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Abstract � Recordsfor birth andsubsequent,monthly weightsuntil weaningon beefcalves
of two breedsin a selectionexperimentwere analysed�tting randomregressionmodels.
Independentvariableswere orthogonal(Legendre)polynomialsof ageat weighing in days.
Ordersof polynomial �t up to 6 were considered. Analyseswere carried out �tting sets
of randomregressioncoef�cients due to animals' direct and maternal,additive geneticand
permanentenvironmentaleffects,with changesin variancesdueto temporaryenvironmental
effectsmodelledthroughavariancefunction,estimatingupto 67parameters.Resultsidenti�ed
similarpatternsof variationfor bothbreeds,with maternaleffectsconsiderablymoreimportant
in purebredPolledHerefordsthana four-breedsynthetic,theso-calledWokalups.Conversely,
repeatabilitieswerehigherfor the latter. For both breeds,heritabilitiesdecreasedafter birth,
beinglowestwhenmaternaleffectsweremostimportantaround100daysof age.Estimatesat
birth andweaningwereconsistentwith previous,univariateresults.

covariancefunctions / early growth / modelling / beefcattle / maternal effects

1. INTRODUCTION

Randomregression(RR) modelsand the associatedcovariancefunctions
(CF) have beenadvocatedfor theanalysisof �traits� measuredrepeatedlyper
individual. They facilitatemodellingchangesin thetrait underconsideration
over time andin its (co)variancestructure.Applicationsso far have concen-
tratedon theanalysisof testdayrecordsof dairy cows [4,8,12�14,30,31,34,
35,37,39,40]. Otherwork consideredgrowth andfeedintake in pigs [3,36],
feedintake andlive weightsin dairy cattle [41] andweightsof maturebeef
cows [24,25].
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Previousapplications�tted at mosttwo setsof RR coef�cients peranimal,
namelydueto animals' direct geneticandpermanentenvironmentaleffects.
Early growth of mammals,however, is subjectto substantialmaternaleffects
in addition,both geneticandenvironmental. Estimationof maternaleffects
hasbeenfound inherentlyproblematic,even for �standard�, univariateana-
lysesof traits suchasbirth or weaningweight. Extensionof RR modelsto
includematernaleffectsis conceptuallystraightforward. However, inclusion
of additionalsetsof RRcoef�cients toaccommodatematernaleffectsincreases
thecomplexity of correspondinganalysesconsiderably, especiallyif we want
to distinguishbetweengeneticandpermanentenvironmentalmaternaleffects.
This paperpresentsa RR analysisof weightsof beefcalvesfrom birth to just
afterweaning,attemptingto separatedirectandmaternalcovariancefunctions.

2. MATERIAL AND METHODS

2.1. Data

Recordsoriginatedfrom a selectionexperimentin beefcattlecarriedout at
theWokalupresearchstationin WesternAustralia.Thisexperimentcomprised
two herdsof about300cows each. The �rst werepurebredPolledHereford
(PH), and the other a four-breedsyntheticformed by mating Charolais�
Brahmanbulls to Friesian� Angusor Friesian� Herefordcows,theso-called
�Wokalups� (WOK), seeMeyer et al. [26] for details. Managementof the
experimentcomprisedshortmatingperiods(naturalservice)of 7 to 8 weeks,
resultingin the bulk of calvesbeingborn during April andMay eachyear.
Calveswereweighedat birth andsubsequently, from July to late December
or early January, at monthly intervals. This resultedin up to nine weight
recordsper calf. Calves were weanedbetweenmid- Novemberand early
Januaryeachyear, i.e. the last weight representeda post-weaningweight in
mostyears.Variationin weaningdateswasnecessitatedbyseasonalconditions
� thedataincludedseveralyearsof drought. Consequently, annualmeansin
ageat weaningrangedfrom 182 to 246days,with overall meansof 211and
214daysfor PHandWOK, respectively.

Dataselectedconsistedof birth andsubsequent,monthlyweightsfor calves
bornbetween1975and1990.This yielded21272and22230weightsfor PH
andWOK, respectively. Basiceditseliminatedrecordswith implausibledates
orweights.In addition,changesin weightsbetweenindividualweighingswere
scrutinised.Thenumberof animalsin thedatawassuf�ciently smallto allow
questionablesequencesof recordsto be inspectedindividually. Apparently
aberrantrecords,in particularrecordsclearly out of sequence,identi�ed on
basisof bothaveragedailygainasaproportionof themeanweightandabsolute
changein weight,weredisregarded.In doingso,allowancewasmadefor large
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Figure 1. Numbersof records(dark grey bars: Polled Hereford, light grey bars:
Wokalup)andmeanweights(� : PolledHereford,� : Wokalup)for individualages,in
weeklyintervals.

variationin gainbetweenbirth andthe�rst post-natalweightandanincreased
chancefor adecreasein weightsbetweenNovemberandDecemberrecordings
duetoweaningstress.Limits wereestablishedbasedonmeansanddistributions
of averagedaily gainsfor eachmonthlyweighing(acrossyears).Changesin
averagedaily gains as proportionof the meanas large as � 1:3% to 3:9%
betweenbirth and �rst weighingand � 0:8% to 1:7% betweenweightspre-
andpostweaningwereallowed, while correspondingchangesbetweenother
monthlyweighingswererestrictedto � 0:3%�0% and1:2%to 2:0%.

Figure 1 shows the distribution of recordsover agesat weighing. Ages
rangedup to 297 days. However, therewere few recordsafter 280 daysof
age. Thesewerethuseliminatedto avoid problemsdueto small numbersof
recordsper subclass.This left 21053and21807 recordsfor PH andWOK,
respectively, on 3417 (PH) and3768 (WOK) animals. Birth weightswere
available for almostall calves (3406 for PH and 3727 for WOK). Further
characteristicsof thedatastructurearegivenin TableI.

2.2. Preliminary analyses

�Standard� univariate,animal model analyseswere carriedout to assess
changesin variancecomponentsdueto directandmaternaleffectswith age.
Theseconsideredsinglerecordsper animalonly. Recordswereselectedfor
target agesat fortnightly intervals with a separateclassfor birth weights.
This yielded19 partially overlappingdatasetswith agesof 0, 2�35, 21�49,
35�63; : : : 245�259 and245�280 days.

Two analyseswerecarriedout for eachdataset. The �rst �tted a model
with permanentenvironmentalmaternaleffectsin additionto animals'additive
geneticeffects only (Model U1). The secondmodel includedboth genetic
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Table I. Characteristicsof thedatastructure.

PolledHereford Wokalup

Totalno. of records 21053 21807
No. of animalswith records 3417 3768
With 1 record 276 526
With 2 records 449 478
With 3 records 117 116
With 4 records 196 224
With 5 records 145 104
With 6 records 139 184
With 7 records 133 194
With 8 records 1404 1379
With 9 records 558 563
No. of animalsin analysis.a/ 3794 4553
No. of sires.b/ 174 189
No. of dams.c/ 1023 1460
No. of contemporarygroups 2152 2192
Rankof X .d/ 2168 2208
Mean 138.1 155.9
SD 79.1 87.7

.a/ Includingparentswithout recordsanddummyidentitiesfor unknown dams.

.b/ With progeny in thedata.

.c/ With progeny in the data, including dummy damsassignedfor animalswith
missingdamidentities.
.d/ Coef�cient matrix for �x edeffects.

and environmentalmaternaleffects (Model U2). Correspondingvariance
componentswere estimatedby REML. Differencesin likelihoodsfor each
pairof analyseswereusedto assesstheimportanceof maternalgeneticeffects,
and the ability to separateenvironmentalandgeneticmaternalcomponents.
Fixedeffectsfor univariateanalyseswereasfor RRanalyses(seebelow), with
a linearregressiononageatweighing�tted within sex in addition.

2.3. Randomregressionanalyses

2.3.1.Fixed effects

Mean age trendswere taken into accountby a �x ed, cubic regression
on orthogonalpolynomialsof age(in days). Preliminaryinvestigationshad
shown higherordersof �t to yield virtually no reductionin residualsumsof
squares,presumablydueto a closeassociationbetweenageat recordingand
contemporarygroupsubclasses.Thesameorderof �t for the�x edregression
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on agewas consideredthroughout,making REML likelihoodsfor different
ordersof �t of RRdirectlycomparable.

Other �x ed effects �tted were similar to those�tted in earlier, non-RR
analysesof birth, weaningand later weights for thesedata [26]. These
included contemporarygroups(CG), de�ned as paddock-sex of calf-year-
weighingnumber(1 to 9) subclassesanda birth type(singlevs. twin) effect.
Damagewasmodelledasa yearlyageclasseffect. As in previousanalyses,
Wokalupsweretreatedasa breedandno speci�c crossbreedingeffectswere
�tted.

2.3.2.Randomeffects

All RR models�tted Legendrepolynomials(e.g. [1]) of ageat recording
(in days)asindependentvariables.Ordersof polynomial�t up to k D 6 were
considered.Polynomialsincludedascalarterm,i.e. involvedpowersof ageup
to �v e. RR analyses�tted a setof k regressioncoef�cients for eachrandom
effect considered,up to four in total. For simplicity, k wasinitially chosento
bethesamefor all factors.

The �rst setof analyses�tted threesetsof RR coef�cients, namelydueto
animals'directgeneticeffects(A), dueto animals'permanentenvironmental
effects(R) anddueto dams'permanentenvironmentaleffects(C) (ModelG1).
The secondset�tted a fourth setof RR coef�cients in addition,namelydue
to maternalgeneticeffects (M) (Model G2). Both modelsincorporatedall
pedigreeinformationavailable,assumingdirect andmaternalgeneticeffects
(A andM) weredistributedproportionallyto thenumeratorrelationshipmatrix
betweenanimals.

Whencomparingordersof �t of polynomialequations,it is recommended
to considerthe next higherorderof �t involving the sametype of exponent
(oddversuseven)[10], p. 182�183. For instance,if a cubicpolynomial�tted
the data,the linear coef�cient was likely to explain a signi�cant amountof
variation while the quadraticterm might contribute nothing. Hencek was
initially increasedin stepsof 2, startingat a cubic regression(k D 4), as
preliminaryanalysesshowedlinear(k D 2) andquadratic(k D 3) regressions
to beclearly inadequateto modelthevariationin thedata[23]. Ordersof �t
greaterthank D 6 werenot examinedaspreliminarywork hadalsoindicated
thatthiswouldbeunnecessarilyhigh.

Further analysesconsideringdifferent ordersof �t for the four random
effectswherecarriedout subsequently, with thechoiceof modelsdetermined
by resultsof the earlieranalyses.The aim in doing so wasto determinethe
minimumorderof �t requiredfor eachrandomfactor, andthusdeterminethe
mostparsimoniousmodeldescribingthedata.
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2.3.3.Additional analyses

Resultsfrom the randomregressionanalysesraisedquestionsabout the
in�uenceof postweaningweights,aswell asrecordsatthehighestagesandbirth
weightsontheminimumordersof �t required.Hence,additionalanalyseswere
carriedoutfor PH,consideringsubsetsof thedata.First,asweaningdateswere
known, all weightstakenpostweaningwereeliminated.In addition,weights
atlateages(> 250days)werediscardedandanimalswith birth weightrecords
onlywhichweredeemedtocontributelittle informationwereomitted.Thisleft
19399recordson 2865animals,with 3260animalsin theanalysisand2014
�x edeffectslevels(rank2011)in themixedmodelequations.Secondly, birth
weightrecordsandrecordsup to 14 daysof ageweredisregardedin addition,
reducingthedatato 16438recordson 2863animals,with 3260animalsand
1727�x edeffects(rank1723)in theanalysis.

2.3.4.Model of analysis

More formally, this gave a model of analysisfor yij , the j-the recordon
animali of

yij D Fij C
3X

mD0

bmvm.a�
ij / C

X

Q

kQ� 1X

mD0

bQmvm.a�
ij / C f ij (1)

with a�
ij denotingtheageatrecordingfor yij , standardisedtotheinterval [� 1 V1]

for which Legendrepolynomialsarede�ned, andvm.a�
ij / the corresponding

m-th Legendrepolynomial. Fij representedthe �x ed effectspertainingto yij ,
and bm the coef�cients of the �x ed, cubic regressionmodelling meanage
trends. bQm wasthem-th randomregressioncoef�cient for theQ-th random
effect,with Q standingin turn for A, R andC for modelG1,andfor A, M, R
andC for modelG2,andkQ thecorrespondingorderof polynomial�t. Finally,
f ij denotedtheresidualerror.

2.3.5.Varianceand covariancefunctions

Parametersestimatedin RR analyseswere the matricesof covariances
betweenRRcoef�cients:

KQ D Var

0

B
B
@

bQ0

bQ1
:::

bQ kQ� 1

1

C
C
A (2)

CovariancesbetweenRR coef�cients pertainingto different randomfactors
wereassumedto bezerothroughout.
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Elementsof KQ are the coef�cients of the covariancefunction de�ning
covariancesbetweenany two agesin the data for the Q-th randomeffect
(e.g. [28]). Hence,estimatedcovariancesbetweenrecordsfor animali atages
aij andaij0 are

sQ jj0 D
kQ� 1X

mD0

kQ� 1X

nD0

vm.a�
ij /vn.a�

ij0/KQ mn D
kQ� 1X

mD0

kQ� 1X

nD0

�
a�

ij

� m �
a�

ij0
� n

oQ mn (3)

with KQ mn denotingthemn-th elementof K Q, andOQ D
�
oQ mn

	
de�ning the

Q-th covariancefunction[16,22].
In addition, (1) allowed for temporaryenvironmentaleffects or �meas-

urementerrors�, f ij . Thesewereconsideredto be independentlydistributed
throughoutwith variancess2. Commonlyit is assumedthat thesevariances
are homogeneous,consistentwith the conceptof a true measurementerror
affectingall observationsequally. Preliminaryanalyses,however, hadclearly
shown that this assumptionasinadequate[23]. Hences2 wasconsideredto
changewith age,with changesdescribedby a polynomialvariancefunction
(VF)

s2
j D s2

0

Ã

1 C
vX

rD1

br
�
a�

ij

� r

!

(4)

with s2
j thevarianceatthej-thage,s2

0 denotingthemeasurementerrorvariance
at themeanage(0 on thestandardisedscale)andbr thecoef�cients of theVF.
TheVF hasv C 1 parameters,comprisingthev coef�cients br ands2

0.
An alternative VF entailsregressionof the logarithm of the varianceon

age(e.g. [7,11,33]). This of particularinterestas it allows an exponential
increasein variancewith timetobemodelledparsimoniouslybyasimplelinear
regression.Moreover, in contrastto (4), it doesnot requireany constraintson
thecoef�cients of thepolynomialregressionto beimposed.

s2
j D exp

(

s2
00

Ã

1 C
vX

rD1

br
�
a�

ij

� r

!)

(5)

with s2
00 D logs2

0.

2.3.6.Estimation

Estimateswereobtainedby restrictedmaximumlikelihood(REML) using
program�D XMRR� [21], employingacombinationof averageinformation(AI-
REML) andderivative-freealgorithmsto locatethemaximumof thelikelihood.
REML estimationof covariancesbetweenRR coef�cients is analogousto
multivariateestimationin �standard�(i.e. non-RRM)analyses[22].
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AI-REML algorithmsfor thelatterhavebeendescribedbyMadsenetal. [18]
andMeyer[20]. Additionalcalculationsrequiredto estimatetheparametersof
aVF for measurementerrorvarianceswith anAI-REML algorithmareoutlined
in theAppendix.

Searchfor themaximumof thelikelihoodwasinvariablyslow. With highly
correlatedparameters,severalrestartswererequiredfor eachanalysis.TheAI-
REML algorithmtendedtoperformlesswell thanin equallydimensioned,non-
RR multivariateanalyses.If estimatesof covariancematriceshadeigenvalues
lessthan 0.001thesewereset to an operationalzero (10� 7) andestimation
was continued�xing thesevalues,effectively forcing estimatedmatricesto
have correspondinglyreducedrank (r) (see[22]). Generally, this resultedin
improvedconvergenceof theiterativeestimationprocedure.

2.3.7.Model selection

Fit of different modelswas comparedby examining estimatedvariances
(s2

A: direct,additivegeneticvariance,s2
M: maternal,additivegeneticvariance,

s2
R: direct, permanentenvironmentalvariance,and s2

C: maternal,perman-
ent environmentalvariance)for agesin the dataand comparingmaximum
likelihoodsand informationcriteria for eachanalysis. To accountfor non-
standardconditionsattheboundaryof theparameterspace[38] in carryingout
likelihoodratio tests(LRT), differencesin logL werecontrastedto c 2 values
correspondingto twice theerrorprobabilityof a D 5%.

Informationcriteria comprisedthe REML forms of Akaike's Information
Criterion (AIC) and Schwarz' BayesianInformation Criterion (BIC). Let p
denotethenumberof parametersestimated,N thesamplesize,r.X/ therank
of thecoef�cient matrixof �x edeffectsin themodelof analysis,andlogL be
theREML maximumlog likelihood. The informationcriteriaarethengiven
as[43]

AIC D � 2logL C 2p (6)

and
BIC D � 2logL C plog

�
N � r.X/

�
. (7)

3. RESULTS

Numbersof recordsandmeansfor individual ages(weekly intervals) are
shown in Figure1. Almost all animalshadbirth weightrecords(not shown).
Growth for both breedswas approximatelylinear. While there was little
differencein sizeat birth, WOK calvesgrew fasterthroughoutthanPH with
means(SD) of 157.5(88.1)and138.6(79.1)kg, respectively. Corresponding
SDareshown in Figure2. Valuesfor bothbreedswereagainverysimilarand
increasedsteadilywith age,bothon theobservedscaleandfor dataadjusted
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Figure 2. Standarddeviations(SD) andcorrespondingcoef�cients of variation(CV)
for weightsat individualages(in weeklyintervals)for raw data(� : PolledHereford,
� : Wokalup)anddataadjustedfor �x edeffects(� : PolledHereford,� : Wokalup).

for least-squaresestimatesof �x edeffects.Thelatterrepresentsthepatternof
variationto bemodelledby theestimatedcovariancefunctions.Corresponding
coef�cients of variation(CV), decreasedwith age,i.e. variancesincreasedless
thanmightbeanticipateddueto scaleeffects.Exceptfor thehighestages,CVs
werethusconsistentlyhigherfor PHthanWOK.

Dueto computationalrequirements,only limited comparisonsbetweendif-
ferentordersof �t couldbecarriedout. As suggestedby resultsfrom prelim-
inaryanalyses[23], only RRduecoef�cients dueto permanentenvironmental
maternaleffectswas�tted initially (Model G1). Resultsfrom �standard�(i.e.
non-RR)analysesof birthandweaningweightsin beefcattle,comparingdiffer-
entmodelsof analyses,oftenshowedthat,when�tting onlyoneof thematernal
effects,thisis likely to �pick up� mostof thetotalmaternalvariation,i.e. dueto
bothgeneticandpermanentenvironmentaleffects(e.g. [19]). It wasassumed
thatthesamepatternin partitioningof variationwouldapplyfor RRManalyses.

For bothbreeds,a model�tting Legendrepolynomialsto orderk D 6 for
all threerandomeffects, denotedby 6066 in the following (the four digits
correspondingto theordersof �t for A, M, R andC, respectively), andacubic
VF for measurementerrorvariances(v D 3) � involvingatotalof 67parameters
to be estimated� wasconsideredmorethanadequateon the basisof earlier
results[23].
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Estimatedcovariancesamongregressioncoef�cients from theseanalyses
(k D 6066,v D 3) showedlittle variationin thequarticandquintic regression
coef�cients for directgeneticandevenlessfor maternal,environmentaleffects.
Analyseswere thus repeatedreducingthe order of �t for theseeffects to a
cubic regression,while still �tting a quintic regressionfor direct, permanent
environmentaleffects(i.e. k D 4064). BIC (seeTab. II) for bothbreedswere
smallerfor this model, i.e. suggestedthat 45 (ratherthan67 parametersfor
k D 6066)suf�ced to describethepatternof variationin thedata.

A numberof additionalanalysesinvolving differentcombinationsof cubic
andquinticpolynomialregressionsfor thedifferentrandomeffects(k D 4044,
4064and6064)werecarriedout subsequently. In addition,analyses�tting
modelG2 consideredordersof �t k D 4444,4464and6464. In doing so,
choicesof k wereguidedby resultsfrom analysescarriedout so far, andnot
all modelswere�tted for bothdatasets.

Valuesfor logL and correspondinginformationcriteria for the different
analysesare given in Table II. As for univariateanalyses,�tting maternal
geneticeffects for WOK did not increaselogL signi�cantly (k D 4464vs.
k D 4064). Valuesfor logL for WOK werehighestfor themodelinvolving
mostparameters(k D 6066)thoughnotsigni�cantly higherthanfor k D 6064.
The information criteria too suggestedthat a cubic regressionfor maternal
environmentaleffectssuf�ced (k D 6064).

In contrast,�tting modelG2insteadof G1for PHyieldedamarkedincrease
in logL , consistentwith resultsfrom univariate analyses. LRT and both
informationcriteria suggestedthat of the modelsexaminedso far, a quintic
regressionfor bothdirecteffectsandacubicregressionfor bothmaternaleffects
(k D 6464)�tted bestfor PH.Resultsfromthisanalysisfoundlittle variationin
thecubicregressioncoef�cient for maternal,permanentenvironmentaleffects.
Reducingthe order of �t accordingly, i.e. to k D 6463 did not reducethe
likelihoodsigni�cantly.

Furtheranalyseseliminatedthe highestorder RR coef�cient for random
factorswith comparatively small variances(around1). Whilst this tended
to causea signi�cant decreasein logL , correspondingBIC valuesdecreased
which suggestedthat the reducedmodelwasadequateandprovided a more
parsimoniousrepresentationof thecovariancestructurein thedata.As shown
in TableII, logL andtheAIC favouredordersof �t of k D 6463for PH and
k D 6064for WOK, with 62and56parameters,respectively.

It followsfrom (6) and(7) thatBIC imposesamuchmorestringentpenalty
for thenumberof parameters�tted thanAIC. For ourdata,thefactorlog

�
N �

r.X/
�

wascloseto 10 (9.85for PH and9.88for WOK), i.e. almost�v e-fold
thatfor AIC. This let modelswith k D 5163and47 parametersandk D 5062
with 43parametersto beselectedas�best� for PHandWOK, respectively.
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TableII. Log likelihoodvalues(logL , C45400for PolledHerefordandC49100for
Wokalup)andcorrespondinginformationcriteria(AIC: AkaikeInformationCriterion,
BIC: BayesianInformationCriterion,both� 90800for PolledHerefordsand� 98200
for Wokalups)for analyseswith differentordersof polynomial�t (k, �gures in bold
denotingbestmodelidenti�ed by eachcriterion).

k .a/ v.b/ p.c/ Polled Hereford Wokalup
r .d/ logL AIC BIC r logL AIC BIC

3042 3 23 3032 � 437:6 921.2 1102.5
3062 3 34 3052 � 99:2 266.5 534.5
4042 3 27 4042 � 419:6 893.2 1106.1
4044 3 34 3033 � 440:0 948.1 1214.9
4044 3l 34 3033 � 462:5 993.0 1259.8
4062 3 38 4052 � 81:2 238.4 538.0
4064 3 45 3053 � 220:4 530.9 884.0 4054 � 69:8 229.6 584.3
5042 3 32 5032 � 191:8 447.6 699.9
5052 3 37 5042 � 138:7 351.5 643.2
5053 3 40 5043 � 128:7 337.4 652.7
5061 3 41 5051 � 86:6 255.2 578.4
5062 3 43 5052 � 39:4 164.9 503.9
5063 3 46 5053 � 92:9 277.8 638.7 5053 � 29:1 150.1 512.8
5064 3 50 5054 � 28:2 156.4 550.6
6064 3 56 5054 � 14:8 141.5 583.0
6066 3 67 5044 � 160:6 455.1 980.8 5055 � 6:2 146.4 674.6
3163 3 38 3152 � 148:4 372.9 671.1
3263 3 40 3252 � 141:1 362.3 676.1
3243 3 29 3232 � 363:8 785.6 1013.1
4243 3 33 4232 � 349:1 764.2 1023.1
4444 3l 44 3332 � 375:4 838.9 1184.1
4464 3 55 4352 � 122:7 355.4 787.0 4153 � 66:4 242.9 676.4
4263 3 44 3252 � 141:3 370.6 715.8
5243 3 38 5242 � 224:2 524.3 822.5
5253 3 43 5252 � 207:6 501.1 838.5
5262 3 46 5251 � 145:6 383.3 744.2
5163 3 47 5152 � 87:4 268.7 637.5 5153 � 27:9 149.9 520.4
5263 3 49 5252 � 81:2 260.5 644.9
5363 3 52 5352 � 80:2 264.4 672.4
5453 3 50 5343 � 205:0 510.0 902.3
5463 3 56 5352 � 74:3 260.7 700.0
6463 3 62 5352 � 59:9 243.9 730.4
6464 3 66 5352 � 58:5 249.0 766.8

.a/ Orderof �t for directadditivegenetic,maternaladditivegenetic,directpermanent
environmentalandmaternalpermanentenvironmentaleffects,respectively.
.b/ Numberof regressioncoef�cients in variancefunction for measurementerror
variances;l denotinglog-linearmodel.
.c/ Numberof parameters.
.d/ Rankof coef�cient matricesestimated;numberscorrespondto thosefor k.
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Reducingthe order of �t for direct additive geneticeffects to a cubic
regression(k D 4263 vs. k D 5263 for PH, k D 4062 vs. k D 5062 for
WOK) or eliminatingthe quintic regressioncoef�cient for direct,permanent
environmentaleffects(k D 5253vs. k D 5263for PH,k D 5052vs. k D 5062
for WOK), however, clearly resultedin a lessappropriatemodel. Similarly,
decreasingthe orderof �t for maternal,permanentenvironmentaleffectsby
one(k D 5262vs. k D 5263for PH,k D 5061vs. k D 5062for WOK), didnot
provide suf�cient scopeto modelchangesin variationwith time any longer,
resultingin substantiallyhigher informationcriteria. Reducingthe orderof
�t for direct effectsby two often resultedin a somewhat higherBIC thana
reductionof one(k D 5253andk D 5243vs. k D 5263for PH,k D 4263and
k D 3263vs. k D 5263for PH, k D 4062andk D 3062vs. k D 5062for
WOK, but not k D 5052andk D 5042vs. k D 5062for WOK), suggesting
that thecubicregressioncoef�cients for directgeneticeffectsandthequartic
coef�cient for direct, permanentenvironmentaleffects in PH wereof lesser
importance.

Whilst BIC wassmallestfor k D 5163for PH,thismodelimpliedaconstant
maternalgeneticvariance(of 4:1 kg2) for all ages.With phenotypicvariances
increasingwith ages,this would yield a maternalgeneticheritability with
maximumvalueatbirthanddecreasingsteadilywith age.Clearly, this�choice�
wasdueto thestringentpenaltyfor thenumberof parametersimposed,yielding
anonly marginally higherBIC if maternalgeneticeffectswereomittedfrom
themodelaltogether(k D 5063).It emphasizedthatthedatadidnotsupportan
accuratepartitioningof maternaleffectsinto their geneticandenvironmental
components,in spiteof thefactthatit containeda sizeablenumberof records
for calves born after embryotransfer[26], which were expectedto reduce
samplingcorrelationsbetweenthe two maternaleffects. Such patternsof
variationassuggestedby modelsk D 5163or k D 5063,however, clearly
disagreedwith univariateanalysesandor expectations,basedon themultitude
of analysesreportingestimatesof maternalgeneticvariancesfor birth and
weaningweightsavailable in the literature. Hencemodel k D 5263 with
slightly higherBIC and49 parameterswasconsideredmostappropriatefor
PH,andtreatedas�best� in thefollowing.

Cubicvariancefunctionswereselectedto modelchangesin measurement
error varianceswith time, again basedon preliminaryanalyses[23]. Initial
comparisonsbetweena model�tting a VF for log.s2/ ratherthans2 showed
the latter to be advantageous(higher logL ). Hencefurther analyseswere
carriedout �tting acubicVF for s2.

3.1. Covariance functions

Estimatesof covariancematricesbetweenRR coef�cients (K Q for Q D
A; M; R; C) and correspondingcorrelationsare summarisedin Table III for
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k D 5263for PH andk D 5062for WOK. Theresultingcovariancefunctions
(OQ, see(3)) aregivenin TableIV. In all cases,interceptsof thepolynomial
regressionswere most variable,and therewere strongpositive correlations
betweenthe interceptand the linear coef�cient. Conversely, correlations
betweenthe interceptandthe quadraticregressioncoef�cient werenegative
exceptfor KA for WOK, rangingfrom moderateto high.

StrongcorrelationsbetweenRRcoef�cients causedoneeigenvalueof estim-
atedcovariancematricesfor direct,permanentenvironmentaleffects(K R) tobe
essentiallyzero.Fitting bothmaternaleffectsfor PHresultedin anestimateof
KM with onenegligible eigenvalue.The�rst eigenvaluefor all CF dominated
throughout,indicatingthata largeproportionof thetotalvariationis explained
by the�rst eigenfunctionof eachCF.

EstimatedVF for measurementerrorswere

s2
j D 8:9047

�
1 C 1:4270a�

ij C 2:3629
�
a�

ij

� 2
C 1:3762

�
a�

ij

� 3
�

and
s2

j D 11:9729
�
1 C 1:4356a�

ij C 1:0105
�
a�

ij

� 2
� 0:0794

�
a�

ij

� 3
�

(in kg2) for PH(k D 5263)andWOK (k D 5062),respectively.

3.2. Geneticparameters

Estimatesof variancecomponentsfor the agesin the dataare shown in
Figure3, for boththebestmodelasdeterminedby BIC andby AIC andlogL .
Correspondingestimatesof geneticparametersaregivenin Figure4.

Estimatesof variancecomponentsfollowedasimilarpatternfor bothbreeds,
but differed in magnitude. Direct componentswere consistentlyhigher for
WOK thanfor PH. Therewaslittle differencein valuesfrom thebestmodel
(k D 5263for PH andk D 5062for WOK) andthe modelselectedusinga
LRT or AIC (k D 6463andk D 6064,respectively). Differencesin estimates
betweenthetwo modelswerelargestfor s2

M in PH,wheretheorderof �t was
reducedfrom acubicto a linearregression.

Estimatesof s2
A, s2

M ands2
C showedreasonableagreementwith correspond-

ing univariateestimates,exceptfor s2
A in PH.For bothbreeds,estimatesof s2

P
from RRmodelanalyseswereconsistentlyhigherthantheircounterpartsfrom
univariateanalyses,increasinglysowith increasingage.Thisdiscrepancy was
slightly largerfor PHthanWOK, presumablydueto higherestimatesof s2

A.
Heritability . Estimatesof s2

A increasedlessthans2
P for the�rst 120days,

resultingin adecreasein estimatesof thedirectheritability(h2) afterbirth,with
aminimumfor bothbreedsatabout100daysof age.ForWOK, estimatesof h2

showedgoodagreementwith their univariatecounterparts.For PH, however,
estimatesfrom RR analyseswereconsistentlyhigherexceptat birth, dueto
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Figure3. Estimatesof phenotypic(s2
P), directadditive-genetic(s2

A), directpermanent
environmental(s2

R), maternalgenetic(s2
M), maternalpermanentenvironmental(s2

C)
and measurementerror (s2) variances,from randomregression(� : Model with
minimum BIC, � : Model with minimum AIC) and correspondingunivariate (� )
analyses.
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Figure 4. Estimatesof direct (h2) and maternal(m2) heritabilities,and direct ( p2)
andmaternal(c2) permanentenvironmentaleffectsfrom randomregressionanalyses
(� : Model with minimum BIC, � : Model with minimum AIC) andcorresponding
univariateanalyses(� ), for PolledHereford(left) andWokalup(right).
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higherestimatesof s2
A. In partthismightbeexplicableby increasedsampling

variationin themoredetailedmodels(G2) �tted. Whencomparingestimates
of h2 for PH from modelsG1 (not shown), resultsfrom thedifferenttypesof
analysesagreedalmostaswell asfor WOK.

Repeatability. Direct,permanentenvironmentaleffects( p2) explainedonly
about12%of variancein birth weights,but increasedsteeplyin the�rst month,
reaching32%(PH) and45%(WOK) at 31 daysof age. For WOK, estimates
of p2 increasedfurther, reaching53%around3 monthsof age,while estimates
for PH increasedslowly, reachinga value of 38% around8 months. The
increaseandsubsequentdeclinein estimatesof p2 for WOK betweenabout2
and6monthsof agewasabsentin PH,suggestingthatsamplingvariationin the
partitioningof thebetweenanimalvariationinto its geneticandenvironmental
componentsmayhavecontributedto overestimateof s2

A andh2.
Estimatesof therepeatability(t D h2 C p2, not shown) exhibitedmarkedly

lesschangeswith agethanh2 andp2. This is again indicative of a negative
samplingcorrelationbetweendirect geneticand permanentenvironmental
effects. For both breeds,t peaked at about one monthsof age (65% for
PH,82%for WOK), declinedto aminimumof 57%atabout4 monthsfor PH
and77% at 5 monthsfor WOK, andthenincreasedagain to 62% (PH) and
80%(WOK) at8 monthsof age.

Maternal effects. Maternaleffectswereconsiderablymore importantin
PHthanin WOK. Estimatesof s2

C for PHwereconsistentlylargerthanof s2
M.

Valuesfor c2 D s2
C=s2

P increasedsteadily from birth to about3 (PH) to 4
(WOK) monthsof age,beinghighestwhendirect geneticeffectswere least
important,anddecreasingslowly fromthere.Smallincreasesin estimatesafter
day250wereaccompaniedby correspondingdeclinesin estimatesof s2

P, pre-
sumablyre�ecting reducedvariationfor theseageswith few records(cf. Fig.1).
Estimatesof thematernalgeneticheritability(m2) for PHvariedlittle over the
rangeof agesconsideredand showed reasonableagreementwith estimates
from univariateanalyses.As for c2, anincreasein estimatesafter250daysof
agewasconsideredto beanartifactof a decreasein s2

P dueto smallnumbers
of records.

3.3. Corr elations

Estimatesof directgenetic(rA), directpermanentenvironmental(rR), mater-
nal genetic(rM), maternalpermanentenvironmental(rC), andphenotypic(rP)
correlationsamongtheagesin thedatafor PH(k D 5263)areshownin Figure5.
Whilst variancecomponentsfor individual effectsdifferedmarkedly for the
two breeds,patternsof correlationswerevery similar. Takingcorrelationsas
depictedin Figure5 (2-dayintervalsfrom 0 to 10days,5 dayintervalsfrom 10
to 280days)andconsideringthelower triangleof thecorrelationmatrix only
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Figure 5. Estimatesof direct additive genetic(rA), direct permanentenvironmental
(rR), maternaladditive genetic(rM), maternalpermanentenvironmental(rC), and
phenotypic(rP) correlationsfor PolledHereford(�tting k D 5263with v D 3).

yielded1770valueswith averagesquareddifferencesin estimatedcorrelations
of 0.0025for rA, 0.0020for rR and0.0013for rP.

Genetic Corr elations. Additive geneticcorrelationsdecreasedsteadily
with increasinglag in age� yielding a rathersmoothcorrelationsurface�
to a minimum betweenbirth and 280 days of 0.60 for PH and 0.70 for
WOK. Previous,bivariateanalysesconsideredbirthandweaningweights,with
averageagesat weaningof 211and214daysfor PH andWOK, respectively.
Estimatesof rA fromananalysis�tting bothgeneticandenvironmental maternal
effects(ModelG2) were0.69for PH and0.74for WOK [26]. Corresponding
estimatesfrom theRR analysisat averageagesagreedclosely, with 0.67and
0.71for PH andWOK, respectively. Similarly, correspondingestimatesof rP

were0.51(PH)and0.54(WOK) for previous,bivariateanalysesand0.53(PH)
and0.55(WOK) for RRanalyses.

Permanent envir onmental correlations. For mostages,estimatesof rR

decreasedagain with increasingtime betweenrecords,correlationsforming a
planedescendingsteadilyfrom the diagonalridge at unity. For both breeds,
however, therewere�spikes�atthecornerscorrespondingto theveryyoungest
and very earliestages. Presumablythis was due to numericalproblems�
RR �tted for this randomeffect involved agesto the power 5. Higher order
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polynomialsarenotoriouslyproblematicin this respect.Problemsareexacer-
batedin areasinvolving fewestpairsof recordsandfurthestfrom the mean.
CFshavepreviouslybeenobservedto �misbehave� at theextremesof theages
considered[15,22,24],especiallyathigher� in particularunnecessarilyhigh�
ordersof polynomial�t.

Sizeablevariancesof higherorderRR coef�cients for permanentenviron-
mentaleffectsdueto animals(Tab. III) suggestedthoughthat theorderof �t
of k D 6 for this sourceof variationwasnot excessive. This wascon�rmed
by a substantialdecreasein logL whenreducingtheorderof �t to a quartic
polynomial(seeTab. II: k D 5253vs. k D 5263for PH andk D 5052vs.
k D 5062for WOK). Whilst a strongerassociationbetweenearly post-natal
weightswhich wereleastsubjectto maternaleffectsandweightsat the latest
ages,representingmostly post-weaningrecords,than with the intermediate
weightsis perceivable,estimatesof rP did notshow thispattern,indicatingthat
thespikeswereanartifactof combinedeffectsof samplingvariation,reduced
variationat thehighestages,low numbersof recordsfor pairsof extremeages
andhighordersof polynomial�t.

Maternal correlations. Themeansquareddifferencein estimatesof per-
manentenvironmentalmaternalcorrelations(rC) betweenbreeds,calculatedas
above,was0.0037.Estimatesof rM for PH weremoresimilar to estimatesof
rC in WOK thanthoseof rC (in PH).Whenpoolinggeneticandenvironmental
covarianceestimatesfor PHandcalculatinganoverallmaternalcorrelation,the
meansquareddifferencewith rC for WOK wasreducedto 0.00085.Estimates
of maternalcorrelationsformedaplateaucloseto unity fromabouttwo months
of age(onemonthfor rC for PH), indicatingthat maternaleffectson weight
from thatageonwardswereessentiallyidentical. Estimatesof rM andrC (for
PH) betweenweightsat birth and211dayswere0.57and0.66,respectively,
comparedto valuesof 0.48and0.69from previousanalyses[26].

3.4. Additional analyses

As shown in Figures1 and2,calvestendedto grow almostlinearlyupabout
8monthsof agewith correspondinglyincreasingvariances.Henceresultsfrom
RR analyseswhich suggestedthat quarticor even quintic polynomialswere
necessaryto modelgrowth till just afterweaningweresurprising.Additional
analysesfor subsetsof PH recordswere carriedout to investigate possible
causesfor this phenomenon.Restrictingagesin the datato 250 daysand
omitting any weightsrecordedaftertheactualweaningdate(19399records),
however, did not yield a reductionin theorderof �t required. Scaledvalues
for logL (C41400)andBIC (� 83000)were� 56:3 and91:1 for k D 5263,
� 147:9 and215:6 for k D 5253,� 213:8 and298:6 for k D 4253,� 268:4 and
359:0 for k D 4243,� 113:2 and116:9 for k D 3263,and� 281:6 and346:4
for k D 3243, respectively. Estimatesof variancecomponentsand genetic
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parametersfor k D 5263werevirtually identicalto thosefor thecompletedata
setup to 200 days. Between200 and250 days,estimatesof s2

A somewhat
lower, peakingatabout250kg2 around230to 250days.

Eliminatingbirth weightsandweightsatveryearlyages(prior to 14daysof
age)in addition,reducedthedatato16438recordson2863animals.However,
it still did not allow theoverall orderof polynomial�t to bereduced.Scaled
valuesfor logL andBIC were8:0 and54:2 for k D 5263,� 99:4 and163:4 for
k D 5243,� 43:0 and469:9 for k D 3263,and� 191:2and260:7 for k D 3243,
respectively, i.e. differencesin information criteria betweenk D 5263 and
modelswith lower ordersof �t weresomewhat reduced. Variancesfor the
fourthand�fth RR coef�cient for A andthe�fth RR for R wereconsiderably
lower than in the completedata(seeTab. III), rangingfrom 0.5 to 0.8. An
analysisfor k D 5263but omitting the fourth coef�cient for A andthe �fth
coef�cient for R reducedthe numberof parametersto 38, which decreased
logL to � 22:6 but reducedBIC to 9.9. Omittingthe�fth coef�cient for R for
modelk D 3263,however, did notproveadvantageous(BIC 174.2),indicating
that the quartic coef�cient for A accommodatedsomevariation due to the
omittedquarticcoef�cient for R in theformeranalysis.

Estimatesof s2
A for this subsetwere consistentlylower than found for

analysesincluding birth weight records,and up to 180 daysof ageagreed
considerablybetterwith univariateresults. Estimatesof the othervariances
werelittle changed,with a slight increasefor thematernalcomponentsat the
youngerages.This resultedin somewhatlowerestimatesof s2

P. Nevertheless,
from 180 days onwards s2

P estimateswere still markedly higher than for
univariateanalyses,similar to the patternobserved for WOK. As shown in
Figure6, thisyieldedmarkedlychangedheritabilityestimates,in particularfor
theyoungestages.Similarly, estimatesof m2 andc2 (notshown) wereslightly
increased,in particularfor c2 between30and130daysof ageestimatesfor the
subsetagreedvery closelywith correspondingunivariatevalues. Therewas
little differencein h2 estimatesfor modelk D 3263andk D 5263,suggesting
thata quadraticregressionmight suf�ce if birth weightswereexcludedfrom
theRR analysis(or perhapsincludedin a bivariateanalysiswith birth weight
asa trait with singlerecordsandaRRmodelfor weightsatotherages).

Yet,thereappearedtobeconsistent,higherorderenvironmentalvariationfor
directeffects.Thedataoriginatedfromaresearchstationwith ahighlyseasonal
patternof rainsandthuspastureavailability, winter rainsbeingfollowed by
almostcompletesummerdroughts. As emphasizedabove, onsetof summer
conditionsvariedbetweenyears,with weaningdatesvaryingaccordinglyfrom
earlyNovemberto earlyJanuary, whilst calvingdatesremainedconstant.As
notedfor theanalysisof matureweightrecordsfor cowsin thisexperiment,ana-
lysis within contemporarygroupsremovessystematicdifferencesin weights,
but notnecessarilydifferencesin seasonallyinducedvariation[25]. It hasto be
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Figure6. Estimatesof directheritabilityfor PHfromrandomregressionanalyseswith
k D 5263for all records(� ), recordsup to 250 days(� ), andrecordsfrom 14�250
days(� ), respectively, with k D 5263omittingselected(seetext) coef�cients (4 ) and
k D 3263(N) for recordsfrom 14�250 days,andunivariateanalyses(� ).

assumedthatthevariationin higherorderRRcoef�cients for direct,permanent
environmentaleffectssimilarly re�ects differencesin seasonalvariation.

4. DISCUSSION

4.1. Parameter estimates

Whilst thereis aplethoraof studiesconsideringgeneticparametersfor birth
andweaningweightsin beefcattle(see,for example[17,29] for reviews),post-
natalweightstill weaningareseldomexamined.Distinctdifferencesbetween
breedsin theimportanceof maternaleffectshave beenreported.In particular,
permanentenvironmentaleffectsin Herefordsareoftenfoundbealmosttwice
asimportantthanin otherbreeds,estimatesof c2 for weaningweight in the
20%to 30%rangebeingcommon.

Resultsidentify similarbreeddifferences,with estimatesof c2 for PHabove
20%between40 and230daysof age,while estimatesfor WOK wereconsid-
erablylower. Breeddifferencesin the importanceof maternalenvironmental
effects appearto be most importantduring the �rst 5 months. Moreover,
highestvaluesfor c2 occurearlierfor PH(around2�4 monthsof age)thanfor
WOK (around4�5 months).Largematernaleffectsin Herefordsarecommonly
attributedto limited milk productionin thisbreed.Means(� SD) for 14-hour
milk production,measuredby theweigh-suckle-weighmethodin Augusteach
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year, i.e. atanaverageageof calf of about4 months,were3.6(� 1:6) kg for PH
and4.9(� 1:9) kg for WOK [27]. It hasbeenspeculatedthatthesubstantially
largermaternaleffectsin Herefordsaredueto an earlierdeclineof lactation
curvethanin otherbreeds.DifferencesbetweenPHandWOK in ageatwhich
highestc2 estimateswerefoundareconsistentwith suchhypothesis.

A seriesof univariateanalysesof earlyweightsin BrazilianNelorecattle,
basedon large numbersof records,identi�ed similar trendsin estimatesof
geneticparameters.In particular, therewasa correspondingdeclinein direct
heritabilitiesafterbirth anda peakin theimportanceof maternaleffectsprior
to weaning[2]. Estimatesof m2 variedlittle from 2 monthsof agetill weaning.
Ignoringaslightincreaseafter250days,m2 washighestatweaning,indicating
thatweaningweight recordedat about200 daysof agerepresentedthe most
heritableselectioncriterionfor maternalability.

High orderpolynomialregressionswererequiredto modelchangesin vari-
ability with ageadequately, in particularfor direct,permanentenvironmental
effects.It wassuspectedthatthiscouldbeduetothefactthataproportionof the
latestweightsrepresentedpost-weaningweights,but eliminatingsuchrecords
did not yield to a reductionin orderof �t necessary. On theotherhand,low
orderpolynomialregressionsareknown to provide a poor �t for trajectories
with asteepinitial increasewhichthenleveloff toapproachanasymptote,such
asgrowth curves([5], p. 102). Whilst thepartof thegrowth curve considered
here(birth to weaning)wasstill far from theasymptoterepresentedby mature
weight,thisintrinsicbehaviourof polynomialregressionsmayhavecontributed
to thehighorderof �t needed.

Problemswith overestimatesof additivegeneticvarianceswereapparentfor
PHbut notWOK whenbirth weightswereincludedin theanalysis.Bothherds
weremanagedin thesamewayandbothdatasetshadasimilarstructure.Why
suchproblemsshouldarisefor PHbut notWOK is notclear.

4.2. Model selection

Therehasbeenconcernthat useof LRT to determinethe �best� model
to �t the datamight favour overparametrisedmodels. This lead to the use
of informationcriteria� sometimesalsoreferredto aspenalisedlikelihoods�
whichadjustfor numberof parametersestimatedandsamplesize.Asshown in
Figures3and4,estimatesof variancecomponentsandgeneticparametersfrom
modelsselectedonthebasisof BIC differedonly little from thoseobtainedby
modelswith thesigni�cantly highestlogL (or minimumAIC) while reducing
thenumberof parametersby17for PHand13for WOK.ThissuggeststhatBIC
or relatedcriteriashouldbeemployedratherthanLRTsin selectingmodelsfor
randomregressionanalysesinvolving multiple randomeffects.
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4.3. Alter nativemodels

Resultsindicate that a relatively high order of �t is requiredto model
individual variationin growth to just over 9 monthsof agethroughregression
on orthogonalpolynomials. Separationof direct andmaternal,geneticand
environmentaleffectsrequiredasmany asthreeto four randomeffectsto be
considered.Fitting a quadraticto quintic polynomialfor eachandestimating
thecorrespondingcovariancesamongRRcoef�cients resultedin a largenum-
berof parametersto beestimated.Consequently, computationalrequirements
for theanalysespresentedwereextensive, mostrequiringweeksto complete.
Furthermore,problemsof samplingvariationandcorrelationandin separating
individualcomponentswereevident.

Whilst capableof modelling variation in growth adequately, polynomial
regressionsmay not be the most appropriatefunctions. Standardgrowth
curves,e.g. Gompertzfunctionsor Brody's curve,however, aremoresuitable
for dataincludingmatureweightsandoftendon't �t well earlyin life. Future
researchshouldinvestigatealternative, more parsimoniousmodels. On the
one hand, thesecould include parametriccurves (linearisedif applicable)
or splines,similar to applicationsto model test day yields in dairy cattle
(see[4] and [42], respectively). On the other hand,theremay be scopeto
reducethenumberof parametersby modellingthewithin animal,permanent
environmentalcovariancestructureinvokinga parametriccorrelationfunction
describedby oneor two parametersin conjunctionwith a variancefunctionto
allow for heterogeneousvariances(e.g. [6,32,33]).

5. CONCLUSIONS

Randomregressionmodelsallow changesin traitsandtheir variancesover
time to bemodelled,andthusappearpreferablefor thegeneticevaluationof
beefcattleover thecurrentmultivariateapproachwhich,somewhatarbitrarily,
de�nes recordsto be differenttraits for differentrangesin ageat recording.
However, thisrequiresaccurateestimatesof covariancefunctionfor bothdirect
andmaternalgeneticeffects.Thisstudypresenteda �rst attemptatestimating
covariancefunctionsfor maternaleffectsonearlygrowth of beefcattle.

Randomregressionanalysesof early growth data, separatingdirect and
maternaleffects, are feasiblealbeit computationallyvery demanding. Fur-
thermore,analyseswereaffectedby numericalproblemsin �tting high order
polynomials,andproblemsof estimatinga largenumberof highly correlated
parameters.As such,randomregressionanalysesof growth datasubjectto
maternaleffectscannotyetberecommendedasa routineprocedure.

Regressionon orthogonalpolynomialsproved well capableof modelling
changesin the trait analysedandit' s variability with time, althoughanunex-
pectedlyhigh order of �t was necessary. Variancefunctions provided an
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effectiveandparsimoniouswayto accommodatemeasurementerrorvariances
increasingwith age.

Resultsidenti�ed breeddifferencesin the magnitudeand peak time of
importancefor maternaleffects, but very similar patternsof correlations.
Implicationsfor aRRmodelgeneticevaluationschemearethatthesemightbe
modelledthroughcommoncorrelationfunctionswhilstdifferencesin variances
couldbeaccountedfor throughbreedspeci�c variancefunctions.
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APPENDIX

Averageinformation (AI) REML algorithmsdescribedin the literature
generallyconsiderthe casewherethe variancematrix (V) of the vector of
observationsis linearin theparameterstobeestimated.In thatcase,derivatives
of V consistof sparsematriceswith non-zeroelementsof unity and, more
importantly, secondderivativesof V arezeroandtheexactaverageof observed
andexpectedinformationis readilycalculated.If this is not thecase,Gilmour
et al. [9] suggestto approximatetheexactaverageby a �simpli�ed average�
whichapproximatesthesecondderivativesof thedatapartof thelog likelihood
with its expectation(which is thesameasymptotically).Computationally, this
is equivalent to ignoring the extra termsdue to non-zerosecondderivatives
of V.

Let R D Diagfs2
i g denotethe diagonalmatrix of measurementerror vari-

ancespertainingto thevectorof observations,with i D 1; : : : ; N, andthei-th
weight recordedat ageaij . As outlinedin Meyer [20], termsrequiredin an
AI-REML algorithm are the �rst derivatives of R� 1 and of logjRj. For R
modelledby a VF asgiven in (4) and(5), with a�

ij denotingthe standardised
ageat recordingfor thei-th observation,theseare:
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