been advocated as alter-

native basis functions to orthogonal polynomials

for RR analysis. Basically, these are piece-wise,

polynomial functions, joined smoothly at selected

points, the so-called knots (Dodge 2003). The

pieces generally have low degree. In the simplest

case, they can be linear. Thus numerical problems

because of high orders of fit are reduced. Re-ana-

lyses of the data in this study are in progress, fit-

ting a number of RR models with basis functions

of B-splines of age at recording as covariables, as

suggested by Rice & Wu (2001). Initial results are

encouraging. Estimates for ages with many records

were essentially the same as those obtained from

analyses regressing on Legendre polynomials of

age. In addition, the incidence of problems of

inflated variance estimates at the highest ages was

greatly reduced, and the leading eigenfunctions

were estimated more consistently.

Conclusions

Random regression analyses accommodate changes

in mean and variance of weights of cattle with age

well, and are thus suited to a unified analysis of

weights at all ages. However, with the current data

structure for weights of beef cattle, the scope for

estimating covariance functions for growth from

field records is limited to relatively simple models.
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Appendix

Estimates of the direct genetic (A), maternal genetic

(M), direct permanent environmental (R), and

maternal permanent environmental (C) covariance

functions for model M3353 were

Aða�i ; a�j Þ ¼ 744:862/0i/0j þ 342:409ð/0i/1j þ /0j/1iÞ
� 38:965ð/0i/2j þ /0j/2iÞ þ 190:979/1i/1j

þ 5:080ð/1i/2j þ /1j/2iÞ þ 19:026/2i/2j

Mða�i ; a�j Þ ¼ 31:787/0i/0j þ 2:635ð/0i/1j þ /0j/1iÞ
� 11:402ð/0i/2j þ /0j/2iÞ þ 1:464/1i/1j

� 0:125ð/1i/2j þ /1j/2iÞ þ 5:075/2i/2j

Rða�i ; a�j Þ ¼ 589:278/0i/0j þ 227:361ð/0i/1j þ /0j/1iÞ
� 11:886ð/0i/2j þ /0j/2iÞ þ 6:999ð/0i/3j

þ /0j/3iÞ � 40:991ð/0i/4j þ /0j/4iÞ
þ 138:898/1i/1j þ 8:609ð/1i/2j þ /1j/2iÞ
� 16:332ð/1i/3j þ /1j/3iÞ � 14:127ð/1i/4j

þ /1j/4iÞ þ 66:337/2i/2j þ 24:170ð/2i/3j

þ /2j/3iÞ � 17:405ð/2i/4j þ /2j/4iÞ
þ 52:669/3i/3j þ 17:832ð/3i/4j þ /3j/4iÞ
þ 33:551/4i/4j

Cða�i ; a�j Þ ¼ 50:023/0i/0j � 2:150ð/0i/1j þ /0j/1iÞ
� 23:131ð/0i/2j þ /0j/2iÞ þ 1:771/1i/1j

þ 2:477ð/1i/2j þ /1j/2iÞ þ 12:157/2i/2j

with /ki denoting the k)th normalized Legendre

polynomial of age a�i , the i)th age at recording stan-

dardized to the interval [)1:1]; e.g. /0i ¼
ffiffiffiffiffiffiffiffi
1=2

p
,

/1i ¼
ffiffiffiffiffiffiffiffi
3=2

p
a�i and /2i ¼

ffiffiffiffiffiffiffiffiffiffi
45=8

p
ða�i Þ

2 �
ffiffiffiffiffiffiffiffi
5=8

p
(Kirk-

patrick et al. 1990).

Corresponding estimates of residual variances for

the 19 classes were 1.26, 49.78, 65.76, 14.90, 16.78,

20.39, 35.13, 72.62, 111.93, 84.60, 100.45, 97.47,

116.01, 157.81, 113.50, 91.88, 161.55, 337.10 and

52.75 kg2.
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