


Conclusions

Although possibly advantageous within an advanced breeding population, reducing marker

density cannot be recommended for carrying out GS in conifers. Significant LD between

markers and putative causal variants was not detected using 50,000 SNPS, and GS was

enabled only through the tracking of relatedness in the populations studied. Dramatically

increasing marker density would enable said markers to better track LD with causal variants

in these large, genetically diverse genomes; as well as providing a model that could be used

across populations, breeding programs, and traits.

Introduction

With genotypingcostsat thelowesttheyhaveeverbeen(andstill on adecreasingtrajectory),
genomicselection(GS)becomesanever-moreviableoption for foresttreebreeders.This
shouldsubsequentlyresultin beneficialgainsto theindustry in termsof improvedwoodqual-
ity, yieldperunit time (generationalturnover),andstresstolerance(biotic andabiotic)[1,2].
In adeviationfrom marker-assistedselection(MAS) [3], ratherthanattemptingto identify
significanttrait-loci relationships,GSemploysall availablemarkerinformation simultaneously
to predicttraitsperformance[4]. GSexperimentalresultshavebeenpromisingto date,with
predictionaccuracieshigherthanthoseof MAS[5].

Oneof themajordeterminantsof GSsuccessis therelationshipbetweeneffectivepopula-
tion size(Ne) andmarkerdensity[6]. FalconerandMackay[7] succinctlydescribeNe asthe
numberof randomlymatingindividualsthatwouldcausetheobservedinbreedingrateof a
population.Asaresultof inbreeding,which ismorelikely at lowNe, allelefrequenciesbecome
skewed.In thissituation(at lowNe) certainindividualshaveanincreasedchanceto reproduce,
causinggeneticdrift astheir genesarepassedmorefrequentlyonto thenextgeneration[6].
Overtime andovermultiple generationsof theseconditionsthoseallelesmaybecomefixed,as
geneticdiversitydecreases[7]. LowNe populationsaresubjectto strongerdrift, which in turn
isoneof themajordriving forcesinfluencinglinkagedisequilibrium(LD) betweenloci.Lower
Ne populationshavehigherLD, andthisLD betweenmarkersandtrait QTLsisessentialfor
thepredictionof trait performancefrom markers[6]. Thesuccessof GSishighlydependent
on themarker-QTLLD andthis is largelydeterminedby theextentto whichthetraining and
validationpopulationsarerelated.A certainamountof cautionisalsorequiredduring the
implementationof GSasLD will decaysubsequentto everyround of breeding,dueto recom-
bination,althoughthiscanbeovercomebyemployingdensemarkerarrays.It shouldbe
emphasizedthatGSmayrequirealternativedeliverymethodsfor treeimprovement,asthe
currentseedorchardproductionpathwayandits sexual-productionmodeeffectivelybreaks
downthemarker-QTLLD. Lin etal.[6] point out thatNe canbeartificially reducedbyusing
half-sibor within-family populations.This isagoodtechniqueto useon outbredspecies,such
asforesttrees,whenapplyingGS.

Thedeterminationof thenumberof markersrequiredfor GSis largelybasedon theoccur-
renceof LD, which in turn isdeterminedbypopulationstructureandNe. Solbergetal.[8] did
someinitial investigationsinto markerdensityeffect,comparingtwo typesof marker:SSR-like
multiallelicmarkersversusSNP-likebiallelicmarkers.Theyfoundageneralincreasein predic-
tion accuracyasmarkerdensityincreasedin relationto Ne, howevertheyfailedto reachapla-
teauwith thenumbersavailable(2Ne SSRmarkersperMorganor 8Ne SNPmarkersper
Morgan).Meuwissen[9] proposedthataminimum of 10NeL markersshouldbeusedto obtain
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accuratepredictionsin GS,whereL is thetotal lengthof thegenomein Morgans.AsLin etal.
[6] discuss,thisshouldmeanthat for apopulationof outbreedingapple(Malus sp.)treeswith
anassumedNe of 1,000andagenomeof approximately13Morgans,130,000markersarenec-
essaryfor accurateGSpredictions.HoweverKumaretal.[10] successfullycarriedout GSin
applevarietyMalus domestica Borkhwith anaccuracyof 0.7,usingonly 2,500markers.This
canbeattributedto thebi-parentaldesignused[9]. Within-family designscallfor fewermark-
erssincelarger(but fewer)chromosomalsegmentsaresharedby familymembers,andit is
thesethatneedto betracked[11]. GrattapagliaandResende[12], usingadeterministic
approachfound that for GSto beeffective,amarkerdensityof ~2 markers/cMis required
whenNe isno greaterthan30andlargerNe mayrequireup to 20markers/cM.Yethigher
markerdensitiesmayberequiredfor situationsin whichthetraining andvalidationpopula-
tionsarenot derivedgeneticallyfrom thesamebasepopulation[9]. UsingGrattapagliaand
Resende's[12] calculations,andanassumedmaplengthof 2,000cM [13±16],weshouldaim
to use4,000markersfor investigationsinto Douglas-fir(Pseudotsuga menziesii Mirb.
(Franco))with anNe ~21.Bythesamereasoningweshouldaim to useup to 40,000markers
for anInterior spruce(Picea glauca (Moench)Vossx Picea engelmannii ParryexEngelm.)
population,with anNe ~93.IndeedHoweetal.[17] concludedthatadensityof 2.5markers
percM (5,000SNPs/2,000cM), shouldprovideeffectiveGSresultsin populationsno larger
thanNe ~30.Thesenumbers,for populationswith lowNe, arein line with Meuwissen's[9]
determinationthat10NeL markersshouldbeusedasaminimum, whichgivesus
10×21×20= 4,200markersfor Douglas-fir.Yetusingthesamecalculationfrom Meuwissen[9]
for Interior spruce,givesusarecommendedminimum of 18,600markers,lessthanhalfof that
recommendedbyGrattapagliaandResende's[12] calculation.

Ma etal.[18] investigatedtheeffectof markerselectionon predictionaccuracyof GSin
soybean(Glycine max L.).Theytestedthreemethodsof markerselection:randomsampling,
haplotypeblockanalysis,andevenlysamplingmarkers.Theyfound that for plantheight,only
marginaldifferencesin predictionaccuracywereobtainedwith thethreesamplingmethods.
However,for grainyield,thehaplotypeblockanalysisout-performedtheothertwo methods
byabout4%.Thispreselectionmethodoffersacomprehensive,yetcost-efficient,option for
implementingGSby reducingthenumberof SNPsrequiredto justoneSNPperhaplotype
blockplusthosenot containedwithin blocks.However,anin-depthunderstandingof the
structureandLD acrossthegenomeis requiredfor this.For this reason,wehaveconcentrated
only on therandomsamplingmethodfor Douglas-firandInterior sprucewherecurrent
genomeassembliesarehighly fragmentedandnot conduciveto analysesof genomewidepat-
ternsof LD.

Thetwo speciesstudiedherearerepresentativeof full-sib (Douglas-fir)andhalf-sib(Inte-
rior spruce)populations.Their differing pedigreestructureshouldbereflectedin thepredic-
tion accuraciesweobtainthroughGS.Previously,usingfull-sib families,GSprediction
accuracyhasbeenshownto bemoderateto high in general[19,20],andin Douglas-firspecifi-
cally[21]. This isconsideredto bearesult,primarily, dueto longrangeLD arisingfrom the
increasedlevelsof relatednesswithin families.ShortrangeLD isnot consideredastronginflu-
encein thesecircumstances.Bycomparison,usinghalf-sibfamilieshaspreviouslyresultedin
low to moderateGSpredictionaccuraciesin general[22], andin Interior sprucespecifically
[23,24].HigherNeandsubsequentlylowerLD arethoughtto impedepredictionaccuraciesin
studiesbasedon thesehalf-sibpopulations.LargerNe leadsto morerecombinationandthere-
foremorediversitywithin apopulation.Drift associatedwith smallpopulationsizeisnot asig-
nificant factorundertheseconditions(open-pollinatedandhighlyoutcrossingspecies)and
subsequentlydo not significantlycontributeto thebuild-up of LD. Nonetheless,ascanbeseen
in Fig1,highGSpredictionaccuraciesarenot exclusiveto full-sib studiesandvice versa.
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It is,however,becomingseeminglymoreapparentthatperhapsLD isnot themaindriving
forcein all GSstudies[21,30].Studiesconcerningthosespecieswith largergenomesmayfind
that relatednessratherthanLD is themostimportant factorinfluencingpredictionaccuracies.
AsdelosCamposetal.[31] describe,thesuccessof GSreliesuponthesimilarity of therealised
genomicrelationshipsat themarkerandQTL levels.Thenumberof independentlysegregat-
ing segmentsdeterminesthecoefficientof variationof theserelationshipsacrossthegenome.
In unrelatedindividuals,this isaproductof population-wideLD whereasbetweenfamily
members,this isaproductof within family disequilibrium.Hereweinvestigatetheeffectof
markerdensityon GSpredictionaccuracyin two coniferspecies(Douglas-firandInterior
spruce)with differing pedigreestructures(full- andhalf-sibfamilystructure).Themain
underlyingassumptionof GSstudiesis thepresenceof LD betweenmarkersandcausalgenes,
thusthederivedpredictivemodelsaretransferableandcanbeusedfor phenotypicprediction
of genotypesbut non-phenotypedindividuals.However,if theobtainedpredictiveaccuracyis
theresultof increasedpedigreeresolution,thenthesemodelsshouldbeusedwith caution,as
their predictiveaccuracyispedigreedependent.

Results

Marker number effect

ForDouglas-fir,theaveragepredictionaccuracyfor heightgenomicestimatedbreedingvalues
(GEBVs)rangedfrom 0.63(standarderror:±0.040)to 0.87(±0.008),andfor Interior spruce
0.31(±0.028)to 0.63(±0.019),representativeof GStestingSNPsetsof 200and50,000SNP

Fig 1. Scatterplot of metadata concerning height prediction accuracy, from various sources of GS studies [19,21–

30] in forestry of conifer species. Filledpointsrepresentstudiesusingfull-sibpopulations;emptypointsrepresent
studiesusinghalf-sibpopulations;emptypointswith crossesrepresentstudiesusingfull andhalf-sibpopulations.
Pointdiameterisafunction of samplesize.Markerdensitywascalculatedbasedon geneticmaplengthsestimatedin
thefollowingstudies:Pinus taeda [31],Picea glauca [32],Picea glauca x engelmannii (basedon whitesprucedata)[32±
34],Pinus pinaster [35],Picea mariana [36],Picea abies [37].

https://doi.org/10.1371/journal.pone.0232201.g001
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numbertotals,respectively,for eachspecies.Similarly,for Douglas-fir,theaverageaccuracyof
wooddensityGEBVsrangedfrom 0.62(±0.023)to 0.83(±0.011),andfor Interior spruce,0.29
(±0.040)to 0.62(±0.017),usingSNPsettotalsof 200and50,000,respectively.Accordingly,the
effectof markernumberon thepredictionaccuracyof multi-sitecross-validationdata,showed
acleartrendof increasedpredictiveaccuracywith increasingmarkerdensity.However,the
magnitudeof predictionaccuracygainsstartsto plateauaroundathresholdof around10,000±
15,000markersfor bothDouglas-firandInterior spruce(Fig2).Despitetherandomselection
of markers,thereisalsolittle variationin predictiveaccuracyamongSNPsetsof thesameSNP
numbertotal,asindicatedby thesmallerror barsin Fig2.On average,theaccuraciesfor
heightincreasedbyafactorof 1.03and1.08,respectively,whenthenumberof markerswas
doubled,for Douglas-firandInterior spruce,respectively.Forwooddensitytheaccuracies
increasedon averagebyafactorof 1.02and1.07,respectively,whenthenumberof markers
wasdoubled,for Douglas-firandInterior spruce,respectively.Fig2 providesagraphicalsum-
maryof theresults,depictingtheaveragepredictiveaccuracyof 100replicatesperSNPsetand
10randomreplicatesfor eachSNPsettotal,aswellastheir standarderrors.

Pedigree and relatedness effect

Thefull-sibstructurerelatedto theDouglas-firmodelsoutperformedthoseof thehalf-sibstruc-
tureof theInterior sprucemodelsfor all SNPsettotals(Fig2).Thepredictionaccuraciesfor the
full-sibmodels(Douglas-fir)werefor heightandwooddensity,respectively,on average1.58and
1.54timeslargerthanfor thehalf-sibmodels(Interior spruce).Predictionaccuracyvariedmore
within traitswhenusinghalf-sibscomparedto full-sibpedigrees,asrepresentedbytheSNPset
totalerror barsin Fig2.On average,thestandarddeviationsfor half-sibmodelswere2.59times
largerthanthoseof thefull-sibmodelsfor height,and1.75timeslargerfor wooddensity.

Discussion

Generally,predictionaccuraciesfor heightandwooddensityGEBVsof bothDouglas-firand
Interior spruce,increasedwith increasingnumberof SNPs(Fig2).Thedatasuggeststhat
increasingthenumberof markerswill thereforeprovidemoreaccuratepredictions.However,
in light of currentgenotypingcostsandefficiency,it isprudentto useasfewmarkersaspossi-
blewithout lossof significantaccuracy.Ideally,thiswouldmeanthat theminimum numberof
markersshouldbethesameasthenumberof independentlinkageblocks.Thisnumbermay
varyaccordingto thetypeof breedingpopulation,andtypeof genomicdatacollected.
Althoughthesaturationpoint for our datawasaround10,000markersfor bothDouglas-fir
andInterior spruceusingEBVsasthemodelinput, certainlytheNe of thepopulationsneedto
beconsidered.Datawith ahigherNe (>93)mayrequiremoremarkersto obtainsimilarpre-
diction accuracies.

TheobservedGEBVcoalescesimilar resultsobtainedin previousbreedingprogramstudies
andgeneralizedsimulations[8,22,30,38±42].TheGSpredictionaccuraciesfor bothheightand
wooddensity,parallelthoseobtainedbyABLUPandbyGSin previousstudieson thesespe-
cies[21,23].Theseresultsfrom modelstrainedon EBVsledusto concludethat,evenatarela-
tively low density,themarkersusedwereableto capturethegeneticrelationshipaseffectively
asthepedigree,andin thecaseof HT at35yearsfor Douglas-fir,moreeffectively.Asaresult
of this finding, futureselectionsmaybeconductedmoreefficientlyandwithout theneedfor a
structuredpedigree,therebyspeedingup thebreedingprocessbyeliminatingtheneedto con-
ductspecificcrosses[43]. Furthermore,prior studiesin Douglas-firmodelingde-regressed
EBVs,whereparentalaveragesareremoved,showedextremelylow GSpredictionaccuracies
andlargelyundetectableLD [21,44].
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Theroleof short-rangemarker-QTLLD on GSpredictionaccuracywasimperceptible
comparedto theeffectof relatedness.This isasomewhatanticipatedresultgiventhatmost
conifersarerelativelyundomesticatedevenwithin breedingprograms,andareknownto be

Fig 2. Effectof markerdensityon RR-BLUPpredictionaccuracyfor multi-sitedatafor heightandwoodresistance,
with ABLUPfor comparison, for: a)Douglas-fir(HT at35years,WDresat38years),andb) Interior spruce(HT at38
years,WDX-ray at38years).

https://doi.org/10.1371/journal.pone.0232201.g002
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highlyoutbredspecieswith largeNe. Thesecharacteristicsactivelyprecludethebuildupof pop-
ulation-wideLD [45,46].Corroboratingevidencefor thiscanbeenseenin Fig2,wherethevari-
anceof thepredictionaccuraciesismodestdespiteSNPsbeingrandomlyselected.This leadsus
to believethat theSNPsaretrackinggeneticrelatednessasopposedto marker-QTLLD. In addi-
tion, otherstudieshavedrawnsimilarconclusionsthatmarkerselectionstrategieshavelittle to
no effecton predictionaccuracyfor growthandwoodqualitytraits[19,30,40].Thatis to say,
thatmarkersetsmadeup of only thosemarkerswith thelargesteffectsshowonly aminor
advantageoverusingall markersavailable[19,30].AsreportedbyLenzetal.[30], thisobserva-
tion is likely dueto thosehigh-effectmarkershavinghighermeanallelefrequecies,andhence
higherinformation valueallowingthemto tracegeneticrelationshipsefficiently.In addition,
Zapata-Valenzuelaetal.[40] foundno discernabledifferencein predictionaccuracywhen
usingsubsetsof markersratherthanthewholecomplimentof markersavailableto them.This
wasregardlessof whetheror not thosemarkerswerein associationwith thetrait in question.
Goingfurther,consideringthemetadatapresentedin Fig1,markerdensityat thelevelscur-
rentlyappliedappearsto havelittle to no bearingon GSpredictionaccuracy.Studieswith less
densemarkercoverage,in somecasesover20timeslessdensethanthehighest,displaysimilarly
highpredictionaccuracies.Sinceit isunlikely thatsuchfewmarkerscouldaccountfor LD with
mostcausalvariantsacrosssuchvastgenomes,it isanindicationthat thesemarkersaretracking
somethingelsethanLD betweenmarkersandQTLs(i.e.,pedigree).

Evenin species,whichdo not displaythecomplexityof conifergenomes,similar trendsdue
to markerdensityreductionhavebeenseen.Usingtwo Eucalyptusspeciesandtheir F1

hybrids,Tanetal.[41] foundno majoradvantagein usingmorethan5,000SNPscomparedto
usingthefull datasetof 41,304SNPsavailableto them.Lorenzetal.[47] notedthat in abarley
(Hordeum vulgare L.) populationwith highLD, thenumberof markersusedcouldbereduced
to 384,with minor impacton predictionaccuracyfor diseaseresistance(note,barleyisa
selfer).Markerselectionviaak-meansclusteringalgorithmto sampleLD spacehadonly very
modestadvantagesoverrandomsampling.Additionally, in dairybreeding,multiple studies
haveshownthatpredictionaccuracycanbemaintaineddespitesignificantlyreducingmarker
density[48,49].In thesecases,it is theeffectof lowNe [11] whichisdriving theprediction
accuracy.With lowNe, fewerindependentgenomicsegmentsarise,decreasingthenumberof
markersrequiredto trackthesesegments[42]. Thesepopulationsall exhibitclosedbreeding
andsubsequentlyhavelowerNe thanour sampledpopulations.LoweringNe in thiswaywould
bedisadvantageouswhenpredictingacrossfamilies.

Complextraitsarethoughtto belargelygovernedbynoncodingvariantsseeminglyaffect-
ing generegulationandexpression[50,51].Thenumberof suchvariantsarethoughtto be
verylarge,evenlydistributedacrossthegenomeandhavesmalleffectsizes.Theheritabilityof
complextraits is thussimilarlyspreadout throughouttheentiregenome[50]. Theupshotof
this is theimplication thatalargeproportion of all genescontributeto variationin complex
traits.This isatoddswith theexpectationthat trait variantsarelocatedwithin specificandbio-
logicallyrelevantgenesandpathways[50]. YetTanetal.[41] generallyfound thatSNPs
locatedin intergenicregionsprovidedslightlybetterpredictionaccuraciesoverthoselocated
within/neargenicregions,or whenusingall SNPsavailable.Theyattributedthis to aslower
declineof LD in intergenicregionscomparedto othergenomelocations,allowingmarkersin
intergenicregionsto effectivelytraceQTLsoverlongergenomicsegmentsthanmarkersin
genomeregionswith higherratesof LD decay.SimilarlyBoyleetal.[50], in their summary
report,statethatSNPsthatcontributemostto theheritabilityareoftenspreadwidelyacross
thegenomeandarenot closelylocatedto geneswith trait-specificfunctions.

Althoughgenome-widevariationin LD isvirtually unknownin conifers,datafrom other
plantspeciessuggestthatLD ishigherbut alsomorevariablein intergeniccomparedto genic
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regions.Thereareseveralreasonsfor this.First,intergenicregionsin manyspeciesarereplete
with repetitiveelements,mainlyvariousLongTerminalRepeats(LTR) transposableelements
[52,53],andsuchregionsareoftenhighlyheterochromaticandshowreducedcross-overrates.
Second,complexstructuralvariationgeneratedby theactionof repetitiveelementswill further
limit crossoverdueto lackof sequencehomologyin intergenicregions,directingrecombina-
tion to genomicregionswith highgenedensities.Bothfeaturesarewelldocumentedin maize,
aspeciesthatalsohasarelativelyhigh repetitivegenomefraction[52,54].Asnotedabove,lev-
elsof linkagedisequilibriumin conifersarepoorlystudiedto date.Small,targetedre-sequenc-
ing of exomicregionshavefound thatLD decaysrelativelyrapidly,overafewkilobasesat the
most[53,55,56].This is to beexpectedif mostrecombinationis largelydirectedtowardsgenic
regions.However,sincegenicregionsonly constituteatmostapercentor soof atypicalconi-
fer genome,theseratesarelikely not representativefor mostof thegenome.Asanexample,Fu
etal.[52] concludedthat therepetitiveDNA in maize,whileconstitutingthebulk of the
genome,likely contributeslittle if anythingto geneticlength.Giventheseobservations,where
currentgenomeassembliesarehighly fragmentedandnot conduciveto analysesof genome
widepatternsof LD, it isperhapsnot unusualthat,despiterelativelylargemarkertotalsin use
here(andanevengreatertotalusedin Thistlethwaiteetal.[21]) andfor Douglas-firthose
markersbeinglocatedin theexonicregions,LD wasnot successfullytraceable.

To further elucidatetheroleof markerson resolvingthepedigreewhich in turn affected
heightandwooddensitypredictiveaccuraciesfor thetwo studiedspecies.It shouldbenoted
that theDouglas-firfull-sib outperformedtheInterior sprucehalf-sibstructure(on average
full-sibswere1.58and1.54timeslargerthanhalf-sibfor heightandwooddensity,respec-
tively) (Fig2).Theseresultsareindicativeof themarkersability in resolvinghigherrelation-
shipsamongthe37full-sib families(within andcrossfamiliesdueto commonparentageas
wellashiddeninbreeding).On theotherhand,while theInterior sprucehasfewerfamilies(25
half-sibs),their open-pollinatednatureprecludedthedevelopmentof finer relationshipsas
eachseed-donororiginatedfrom differentlocation,thusdistantrelationshipswerenot pres-
ent.This isalsoclearlydemonstratedby thedifferencesin full- andhalf-sibfamiliesNevalues
(21vs.93for theDouglas-firandInterior spruce,respectively).

Conclusions

Althoughadvantageouswithin apopulation,reducingmarkerdensitymaynot bethemost
effectiveor economicalmethodof carryingout GS,especiallyin conifers.Asmentionedprevi-
ouslywehaveyetto traceLD with thecurrentarrayof markersavailable,only geneticrelation-
ships,which isnot theintendeduseof GS.Giventhegeneticdiversityof coniferspecies,it
wouldperhapsbemoreprudentto createdensermarkerarraysthatcanbeusedacrosspopula-
tionsandbreedingprograms[57]. Increasingthenumberof markersin suchawaycould
enableusto teaseaparttheimpactof geneticrelationshipfrom LD andto investigatemultiple
traits includingunanticipatedtraits [22]. If thiscanbeachieved,thehigherdensityof markers
wouldoffsetsomewhattheeffectsof marker-QTLLD decaydueto selectionandrecombina-
tion overmultiple generations[8,22,57].Therefore,low densitymarkerarrayswouldhave
moreimpactin moreadvancedbreedingprograms[57].

Material and methods

Experimental populations

Predictivemodelsfor GSweretrainedon two progenytestingpopulations.Thefirst popula-
tion consistof 38-year-oldcoastalDouglas-fir(Pseudotsuga menziesii Mirb. (Franco)).This
populationwasoriginallyestablishedby theMinistry of Forests,LandsandNaturalResource
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Operationsof BritishColumbia,Canadain 1975andit ismadeup of 165full-sib families(54
parents),from which37familieswereselectedfor samplingfrom threetestsites(Adams (Lat.
5024'42ºN, Long.12609'37ºW,Elev.576mas),Fleet River (Lat.4839'25ºN, Long.128
05'05ºW, Elev.561mas),andLost Creek (Lat.4922'15ºN, Long.12214'07ºW, Elev.424
mas))givingatotalof 1,372trees(N�500persite).

Thesecondpopulationconsistedof 1,12638-year-oldInterior sprucetrees(Picea glauca
(Moench)Vossx Picea engelmannii ParryexEngelm.)(N�375persite).Thisprogenytest
trial wasestablishedin 1972/73by theMinistry of Forests,LandsandNaturalResourceOpera-
tionsof BritishColumbiaCanadaandismadeup of 181open-pollinatedfamilies,of whichthe
bestperforming25familieswereselectedbasedon their growthattributes.Thetrial is located
on threesites(Aleza Lake (Lat.54Ê030 15.7@N, Long.122Ê060 35.4@W, Elev.700mas),Prince

George Tree Improvement Station (PGTIS) (Lat.53Ê460 17.9@N, Long.122Ê430 07.6@W,
Elev.610mas),andQuesnel (Lat.52Ê590 27.2@N, Long.122Ê120 30.6@W, Elev.915mas)).

Accessto Douglas-firandInterior spruceprogenytesttrialswasgrantedbyTheMinistry of
Forests,LandsandNaturalResourceOperationsof BritishColumbia,Canada,andall ethics
standardshavebeenmet.

Phenotyping and genotyping

Mid-rotation heightmeasurementsof thesampledtreeswererecorded:atage35for theDoug-
las-firpopulation,andatage38Interior spruce(HT: in meters).Estimatedbreedingvalues
(EBVs)for HT wereobtainedin ASReml4.0[58] andusedasphenotypesfor thegenomicpre-
diction analysis.Wooddensity(WDres)measurementsfor theDouglas-firpopulationwere
takenindirectly,usingtheaverageof resistancemeasurementsobtainedwith aResistograph1

(InstrumentaMechanikLabor,Germany).Recordingsfrom theResistograph1werescaledby
DBH measurementsto obtainwooddensityindicesfollowingEl-Kassabyetal.[59]. Wood
densityin theInterior Sprucepopulationwasmeasureddirectlyin kg/m3 usingX-raydensi-
tometry(WDX-ray), whichusesincrementcoresextractedfrom thetrees.

Genotypingof theDouglas-firsamples,usingwholeexomecapture,wasperformedin a
commercialfacility (RAPiDGenomics©, Florida,US),probesweredesignedbasedon the
availableDouglas-firtranscriptomeassembly[17]. A total `pool'of 56,454SNPs,with <0.40
heterozygosity,wasusedin thisstudy.Foracompletediscriptionof thegenotypingprocess
seeThistlethwaiteetal.[21] andNevesetal.[60] for theexomecapturemethodology
respectively.

TheInterior sprucesamplesweregenotypedviamultiplexed,high-throughputGenotyp-
ing-by-Sequencing(GBS)followingElshireetal.[61] andChenetal.[62], on theIllumina
HiSeq2000at theCornellUniversityGenomicsCoreLaboratory(GamalEl-Dienetal.[23]).

Effective population size estimation

Theeffectivepopulationsize(Ne) for theDouglas-firandsprucewereestimatedusingan
ExcelprogramdevelopedbyDr. M. Lstiburek(Facultyof ForestryandWoodSciences,Czech
Universityof Life SciencesPrague,Prague,CzechRepublic)thatwasbasedon Lindgrenetal.
[63] statusnumberconcept.

Random marker sampling

Theeffectof thenumberof markerson predictiveaccuracywasascertainedbycarryingout a
randomsamplingmethodfor choosingmarkersfrom thetotal `pool'containing56,454SNPs
for Douglas-firand62,190for Interior spruce.Setswith SNPtotalsin therangeof 200±50,000
weretestedandreplicated10times,randomlysamplingSNPsfor eachrepetition.Thecross-
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validationprocessesof theRR-BLUPmodelwasthenperformedusingtheserandomlysam-
pledSNPsets.Thisanalysiswascarriedout on theheightandwooddensityphenotypes.
Assumingagenomelengthof ~2,000cMfor bothDouglas-fir[13] andInterior spruce[14±16]
(anapproximationbasedon Picea glauca,Pinaceae data),theaveragemarkerdensitiestested
rangedfrom 0.05±25markers/cM.

Estimated Breeding Value (EBV) calculation and ABLUP accuracy

EBVswerecalculatedin ASReml4.0[58] via linearmixedmodelanalysis.For theDouglas-fir
populationthefollowingmodelwasused:

y ¼ Xbþ Z1aþ Z2saþ Z3sðrepÞ þ Z4sf þ Z5f þ e ð1Þ

Wherey is thephenotypictrait measurement,β isavectorof fixedeffects(including mean
andsiteeffects),a isavectorof individual randomadditivegeneticeffects~ N(0,Aσa

2), sa isa
sitex additivegeneticinteraction~ N(0, Iσsa

2), s(rep) isavectorof theblockeffectwithin site
~ N(0, Iσs(rep)

2), sf isarandomeffectsitex family interaction~ N(0, Iσsf
2), f is theeffectof fam-

ily ~ N(0, Iσf
2), ande is therandomresidualeffect~ N(0, Iσe

2), andX,Z1-5 areincidence
matricesassigningfixedandrandomeffectsto eachobservation.I is theidentity matrix andA
theaveragenumeratorrelationshipmatrix.

Narrow-senseheritabilitywascalculatedash2 = σa
2 / (σa

2 + σsa
2 +σsf

2 + σf
2 + σe

2), where
σa

2, σsa
2, σsf

2, σf
2 andσe

2 arethevariancesof additivegenetic,sitex additivegenetic,sitex fam-
ily, family,andresidualeffects,respectively.

For theInterior Sprucepopulation,asimilarmixedmodelwasused,without familyeffect:

y ¼ Xbþ Z1aþ Z2saþ Z3sðrepÞ þ e ð2Þ

wherey is thephenotypicmeasurementof theanalyzedtrait, β isavectorof fixedeffect(i.e.,
theoverallmeanandthesiteeffect),a isavectorof randomadditiveeffects~ N(0,Aσ2

a), sa is
asitex additivegeneticinteraction~ N(0, Iσ2

sa), s(rep) isavectorof theblockeffectwithin site
~ N(0, Iσs(rep)

2), e isatherandomresidualeffect~ N(0, Iσ2
e), andX,Z1-3 areincidencematri-

cesassigningfixedandrandomeffectsto eachobservation.I is theidentity matrix andA the
averagenumeratorrelationshipmatrix.

Narrow-senseheritabilitywascalculatedash2 = σa
2/ (σa

2 + σsa
2 + σe

2), whereσa
2, σsa

2, and
σe

2 arethevariancesof additivegenetic,sitex additivegenetic,andresidualeffects,respectively.
ABLUPcross-validationfor bothspecieswasperformedin ASRemlRv4.0[58]. Tenfold

cross-validationwasperformed,usingrandomlysampledindividualsfrom all 3 sites(Adams,
FleetRiverandLostCreekfor Douglas-fir;AlezaLake,PGTISandQuesnelfor Interior
spruce)to constructthemodel,andtheremainderto composethevalidationset.Prediction
accuracyfor ABLUPwascalculatedasthecorrelationbetweentheEBVsfrom thevalidation
setsandtheir originalEBVscalculatedfrom Eqs1 and2,for Douglas-firandInterior spruce
respectively.ABLUPpredictionaccuracywascomparedto GSpredictionaccuracyfor all SNP
settotals.

Genomic selection and cross-validation

TheGSmethodusedin theanalysiswasridgeregression(RR-BLUP)[64], andwasimple-
mentedusingtheRpackagèbigRR'[65]. ThegenomicpredictedEBVs(GEBVs)for height,
werecalculatedasthesumof all markereffectswithin eachindividual tree.Markereffects
wereestimatedusingthefollowingmixedmodel,from Henderson[66]:

yEBV ¼ 1μþ Zg þ e ð3Þ
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whereyEBV is thevectorof n treeEBVrecordsfor height,1 isavectorof 1,μ is theintercept,g
is thevectorof randommarkereffects,Z is thedesignmatrix for therandommarkereffects,
ande is theresidualrandomeffectsvector.In theRR-BLUPprocedure,theresidualsand
markereffectsarepresumedto follow normaldistributionswith constantvariance,i.e.e ~
Nð0; Is2

eÞ andg ~ Nð0; Is2
gÞ, whereI isanidentity matrix.Markereffectsolutionsarecalcu-

latedaccordingto thefollowingequation:

ĝ ¼ ðZ0Z þ ʎIÞ� 1Z0y ð4Þ

whereʎ = s2
e=s

2
g is theridgepenalizationparameter.Markereffectsareassumedto bedistrib-

utedequally,andassuchall areuniformly shrunktowardszero.
Predictiveaccuracywasusedto estimatetheperformanceof thisGSmethod.Predictive

accuracywasdeterminedasthemeanof thereplicationsof thePearsonproduct-momentcor-
relationbetweenestimatedbreedingvalues(EBVs)of thevalidationsetandtheir genomicesti-
matedbreedingvalues(GEBVs)or r(EBV,GEBV).Validationwasappliedasareplicated
randomlyassigned10-foldcrossvalidationrepeated10timesin which9/10foldswereusedto
train themodel,theotherfold constitutingthevalidationpopulation.Information from the3
siteswerepooled.
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