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Abstract:GeneticselectioninpigsthroughBLUPwasverysuccessful.However, strongselection

mainlyongrowthandnumberofbornalivedecreasedfitnessandreducedenvironmentalchangesthat

animalscantolerateespeciallyundersuboptimalenvironments.Additionalchallengesaregeneticdiffer-

encesbetweenpurebreds(selectedanimals)andcrossbreds(commercialanimals), andpossiblydiffer-

entenvironmentsforthesegroupsofanimals.Asuccessfulgeneticselectionatthistimerequirescom-

prehensivedataforalllevelsofthepyramid, multitraitmodelsforavarietyoftraitsincludingcategorical

andsurvival, andsoftwarethatcanimplementcomplicatedmodelswhilesupportinglargedatasets.

ManyprojectsinpiggeneticevaluationarecarriedoutattheUniversityofGeorgia.Thosestudiesare

supportedbysoftwarefamilycalledBGF90.
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　　Foralongtime, purebredpigswereevalua-

tedinanucleusforseveralgrowth, meatquality

andreproductiontraitsincludinggrowth, backfat

andnumberofpigletsalive[ 1] .Theevaluation

wasusingBLUPwithalltraitstreatedaslinear

andalsoassuminganormaldistribution.Ani-

malsdownthepyramidwerenotevaluated;it

wasassumedthatmostifnotallofthegainsof

selectionatthenucleusleveltransferredtothe

commerciallevel.Theselectionbasedonthee-

valuationsseemedtobesuccessfulasallthe

traitsseemedtoimprove.Perhapsthemostcom-

monlyusedsoftwareusedintheevaluationof

pigswasPEST[ 2] .Thissoftwareallowedfora

multitraitevaluationforseveraltraitsofquite

largedatasets.

Later, additionaltraitswereadded, forex-

ampleassociatedwithmeatquality[ 1] .Also, an

effortwasmadetoidentifyQTLsassociatedwith

majortraits[ 3] .Themostwellknowngroupto

utilizemarkersonalargescaleisPigImprove-

mentCompany(PIC).Becausethenumberof

traitsincreasedandmethodologiestoincorporate

geneticmarkersarecomputeintensive, traits

andmarkersarenowanalyzedingroups.

Lately, questionshavebeenraisedwhether

theselectionatthenucleuslevelwasefficientat

thecommerciallevel, whethertraditionalorby

molecularmarkers.AtSmithfield(Culbertson,

personalcomm., 2004), whilegrowthandthe

numberofpigletsincreased, themortalityin-

creased, themeatqualitydecreased, sowspro-



ductivelifedecreased, andsusceptibilitytodis-

easesincreased.Thiswasattributedtolessthan

optimalenvironmentatthosefarms(Rothschild,

personalcomm., 2004).Suchastatementis

supportedbyobservationsinDenmark(Berg,

personalcomm., 2004)wherethegeneticpro-

gressincommercialanimalswasfoundtoclosely

tracethatinthenucleusanimals.InDenmark,

theenvironmentsatthenucleusandthecommer-

ciallevelsaresimilar.However, aninteresting

picturecanbedrawnfromaFrenchexperiment,

wherepigswereinseminatedwithfrozensemen

fromboarsbornin1977 and1998.Daughtersof

youngerboarshad1.6morebornpigletsbuton-

ly0.4 morebornalive.

Therearemanypossiblereasonswhyper-

formancegainsinthenucleusmaynottransfer

welltothecommerciallevel.First, thenucleus

andcommercialenvironmentsmaybedifferent.

Inthiscontext, theenvironmentcontainsanum-

berofattributesincludingnotonlyageograph-

icallocationbutalsotypeofmanagement, feed-

ing, thequalityoflaborandthestockingrate.

Subsequently, animalsmaybenotselectedfor

environmentsinwhichtheyhavetoproduce.In

particular, traitsthatareunimportantandunse-

lectedforinthenucleusmaybeimportantinthe

commercialpopulation.Second, commercialan-

imalsareusually3ormorewaycrosses, andthe

correlationbetweenpurebredsandcrossbredsin

thepresenceofdominanceandepistasismaybe

smallerthanoneandevennegative
[ 4]
.Inbeef

ordairycattle, F1 crossesamongdiversebreeds

areveryproductivewhileothercrossesarenot
[ 5, 6] .Thiswasattributedtorecombinationloss.

Thecorrelationbetweenpurebredsandcross-

bredswasestimatedtobebetween0.20 and

0.99 [ 7, 8] .

Partoftheproblemwithselectioninpigs

couldbeduetoselectionforfewmajortraits

whileignoringother, mostlylowheritablytraits.

Waaijetal.
[ 9]
documentsdecreaseoffitnessin

majorspeciesasaresponsetoselectionmainly

forproduction.Accordingtotheirwork, animals

areselectedforgreatercapabilityforproduction.

Thisway, lessenergyisleftfor“fitness”.In

environmentswheresurvivalrequiresmoreener-

gythanisavailable, themostproductiveanimals

aremorelikelytodieorbecomeunproductive.

Thatgenetically“improved” animalsre-

quirebetterenvironmentwasclearlydocumented

inbroilersbyEitanandSoller
[ 10]
.Overthe

pastfiftyyears, theslaughterageinchickenhas

beenreducedfrom 120 to40 dayswithalarge

improvementinaveragefeedconversionratio.

However, thesecameatacostoflowerfertility,

differentlevelsofsexualmaturityinsexes, and

decreaseddiseaseresistance.Newproblemsare

handledbyimprovedmanagementlikeartificial

light, supplementationofcocks, antibioticsin

foodetc.Underlessthanoptimalenvironment,

the“modern” chickenwouldnotfunctionwell.

Napel[ 11] arguesforcreationofamorero-

bustpig, whichwouldfunctionwellunderava-

rietyofenvironmentsincludingenvironments

changingwithtimeduetoexternalconditions.

Theoriesexisthowtoselectsuchapig[ 12] .

However, a“robust” genotypemaybelesspro-

ductiveinaveryspecializedenvironmentthana

“specialized” genotype.

1　Selectionofprofitablepigs

Inorderfortheselectiontobeprofitableat

thecommerciallevel, thefollowingconditions

needtobemet:(1)Theevaluationneedstoin-

cludealltraitsofcurrenteconomicimportance

includingmortality, diseasesandsurvival.(2)

Theevaluationneedstobeatthelevelofcom-

mercialanimals.(3)Selectionofpurebreds

shouldoccurinsimilarconditionsasincommer-

cialanimals;otherwise, genotypesneedtobe
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flexibleenoughsothattheywouldfunctionwell

acrossenvironments.

Thelasttwoconditionsarerelated.Ifcom-

mercialandnucleusanimalsareraisedindiffer-

entenvironments, thegeneticcorrelationsbe-

tweentraitsofnucleusandpurebredswillbere-

duced.

Theaboveconditionscreaterequirecollec-

tionofcomprehensivedata;thecollectionshould

beatalllevelsofthebreedingpyramidandpos-

siblyindifferentenvironments.Also, newsta-

tisticaltoolsareneededtohandlethecomplexity

ofthedata.Theseincludemethodsformultitrait

evaluationwheresometraitsmaybenon-normal-

lydistributed, censored, andmethodswhere

differencesbetweenpurebredsandvariouskinds

ofcrossbredsareaccountedfor.

2　WorkdoneatUGA

Geneticanalysesandgeneticevaluationcan

bedoneonlyofthereisappropriatesoftwarea-

vailable.Usuallytwotypesofsoftwareareused.

Onetypeisusedforexploratorystudiesandpa-

rameterestimation.Thistypeusuallycanac-

commodateonlysmalldatasets.Anothertypeis

usedforevaluation, whereverylargedatasets

canbeaccommodated, however, withlessflexi-

bilityorpossibilityforparameterestimation.

Whennewtypesofmodelsneedtobesuppor-

ted, animportantfeatureofsoftwareiseaseof

modification.Onlywhenthesourcecodeisa-

vailablethenmodificationstothesoftwarecanbe

done.Dependingondesignofsoftware, thepro-

grammaybeeasier, difficultorevenimpossible

tomodify.LargestatisticalpackageslikeSAS

arenotsuitableforgeneticanalyses.

2.1　PackageBGF90
AsoftwarecalledBGF90 oraBLUPF90

familyofprogramshasbeendevelopedattheU-

niversityofGeorgiatosupportanimalbreeding

researchandgeneticevaluation.Thesoftware

wasdevelopedwiththepurposeofsupportinga

largenumberofmodelsforbothdataandthege-

neticevaluation, withsimplicitythatwouldaid

modificationswhenneeded, andwithreasonable

efficiency(Misztal, 1999; Misztaletal,

2002).Mostofthesoftwareisfreeforresearch

useandisavailableontheWebathttp://nce.

ads.uga.edu/～ ignacy.Thissoftware, whichis

continuouslymodifiedforneedsofnewprojects,

allowsscientistsatUGA andcollaboratorsto

conductnewtypesofanalyses.Manyspecific

methodologiesareavailable.Forexample, for

standardanalyses, AIREMLmethodologyisu-

suallyfastandaccurate.However, forsomean-

alyses, particularlyinvolvingtraitsoflowherita-

bilityandhighgeneticcorrelations, thissoftware

fails.InthiscaseaslowerapproachofEM

REMLisoftenmorereliable.REMLmethodolo-

gyusuallyfailswithalargenumberoftraitsor

whenthedatasizeistoolarge.Inthiscase,

BayesianmethodologiesbasedonGibbssampling

maybeapplicable.Inanalyzeswhereavery

largedatasetiscrucialforobtainingaccuratees-

timates, like forestimation ofnon-additive

effects, bothREMLandBayesianmethodologies

aretooexpensive.Inthiscase, aMethodRmay

beapplicableatacostofsomewhathigherstand-

arderrors.UniquefeaturesofBGF90 areuni-

formityofparameterfilesacrosstheprograms

andavailabilityofprogramsusingiteration-on-

datathatcananalyzeverylargedatasets.For

moredetailedinformationabouttheprogramssee

theAppendix.

2.2　Studiesinpigbreedingoruseful

forpigbreedingatUGA
Thissectionhighlightsworkinnewevalua-

tionmethodsatUGAwithdiscussionofrelevant

issuesespeciallyrelatedtomethodologies.

2.2.1　Jointevaluationofpurebredsand

crossbreds　 Loetal.[ 4] developedatheoryfor
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jointanalysesofpurebredsandcrossbreds.For

allcrossbredsincludingF1 , backcrosses, F2 ,

etc., theirmodelisverycomplicated.However,

thatmodelsimplifiesforaterminalcrossdata

whentheonlypopulationsarepurebredand

F1
[ 13]
.Insuchasituation, eachpurebreedhas

itsownadditiveeffect, andcrossbredshavetwo

correspondingtoparentallines.Additionally,

thedominanceeffectisfit.Suchamethodology

allowsforestimationofgeneticcorrelationsbe-

tweeneachpurebredandF1 andforadifferent

additivevarianceforeachbreedoreachparental

effectineachF1.Necessarysoftwarerequires

theabilitytosupportmultipleadditiveeffects

anddominanceeffect, allofwhicharesupported

byBLUPF90.InastudybyLutaayaetal.[ 7] ,

thismodelwasappliedtoLandrace(breedA)

andLargeWhite(breedB).Thegeneticcorre-

lationsbetweenpurebredsandcrossbreds(rpc)

forlifetimedailygainwere0.99 (A-C)and

0.62 (B-C);forbackfatthecorrelationswere

0.32 (A-C)and0.70 (B-C).Thus, breedA

transmittedtoF1 predominantlydailygainand

breedB predominantlybackfat.Lutaayaet

al.[ 14] alsoevaluatedanimalsbasedonpurebred

onlyoroncombinedpurebred-F1 performance.

Rankingsweresimilarbecausedatabeyond

purebredswasverylimited.Bothstudieshave

shownaneedfordatacollectionbesidethenu-

cleus.Itisdesirabletodeveloparealisticmeth-

odologyforjointevaluationofpurebredsand

crossbredsbeyondF1 ascommercialanimalsare

atleast3 waycrosses.

2.2.2　Geneticanalyzesoffarrowingmor-

tality　Aspigletmortalityisincreasing, thereis

aquestionwhetherthatincreaseisduetore-

sponsetoaselectionongrowthandfecundity.

Arangoetal[ 15] lookedatgeneticparametersfor

farrowingmortality, littersize, andtestperform-

anceofLargeWhitesows.Becausethedistribu-

tionofpigsborndeadisfarfromnormal, this

traitwastreatedascategoricalandanalyzedby

thethresholdmodel;othertraitsweretreatedas

normallydistributed.Estimatesconfirmedthat

selectionforlessbackfatandhighergrowthin-

creasedthenumberofpigsborndead.Tofind

whetherpigsborndeadandbornalivewerege-

neticallysimilartraitsacrossparities, anothera-

nalysisinvolveda6 traitmodel:pigsborndead

in3 paritiesanalyzedascategoricaltraitsand

pigsbornalivein3 paritiesanalyzedaslinear

traits.Analyzingcategoricaltraitsbythethresh-

oldmodelaccountsforincidencedifferences

acrosstimeandfarmsandprovidesmorerealistic

assessmentsofgainsbygeneticselection.All

analyseswerebyTHRGIBBSF90.

2.2.3　Estimationofcompetitiveeffects　

Onereasonwhygeneticgainsforsometraitsdo

nottransferwellfrom nucleustocommercial

couldbecompetitiveeffects.Incommercialen-

vironments, thepigdensityinapenishigh.

Pigsselectedasthefastestgrowingcouldbe

thosewhoarealsothemostdominant.Under

feedrestrictions, suchpigsarelikelytoenforce

theirdominancestatus, causingretardedgrowth

intheremainingpigsinthepen.Thus, theav-

erageperformanceofthepigsinonepenislow.

MuirandSchinckel[ 16] developedatheorytoe-

valuatetheanimalsforgeneralandcompetitive

(orcooperative)effects.Agoodpigwouldbe

theonewhogrowsfastyetdoesnotinhibitthe

capabilityofotherpigstogrow.Arangoetal[ 17]

usedtheirmodelforon-testaveragedailygainof

LargeWhitegilts.Inthismodel, eachobserva-

tioncontainsnotonlytheeffectofapigwiththat

observationbutalsoeffectsofallremainingpigs

inthesamepen.Withpensizesupto16 but

varying, amodelforanobservationcouldcon-

tainupto16 additiveeffects.Also, different

pen size influenced weightsofcompetitive

effects.ProgramsBLUPF90, REMLF90 and

GIBBSF90 handledthecompetitiveeffectmodel
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withoutanymodification.Theestimateofthe

competitiveeffectshadaverylargeerrorbecause

oflargepensizes.Morepreciseestimatescanbe

obtainedwhenpensizesaresmallerandwhen

thecompetitivemodelisrefined.Themodelby

MuirandSchinckelassumesthatcompetitive

effectsareexpressedonthenormalscale.In

fact, theseeffectsareexpressedcategorically:

themostcompetitivepigisthemostlikelytobe-

comedominantwhilealltheremainingpigsare

likelytobepassive.Aworkontherefinement

continues.

2.2.4　Analysesofsowremovaldisposal　

Sowssurviveshorterthaninthepast.Thereare

manyreasonsforsowremoval.Onequestionis

whetherallthosereasonsareindependentgeneti-

cally, oraretheyduetoageneraldeterioration

offitness.Arangoetal.
[ 18]
combinedover40

differentreasonsinto3 generalgroups:repro-

ductiondiseases, andothers.Threetraitscrea-

tedwere:parityatremovalforreproduction

(R), parityatremovalfordisease(D), and

parityatremovalforother(O)reasons.Be-

causeasowisremovedonlyforonereason, only

onetraitisrecordedforeachsow.However, ifa

sowisremovedfromtheherdforonereason, it

meansthatitwasnotremovedforotherreasons,

butmighthavebeenremovedforthosereasons

later.Forexample, ifasowwasremovedfor

diseaseatparity3, herpotentialremovalforoth-

erreasonscertainlydidnothappenatparities1-

2butcouldhavehappenedinparities3 (after

disposingfordisease)orlater.Therefore, one

traitwouldbeobservedandtwocensored:

R≥ 3, D=3, O≥ 3.

　　Eventhoughthereisnodirectobservation

oncensoredtraits, usingcensoreddataallows

onetoutilizemoreinformationandsubsequently

leadstomoreaccurateanalyzes.Anextrabonus

isabilitytoestimategeneticcorrelationsamong

thetraits.InanalysesbyArangoetal.[ 18] , a

multitraitprogramGIBBS2F90 wasmodifiedto

allow censoring;thenew program wasnamed

GIBBSC90.Estimatedgeneticcorrelationsamong

alltraitswerehighindicatingthatageneralde-

creaseinfitnessiscausinglowsowsurvival.

Ingeneral, traitslikeproductivelifewould

bebestanalyzedbyasurvivalmodel[ 19] .Such

amodeltakesintoaccountrisksofdisposalat

eachunitoftimeandinherentlytakesaccountof

censoring.However, atthistime, thesurvival

modelcannoteasilybeusedinmultitraitmodels

orinmodelswithananimaleffectexceptin

smalldatasets
[ 20]
.

2.2.5　Changesingeneticparameterover

time　Inmostevaluationsystems, itisassumed

thatgeneticparametersstayconstantovertime.

Thismeansthatvariancesandgeneticcorrela-

tionsdonotchange.Tsurutaetal.
[ 21, 22]

ana-

lyzedupto25traitsinHolsteincows.Theana-

lysesusedprogramGIBBS2F90, whichsupports

largenumberoftraits.Manygeneticparameters

changedgreatlyoveraperiodof20 years.Some

geneticcorrelationschangedfrom positiveto

negative.Themostlonglivedanimals20 years

agomilkedwellandweretall.Now, longliving

animalsareshorterandarenotnecessarilythe

highestproducingbuthavegoodreproduction.

Thisisbecausethegeneticselectionoverthe

yearsproducedcowsthataretallerthantheopti-

mum.Also, cowsselectedasmostproductive

haveworsereproductionandmorehealthprob-

lemsthantheaverage.

Environmentschangeovertime, andthe

changesincreaseimportanceofsometraitswhile

decreasingthevalueofothertraits.Forexam-

ple, manyfarmsaregettinglargerandeachani-

malreceiveslessindividualattention.Subse-

quently, ongoinghealthproblemsmaynotbede-

tectedintimeandheatmaynotbeobserved.

Bothofthesefactorsincreasetheimportanceof

immuneresistanceandfertility.
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Changinggeneticparametersovertimeil-

lustratelimitedvalueofveryolddatainpredic-

tingthegeneticvaluesofcurrentanimals, and

theneedfortimeadjustmentsinmodelsusedfor

geneticevaluations.Theneedforadjustments

maynotberealizedunlessspecifictestsare

made.Forinstance, dairybullsformanybreeds

areevaluatedgloballybyInterbull(http://

www.interbull.org).Thisorganizationcombines

geneticevaluationsfromindividualcountriesinto

evaluationsthattakeintoaccountdatafromall

thecountries.Toguaranteequalityevaluations

fromeachcountry, Interbullrequiresthattheir

evaluationspassmanytests.Evaluationsfrom

manycountriescouldnotpassthetestsbeforeof-

tencomplicatedtimeadjustmentsweremade.

Oftenthechangesreducedtheestimateofgenet-

ictrendinhalforeventonone[ 23] providingless

optimisticassessmentoftheselectionworkdone

sofar.

3　Recommendations

Useofimportedlinesisjustifiableiftheen-

vironmentfromtheimportingcountriescanbe

duplicated. Otherwise, a genetic selection

schemewouldselectanimalsbestsuitedforalo-

calenvironment.Arecordingschemeneedsto

besetupthatincludesmajortraitsofeconomic

importancewithemphasisonthoselimitingpro-

ductivitylocally.Traitsunderrecordingneedto

beanalyzedwithamodelthatcanfullyaccount

fortheircomplexity.Theselectionrequiresare-

searchcomponentsothatcurrentchallengesare

identified, modelsaremodified, andnewgenet-

icevaluationsprovided.
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Appendix

Thetab.1 describescomputerprogramavailableat

UGAforproblemsassociatedwithquantitativegenetics,

moleculargeneticsandgeneticevaluation.Allprograms

arewritteninFortran95.Mostprogramsaremodifica-

tionsofaBLUPprogramcalledBLUPF90.Thedesign

ofthatprogramhasbeendescribedinclassnotesfora

courseon“ComputingMethodsinAnimalBreeding”

taughtasADSC8200attheUniversityofGeorgia;this

coursehasalsobeentaughtasashortcoursebyI.Mi-

sztalonfivecontinents.Mostoftheprogramsareavail-

ableathttp://nce.ads.uga.edu/ ～ ignacy/newpro-

grams.html.

Tab.1　Computerprogram

type
1)
program description features

Ⅰ

BLUPF90

CalculatesBLUPformultipletraitmod-

els;supportsmissingtraitsanddifferent

modelsforeachtrait

Matriceskeptinmemory;solutionsbyit-

erationorbysparsematrixfactorization;

suitableforsmalltomediumdatasets

REMLF90
VariancecomponentestimationbyEM

REML

Slowbutreliable;workswithrandomre-

gressionmodelsonlyifstartingvaluestoo

largeandnottoosmall

AIREMLF90
VariancecomponentestimationbyAI

REML

UsuallymuchfasterthanREMLF90;less

reliableforsomemodels

AIREMLRES
Asabovebutwithestimationofheteroge-

neousresidualvariances
ByT.Druet

QXPAK
JointanalysisforpolygenicandQTL

effects
ByM.Perez-Enciso
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ContinuedTab.1

type
1) program description features

Ⅰ

CBLUP90
Solutionsforbi-variatelinear-threshold

model
Thresholdsnotcomputed

CBLUP90THR
Solutionformultipletraitmodelswithone

categoricaltrait
Thresholdscomputed

GIBBSF90

Variance componentestimation using

BayesianmethodsandGibbssampling;

blocksampling

Createsnewmatriceseveryround;simple

butslow

GIBBS1F90 Asabovemodifiedforspeed

Setsmatricesonlyonce;muchfasterthan

GIBBSF90 especiallyforlargenumberof

traits

GIBBS2F90
Asabovebutaddsjointsamplingofcor-

relatedeffects

Fastermixingformaternalandrandom

regressionmodels

GIBBS3F90
Asabovewithsupportforheterogeneous

residualvariances

POSTGIBBSF90
Graphicalanalysesofsamplesfromthe

GIBBSfamilyofprograms

Versionwithgraphicsversionavailable

forLinux

Ⅱ
MRF90

VariancecomponentestimationbyMeth-

odR

ByT.Druet;supportsverylargedata

sets

Ⅲ

THRGIBBSF90

Variancecomponentestimationforany

numberofcategoricalandlineartraits;

usesBayesianmethods

ByD. K. Lee; a modification of

GIBBS2F90

THRGIBBS1F90 Simplifiedversionofabove

ByS.Tsuruta;mucheasiertocorrect

thanabovebutsomefeaturesnotimple-

mented

GIBBSCF90
Variancecomponentestimationformulti-

ple-traitlinearcensoredmodels
ByJ.Arango

RENUMF90
Renumberingforanimaleffectsandlarge

datasets

Supportsmultipleadditiveeffects;elimi-

natesunnecessarypedigrees;onlybina-

riesavailableontheWebsite

Ⅳ

BLUP90IOD
AsBLUPF90 butwithsupportforvery

largedatasets
ByShogoTsuruta

CBLUP90IOD
AsCBLUP90THRbutwithsupportfor

verylargedatasets

ACCF90
Approximationofaccuraciesformultiple

traitmodelsverylargedatasets
Maternaleffectssupported

　1)Ⅰ :ProgramsavailableontheWeb;Ⅱ:Programsbelowavailablebyrequest;Ⅲ:Programsunderdevelopment;

Ⅳ:Programsavailableonlyunderresearchagreement
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Exampleofaparameterfile

Thisisanimplementationofaterminalcrossmodelforjointevaluationoftwopurebreds(AandB)andF1

(AB)byLoetal.
[ 13]
andusedbyLutaayaetal

[ 7]
.

Model

breedA:　ya=cga+　　ua　　　　　　+ea

breedB:　yb=cgb+　　　　　 ub +eb

F1: yab=cgab+ uaab+　ubab +eab
Datafile(data cross)

1.cgA(85 levels)

2.cgB(110levels)

3.cgcrossbred(87levels)

4.animal-breedA(2 400animals)orparentfrombreedA

5.animal-breedB(3 000 animals)orparentfrombreedB

7.ya

8.yb

9.yc

Pedigreefiles

pedig AforbreedAandpedig BforbreedB

Parameterfile

#Exampleofaterminal-crossmodel

DATAFILE

data-cross

NUMBER OF TRAITS

3

NUMBER OF EFFECTS

3

OBSERVATION(S)

6　7　8

WEIGHT(S)

EFFECTS:POSITIONS IN DATAFILENUMBER OF LEVELSTYPE OF EFFECT

1　2　3　110 cross　　　　 !contemporarygroupeffect

4　0　4　2400crosscross !additiveeffectofbreedA

0　5　5　3000cross !additiveeffectofbreedB

RANDOM RESIDUALVALUES

100　0　　0

0　 100　0

0　 0　 100

RANDOM GROUP

2

RANDOM TYPE

add animal

FILE

pedig A

(CO)VARIANCES
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40　0　30

0　 0　0

30　0　50

RANDOM GROUP

3

RANDOM TYPE

add animal

FILE

pedig B

(CO)VARIANCES

0 　0 　0

0　 50　 30

0　 30　 40

40　 30
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译文

数量遗传学方法应用于国家猪育种计划

IgnacyMISZTAL
(UniversityofGeorgia, Athens, GA30605 USA)

摘要:利用 BLUP对猪进行遗传选择非常成功.不过 , 由于对猪生长和产活仔数的高度选择降低了适应性 ,削弱了个

体在不良环境下的应变能力.此外 , 还面临包括纯种(育种群)和杂种(商品群)间的遗传差异 ,以及这些群体所处环

境差异等方面的挑战.目前 , 成功的遗传改良需要利用金字塔育种体系中所有群体的综合信息 , 包括不同性状的多

性状模型 , 如分类性状和生存性状 , 以及可以处理各种大批量数据为基础的复杂模型的软件.在乔治亚大学已经开

展了多个猪遗传改良计划研究 ,这些研究所用的软件称为 BGF90系列软件.

关键词:数量遗传学;育种软件;国家猪育种计划

　　长期以来 ,对核心群纯种猪进行评估的性状包

括生长性状 、肉质性状和繁殖性状 ,如生长速度 、背

膘厚和窝初生活仔猪数等
[ 1]
.BLUP把所有性状当

作线性来处理 ,而且假定它们服从正态分布.金字塔

下层的个体是不进行评定的 ,这时假定几乎所有的

核心群选择进展都传递到了商品群.利用这种方式

评估基本上是成功的 ,因为所有性状都得到了改良.

猪育种中最常用的软件可能是 PEST
[ 2]
.这种软件可

以利用多性状 BLUP模型处理大量数据.

随后 ,评估时增加了其他的性状 ,比如 ,与肉质

有关的性状.还有 ,可以利用与主要性状相关联的

QTL信息
[ 3]
.众所周知大规模利用标记的组织是 PIC

集团.因为遗传评定的性状数量增加了 ,以及结合了

遗传标记的信息 ,计算比以前更为复杂 ,因此性状和

标记数据是分组进行分析的.

最近 ,人们开始怀疑 ,无论是传统方法还是增加
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