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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 the lowesttheyhaveeverbeen(andstill on adecreasingrajectory),
genomicselectionGS)becomesn ever-moreviableoption for foresttreebreedersThis
shouldsubsequentlyesultin beneficialgainsto theindustryin termsof improvedwoodqual-
ity, yield perunit time (generationaturnover),andstresgolerance(biotic andabiotic)[1,2].

In adeviationfrom marker-assistedelection(MAS) [3], ratherthan attemptingto identify
significanttrait-loci relationshipsGSemploysall availablenarkerinformation simultaneously
to predicttraits performancg4]. GSexperimentatesultshavebeenpromisingto date with
predictionaccuraciesigherthanthoseof MAS[5].

Oneof themajor determinantf GSsuccess therelationshipbetweereffectivepopula-
tion size(N,) andmarkerdensity[6]. Falconerand Mackay[7] succinctlydescribeN, asthe
numberof randomlymatingindividualsthatwould causehe observednbreedingrateof a
population.As aresultof inbreeding whichis morelikely atlow N,, allelefrequenciebecome
skewedIn this situation(atlow N,) certainindividualshaveanincreaseahanceo reproduce,
causinggenetiadrift astheir genesrepassednore frequentlyonto the nextgeneratior6].
Overtime andovermultiple generation®f theseconditionsthoseallelesnaybecomdixed,as
genetiadiversitydecreases']. Low N, populationsaresubjecto strongerdrift, whichin turn
is oneof the major driving forcesinfluencinglinkagedisequilibrium(LD) betweeroci. Lower
N, populationshavehigherLD, andthis LD betweermarkersandtrait QTLsis essentialor
thepredictionof trait performancerom markers[6]. Thesuccessf GSis highly dependent
onthemarker-QTLLD andthisis largelydeterminedby the extentto which thetraining and
validationpopulationsarerelated A certainamountof cautionis alsorequiredduring the
implementationof GSasLD will decaysubsequento everyround of breedingdueto recom-
bination, althoughthis canbeovercomeby employingdensemarkerarrayslt shouldbe
emphasizethat GSmayrequirealternativedeliverymethodsfor treeimprovementasthe
currentseedorchardproduction pathwayandits sexual-productioomodeeffectivelybreaks
downthemarker-QTLLD. Lin etal.[6] point outthat N, canbeartificially reducedby using
half-sibor within-family populations Thisis agoodtechniqueto useon outbredspeciessuch
asforesttreeswhenapplyingGsS.

The determinationof the numberof markersrequiredfor GSis largelybasedn the occur-
renceof LD, whichin turn is determinedby populationstructureandN,. Solbergetal.[8] did
someinitial investigationsnto markerdensityeffectcomparingtwo typesof marker:SSR-like
multiallelic markersversusSNP-likebiallelicmarkers Theyfound ageneraincreasen predic-
tion accuracyasmarkerdensityincreasedn relationto N,, howevettheyfailedto reachapla-
teauwith the numbersavailablg2N, SSRnarkersper Morganor 8N, SNPmarkersper
Morgan).Meuwisserj9] proposedhataminimum of 10N,L markersshouldbeusedto obtain
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accuratepredictionsin GS,wherelL is the total lengthof the genomen Morgans.AsLin etal.
[6] discussthis shouldmeanthatfor apopulationof outbreedingapple(Malus sp.)treeswith
anassumed, of 1,000andagenomeof approximatelyl3Morgans,130,000narkersarenec-
essaryor accuratesSpredictions.HoweverKumar etal.[10] successfullgarriedout GSin
applevarietyMalus domestica Borkhwith anaccuracyof 0.7,usingonly 2,500markers.This
canbeattributedto the bi-parentaldesignused[9]. Within-family designsallfor fewermark-
erssincelarger(but fewer)chromosomakegmentaresharedby family membersandit is
thesehat needto betracked[11]. Grattapaglieand Resend§l2], usingadeterministic
approachfound that for GSto beeffectiveamarkerdensityof ~2 markers/cMis required
whenN, is no greatetthan 30andlargerN, mayrequireup to 20markers/cM.Yethigher
markerdensitiesmayberequiredfor situationsin whichthetraining andvalidationpopula-
tionsarenot derivedgeneticallyfrom the samebasegpopulation[9]. UsingGrattapagliaand
Resende'BL2] calculationsandanassumednaplengthof 2,000cM [13+16],weshouldaim
to use4,000markersfor investigationsnto Douglas-fir(Pseudotsuga menziesii Mirb.
(Franco))with an N, ~21.Bythe samereasoningve shouldaim to useup to 40,000markers
for anlInterior spruce(Picea glauca (Moench)Vossx Picea engelmannii ParryexEngelm.)
population,with an N, ~93.IndeedHoweetal.[17] concludecthat adensityof 2.5markers
percM (5,000SNPs/2,008M), shouldprovideeffectiveGSresultsin populationsno larger
than N, ~30.Thesenumbers for populationswith low N,, arein line with Meuwissen'$9]
determinationthat 10N markersshouldbe usedasaminimum, which givesus

10x21x20= 4,200markersfor Douglas-fir.Yetusingthe samecalculationfrom Meuwisser9]
for Interior sprucegivesusarecommendedninimum of 18,600markers Jesshanhalf of that
recommendedy Grattapaglieand Resende'EL2] calculation.

Ma etal.[18] investigatedhe effectof markerselectioron predictionaccuracyof GSin
soybean{Glycine max L.). Theytestedhreemethodsof markerselectionrandomsampling,
haplotypeblockanalysisand evenlysamplingmarkers.Theyfound that for plantheight,only
marginaldifferencesn predictionaccuracywereobtainedwith thethreesamplingmethods.
However for grainyield,the haplotypeblock analysiut-performedthe othertwo methods
by about4%.This preselectioomethodoffersacomprehensiveyetcost-efficientpption for
implementingGSby reducingthe numberof SNPgequiredto justone SNPperhaplotype
blockplusthosenot containedwithin blocks.Howeveranin-depthunderstandingpf the
structureandLD acrosghe genomas requiredfor this. For this reasonwehaveconcentrated
only on therandomsamplingmethodfor Douglas-firand Interior sprucewherecurrent
genomeassembliearehighly fragmentedandnot conduciveto analysesf genomewide pat-
ternsof LD.

Thetwo speciestudiedherearerepresentativef full-sib (Douglas-fir)and half-sib(Inte-
rior spruce)populations.Their differing pedigreestructureshouldbereflectedn the predic-
tion accuraciesveobtainthrough GS.Previouslyusingfull-sib families,GSprediction
accuracyhasbeenshownto bemoderateto highin genera[19,20],andin Douglas-firspecifi-
cally[21]. Thisis consideredo bearesult,primarily, dueto longrangelD arisingfrom the
increasedevelsof relatedneswithin families.ShortrangeLD is not consideredastronginflu-
encein thesecircumstanceBy comparisonusinghalf-sibfamilieshaspreviouslyresultedn
low to moderateGSpredictionaccuracieg genera[22], andin Interior sprucespecifically
[23,24].Higher N; andsubsequentlfower LD arethoughtto impedepredictionaccuracies
studieshasedn thesehalf-sibpopulationsLargerN, leadso morerecombinationandthere-
fore morediversitywithin apopulation.Drift associatedith smallpopulationsizeis not asig-
nificant factorundertheseconditions(open-pollinatedand highly outcrossingspeciesand
subsequentlgdo not significantlycontributeto the build-up of LD. Nonethelessascanbeseen
in Fig 1, high GSpredictionaccuraciearenot exclusiveo full-sib studiesandvice versa.
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Fig 1. Scatterplot of metadata concerning height prediction accuracy, from various sources of GS studies [19,21-
30] in forestry of conifer species. Filled pointsrepresenstudiesusingfull-sib populationsemptypointsrepresent
studiesusinghalf-sibpopulatons;emptypointswith crossesepresenstudiesusingfull andhalf-sibpopulatons.
Pointdiameteris afunction of samplesize Marker densitywascalculatedasedn genetiomaplengthsestimatedn
thefollowing studiesPinus taeda [31], Picea glauca [32], Picea glauca X engelmannii (basedn white sprucedata)[32+
34], Pinus pinaster [35], Picea mariana [36], Picea abies [37].

https://abi.org/10.1371durnal.por.0232201.g0L

It is, howeverpecomingseeminglymore apparenthat perhapd.D is not the main driving
forcein all GSstudieq21,30].Studiesconcerningthosespeciesvith largergenomesnayfind
thatrelatednesgatherthan LD is the mostimportant factorinfluencingpredictionaccuracies.
AsdelosCamposetal.[31] describethe successf GSreliesuponthe similarity of therealised
genomicrelationshipsatthe markerand QTL levelsThenumberof independentlysegregat-
ing segmentsletermineghe coefficientof variationof theserelationshipsacrosshe genome.
In unrelatedindividuals,this is aproductof population-wideL D whereabetweerfamily
membersthisisaproductof within family disequilibrium.Hereweinvestigatehe effectof
markerdensityon GSpredictionaccuracyn two coniferspeciegDouglas-firand Interior
spruce)with differing pedigreestructuregfull- andhalf-sibfamily structure).Themain
underlyingassumptiorof GSstudiedgs the presencef LD betweermarkersand causafenes,
thusthe derivedpredictivemodelsaretransferableand canbeusedfor phenotypicprediction
of genotypedut non-phenotypedndividuals.However if the obtainedpredictiveaccuracys
theresultof increasegedigreaesolution thenthesemodelsshouldbeusedwith caution,as
their predictiveaccuracys pedigreedependent.

Results
Marker number effect

For Douglas-fir the averag@redictionaccuracyor heightgenomicestimatedbreedingvalues
(GEBVs)rangedfrom 0.63(standarderror: +0.040)o 0.87(+0.008) andfor Interior spruce
0.31(£0.028)to 0.63(+0.019) representativef GStestingSNPsetsof 200and 50,0006NP
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numbertotals,respectivelyfor eachspeciesSimilarly,for Douglas-fir the averageccuracyof
wooddensityGEBVsrangedfrom 0.62(+0.023)to 0.83(+0.011) andfor Interior spruce.29
(+0.040)t0 0.62(+0.017) usingSNPsettotalsof 200and 50,000respectivelyAccordingly,the
effectof markernumberon the predictionaccuracyof multi-site cross-validatiordata,showed
acleartrend of increasedredictiveaccuracywith increasingnarkerdensity.However the
magnitudeof predictionaccuracygainsstartsto plateauaroundathresholdof around 10,000+
15,000markersfor both Douglas-firand Interior spruce(Fig 2). Despitetherandomselection
of markersthereis alsalittle variationin predictiveaccuracyamongSNPsetsof the sameSNP
numbertotal, asindicatedby the smallerror barsin Fig 2. On averagethe accuracieor
heightincreasedy afactorof 1.03and 1.08 respectivelywhenthe numberof markerswas
doubled for Douglas-firand Interior sprucefespectivelyi-or wooddensitytheaccuracies
increasedn averagdy afactorof 1.02and1.07 respectivelywhenthe numberof markers
wasdoubled for Douglas-firandInterior sprucerespectivelyi-ig 2 providesagraphicalsum-
mary of the results depictingthe averageredictiveaccuracyof 100replicategper SNPsetand
10randomreplicatedor eachSNPsettotal, aswell astheir standarderrors.

Pedigree and relatedness effect

Thefull-sib structurerelatedto the Douglas-firmodelsoutperformedthoseof the half-sibstruc-
ture of the Interior sprucemodelsfor all SNPsettotals(Fig 2). The predictionaccuraciefor the
full-sib models(Douglas-fir)werefor heightandwood density respectivelypn averagd..58and
1.54timeslargerthanfor the half-sibmodels(Interior spruce)Predictionaccuracyariedmore
within traitswhenusinghalf-sibscomparedo full-sib pedigreesasrepresentedby the SNPset
total error barsin Fig 2. On averagethe standarddeviationgor half-sibmodelswere2.5%imes
largerthanthoseof thefull-sib modelsfor height,and 1. 75timeslargerfor wooddensity.

Discussion

Generallypredictionaccuracie$or heightandwood densityGEBVsof both Douglas-firand
Interior sprucejncreasedvith increasinghumberof SNPHFig 2). Thedatasuggestthat
increasinghe numberof markerswill thereforeprovidemore accurateredictions.However,
in light of currentgenotypingcostsandefficiencyit is prudentto useasfewmarkersaspossi-
blewithout lossof significantaccuracyldeally,this would meanthatthe minimum numberof
markersshouldbethe sameasthe numberof independentinkageblocks.Thisnumbermay
varyaccordingto thetypeof breedingpopulation,andtypeof genomicdatacollected.
Althoughthe saturationpoint for our datawasaround10,000markersfor both Douglas-fir
andInterior spruceusingEBVsasthe modelinput, certainlythe N, of the populationsneedto
beconsideredDatawith ahigherN, (>93) mayrequiremore markersto obtainsimilar pre-
diction accuracies.

TheobservedsEBVcoalescsimilar resultsobtainedin previousbreedingprogramstudies
andgeneralizegimulations[8,22,30,38+42The GSpredictionaccuracieor both heightand
wooddensity parallelthoseobtainedby ABLUPandby GSin previousstudieson thesespe-
cies[21,23].Theseaesultsfrom modelstrainedon EBVsled usto concludethat,evenatarela-
tively low density the markersusedwereableto capturethe genetiaelationshipaseffectively
asthe pedigreeandin the caseof HT at 35yeardor Douglas-fir more effectivelyAsaresult
of thisfinding, future selectionsnaybeconductedmore efficientlyandwithout the needfor a
structuredpedigreetherebyspeedingip the breedingprocessdy eliminatingthe needto con-
ductspecificcrosse$43]. Furthermore prior studiesin Douglas-firmodelingde-regressed
EBVswhereparentalaverageareremoved showedextremelylow GSpredictionaccuracies
andlargelyundetectablé.D [21,44].
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Therole of short-rangemarker-QTLLD on GSpredictionaccuracywasimperceptible
comparedo the effectof relatednesslhisis asomewhatnticipatedresultgiventhat most
conifersarerelativelyundomesticate@venwithin breedingprogramsandareknownto be
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Fig 2. Effectof markerdensityon RR-BLUPpredictionaccuracyor multi-site datafor heightandwoodresistance
with ABLUPfor comparisonfor: a) Douglas-fir(HT at35yearsWD,.sat 38years)andb) Interior spruce(HT at38
yearsWDx_,, at 38years).

https://abi.org/10.1371durnal.por.0232201.902
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highly outbredspeciesvith largeN,. Thesecharacteristicactivelyprecludethe buildup of pop-
ulation-wideLD [45,46].Corroboratingevidencdor this canbeenseenin Fig 2, wherethe vari-
anceof the predictionaccuraciess modestdespiteSNPeingrandomlyselectedThisleadsus
to believethatthe SNPsaretrackinggenetiaelatednesasopposedo marker-QTLLD. In addi-
tion, other studieshavedrawn similar conclusionghat markerselectiorstrategiesavelittle to
no effecton predictionaccuracyor growthandwoodquality traits[19,30,40]Thatis to say,
that markersetamadeup of only thosemarkerswith the largeseffectsshowonly aminor
advantageverusingall markersavailablg19,30].Asreportedby Lenzetal.[30], this observa-
tion is likely dueto thosehigh-effectimarkershavinghighermeanallelefrequeciesandhence
higherinformation valueallowingthemto tracegeneticrelationship<efficiently.In addition,
Zapata-Valenzueletal.[40] found no discernablalifferencein predictionaccuracywvhen
usingsubset®f markersratherthanthe wholecomplimentof markersavailabléo them. This
wasregardlessf whetheror not thosemarkerswerein associationwith thetrait in question.
Goingfurther, consideringhe metadatgresentedn Fig 1, markerdensityatthelevelscur-
rently appliedappeargo havelittle to no bearingon GSpredictionaccuracyStudieswith less
densemarkercoveragein somecasesver20timeslessdensehanthe highestdisplaysimilarly
high predictionaccuraciesSinceit is unlikely that suchfewmarkerscouldaccountfor LD with
mostcausabariantsacrossuchvastgenomesit is anindication thatthesemarkersaretracking
somethingelsethan LD betweermarkersand QTLs(i.e.,pedigree).

Evenin specieswhichdo not displaythe complexityof conifergenomessimilar trendsdue
to markerdensityreductionhavebeenseenlUsingtwo Eucalyptuspecieandtheir F;
hybrids,Tanetal.[41] found no major advantagén usingmorethan5,000SNPscomparedo
usingthefull datasetof 41,304SNPsavailableo them.Lorenzetal.[47] notedthatin abarley
(Hordeum vulgare L.) populationwith high LD, the numberof markersusedcouldbereduced
to 384,with minor impacton predictionaccuracyor diseaseesistanc€note,barleyis a
selfer) Marker selectiorvia a k-meansclusteringalgorithmto sampleLD spacehadonly very
modestadvantagesverrandomsampling Additionally, in dairy breedingmultiple studies
haveshownthat predictionaccuracycanbemaintaineddespitesignificantlyreducingmarker
density[48,49].In thesecasest is the effectof low N, [11] whichis driving the prediction
accuracyWith low N,, fewerindependengenomicsegmentsirise decreasinghe numberof
markersrequiredto trackthesesegment$42]. Thesepopulationsall exhibit closedbreeding
andsubsequentihavelower N, thanour sampledopulations LoweringN., in this waywould
bedisadvantageoushenpredictingacrosdamilies.

Complextraits arethoughtto belargelygovernedy noncodingvariantsseeminghaffect-
ing generegulationandexpressiof50,51]. The numberof suchvariantsarethoughtto be
verylarge evenlydistributedacrosghe genomeandhavesmalleffectsizesThe heritability of
complextraitsis thussimilarly spreadout throughoutthe entire genomg50]. The upshotof
thisistheimplicationthatalargeproportion of all genesontributeto variationin complex
traits. Thisis atoddswith the expectatiorthattrait variantsarelocatedwithin specificandbio-
logicallyrelevantgenesaand pathwayg50]. YetTanetal.[41] generallyfound that SNPs
locatedin intergenicregionsprovidedslightlybetterpredictionaccuraciesverthoselocated
within/near genicregions,or whenusingall SNPsavailableTheyattributedthis to aslower
declineof LD in intergenicregionscomparedo othergenomedocations allowingmarkersin
intergenicregionsto effectivelytraceQTLsoverlongergenomicsegmentshan markersin
genomeregionswith higherratesof LD decaySimilarlyBoyleetal.[50], in their summary
report, statethat SNPghat contributemostto the heritability areoften spreadwidelyacross
thegenomeandarenot closelylocatedto genewwith trait-specificfunctions.

Althoughgenome-widevariationin LD is virtually unknownin conifers,datafrom other
plantspeciesuggesthat LD is higherbut alsomorevariablein intergeniccomparedo genic

PLOS ONE | https://doi.org/10.1371/journal.pone.0232201  June 10, 2020 7/14


https://doi.org/10.1371/journal.pone.0232201

PLOS ONE

LD-Pedigree in conifers

regions.Thereareseverateasongor this. First,intergenicregionsin manyspeciesrereplete
with repetitiveelementsmainly variousLong TerminalRepeat$L TR) transposablelements
[52,53],andsuchregionsareoftenhighly heterochromati@and showreducedcross-overates.
Secondgcomplexstructuralvariationgeneratedy the actionof repetitiveelementwill further
limit crossoverdueto lackof sequencéomologyin intergenicregions directingrecombina-
tion to genomicregionswith high genedensitiesBoth featuresarewelldocumentedn maize,
aspecieshatalsohasarelativelyhigh repetitivegenomefraction[52,54].As notedabovejev-
elsof linkagedisequilibriumin conifersarepoorly studiedto date.Small targetedre-sequenc-
ing of exomicregionshavefound that LD decayselativelyrapidly,overafewkilobaseatthe
most[53,55,56]Thisisto beexpectedf mostrecombinationis largelydirectedtowardsgenic
regions However sincegenicregionsonly constituteat mostapercentor soof atypicalconi-
fer genometheseratesarelikely not representativéor mostof thegenomeAsanexamplefFu
etal.[52] concludedthattherepetitiveDNA in maize while constitutingthe bulk of the
genomelikely contributesdlittle if anythingto genetidength.Giventheseobservationsywhere
currentgenomeassembliearehighly fragmentedand not conduciveto analysesf genome
wide patternsof LD, it is perhapanot unusualthat, despiterelativelylargemarkertotalsin use
here(andanevengreatertotal usedin Thistlethwaiteetal.[21]) andfor Douglas-firthose
markersbeinglocatedin the exonicregions LD wasnot successfullyraceable.

To further elucidatethe role of markerson resolvingthe pedigreevhichin turn affected
heightandwooddensitypredictiveaccuraciefor thetwo studiedspeciedt shouldbenoted
thatthe Douglas-firfull-sib outperformedthe Interior sprucehalf-sibstructure(on average
full-sibswerel.58and 1.54timeslargerthan half-sibfor heightandwooddensity respec-
tively) (Fig 2). Theseresultsareindicativeof the markersability in resolvinghigherrelation-
shipsamongthe 37full-sib families(within and crossfamiliesdueto commonparentageas
wellashiddeninbreeding).On the otherhand,while the Interior sprucehasfewerfamilies(25
half-sibs) their open-pollinatechatureprecludedthe developmenbf finer relationshipsas
eachseed-donooriginatedfrom differentlocation,thusdistantrelationshipsverenot pres-
ent. Thisis alsoclearlydemonstratedy the differencesn full- andhalf-sibfamiliesN, values
(21vs.93for the Douglas-firand Interior sprucefespectively).

Conclusions

Althoughadvantageouwithin apopulation,reducingmarkerdensitymaynot bethe most
effectiveor economicamethodof carryingout GS,especiallyn conifers. As mentionedprevi-
ouslywehaveyetto traceLD with the currentarrayof markersavailablepnly geneticrelation-
shipswhichis not theintendeduseof GS.Giventhe geneticdiversityof conifer speciest
would perhapsemore prudentto createdensemarkerarraysthat canbeusedacrosgopula-
tionsandbreedingprogramg57]. Increasinghe numberof markersin suchawaycould
enableusto teaseparttheimpactof genetiarelationshipfrom LD andto investigatemultiple
traitsincluding unanticipatedraits[22]. If this canbeachievedthe higherdensityof markers
would offsetsomewhathe effectsof marker-QTLLD decaydueto selectiorandrecombina-
tion overmultiple generation$8,22,57].ThereforeJow densitymarkerarrayswould have
moreimpactin moreadvancedreedingprogramg57].

Material and methods
Experimental populations

Predictivemodelsfor GSweretrainedon two progenytestingpopulations Thefirst popula-
tion consistof 38-year-oldcoastaDouglas-fir(Pseudotsuga menziesii Mirb. (Franco)).This
populationwasoriginally establishedby the Ministry of Forestsl. andsand NaturalResource
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Operationsof British Columbia,Canadan 1975andit is madeup of 165full-sib families(54
parents)from which 37 familieswereselectedor samplingfrom threetestsites(Adams (Lat.
5024'42°N, Long.12609'37°W, Elev.576mas) Fleet River (Lat.4839'25°N, Long.128
05'05°W, Elev.561mas),andLost Creek (Lat.4922'15°N, Long.12214'07°W, Elev.424
mas))givingatotal of 1,372rees(N~500per site).

Thesecondopulationconsistedf 1,12638-year-oldnterior sprucetrees(Picea glauca
(Moench)Vossx Picea engelmannii ParryexEngelm.)N~375persite). This progenytest
trial wasestablisheéh 1972/73by the Ministry of Forests|.andsand NaturalResourc®pera-
tions of British ColumbiaCanadaandis madeup of 181open-pollinatedamilies,of whichthe
bestperforming25familieswereselectedasedn their growth attributes.Thetrial islocated
onthreesites(Aleza Lake (Lat.54E03 15.7"N, Long.122ED8 35.4"W, Elev.700mas),Prince
George Tree Improvement Station (PGTIS) (Lat. 5346 17.9"N, Long.12283 07.6"W,
Elev.610mas),andQuesnel (Lat.52E59 27.2"N, Long.122E12 30.6"W, Elev.915mas)).

Accesgo Douglas-firand Interior spruceprogenytesttrials wasgrantedby The Ministry of
Forestsl.andsand NaturalResourc®perationsof British Columbia,Canadaandall ethics
standard$havebeenmet.

Phenotyping and genotyping

Mid-rotation heightmeasurementsf the sampledreeswererecordedat age35for the Doug-
las-fir population,andatage38Interior spruce(HT: in meters) Estimatecbreedingvalues
(EBVs)for HT wereobtainedin ASRemK.0[58] andusedasphenotypegor the genomicpre-
diction analysisWood density(WDres) measurementtor the Douglas-firpopulationwere
takenindirectly, usingthe averagef resistanceneasurementsbtainedwith a Resistograph
(InstrumentaMechanikLabor,Germany) Recordinggrom the Resistograph werescaledy
DBH measurementt obtainwooddensityindicesfollowing El-Kassabytal.[59]. Wood
densityin the Interior Sprucepopulationwasmeasurediirectlyin kg/m® usingX-ray densi-
tometry (WD x_r4y), Which usesncrementcoresextractedrom thetrees.

Genotypingof the Douglas-firsamplesysingwholeexomecapture wasperformedin a
commerciaffacility (RAPID Genomic§, Florida,US),probesweredesignedasecn the
availableDouglas-firtranscriptomeassembly17]. A total "pool'of 56,454SNPswith <0.40
heterozygositywasusedin this study.For acompletediscription of the genotypingprocess
seeThistlethwaiteetal.[21] and Nevesetal. [60] for the exomecapturemethodology
respectively.

TheInterior sprucesamplesveregenotypedrsia multiplexed high-throughputGenotyp-
ing-by-Sequencin¢GBS)following Elshireetal.[61] and Chenetal.[62], on thelllumina
HiSeq2000at the CornellUniversity GenomicsCorelLaboratory(GamalEl-Dienetal.[23]).

Effective population size estimation

The effectivepopulationsize(Ng) for the Douglas-firand sprucewereestimatedisingan
Excelprogramdevelopedy Dr. M. Lstiburek(Facultyof Forestryand Wood SciencesCzech
Universityof Life Science®raguePragueCzechRepubliclthat wasbasedn Lindgrenetal.
[63] statusnumberconcept.

Random marker sampling

The effectof the numberof markerson predictiveaccuracyvasascertainedby carryingout a
randomsamplingmethodfor choosingmarkersfrom thetotal “pool'containing56,454SNPs
for Douglas-firand62,1900r Interior spruce Setsvith SNPtotalsin the rangeof 200+50,000
weretestedandreplicatedlOtimes,randomlysamplingSNPgor eachrepetition. The cross-
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validationprocessesf the RR-BLUPmodelwasthen performedusingtheserandomly sam-
pled SNPsetsThis analysisvascarriedout on the heightandwooddensityphenotypes.
Assumingagenomdengthof ~2,000cMfor both Douglas-fir[13] andInterior spruce[14+16]
(anapproximationbasen Picea glauca, Pinaceae data) the averagenarkerdensitiedested
rangedfrom 0.05+25narkers/cM.

Estimated Breeding Value (EBV) calculation and ABLUP accuracy

EBVswerecalculatedn ASRemM.0[58] vialinear mixed modelanalysisFor the Douglas-fir
populationthe following modelwasused:

y=Xp+Za+ Z,sa+ Z,s(rep) + Z,sf + Z.f + e (1)

Wherey is the phenotypictrait measuremeni is avectorof fixed effectyincluding mean
andsiteeffects)q is avectorof individual randomadditivegeneticeffects- N(0, Ac,?), sa isa
sitex additivegenetidnteraction~ N(O, Iosaz), s(rep) is avectorof the block effectwithin site
~ N(O,Ios(rep)z), sfisarandomeffectsitex family interaction~ N(0, Iosf), fis the effectof fam-
ily ~ N(0, Is®), ande is therandomresidualeffect~ N(0, Io?), and X, Z,_s areincidence
matricesassignindixed andrandomeffectdo eachobservationI is theidentity matrix and A
theaverageumeratorrelationshipmatrix.

Narrow-senséeritability wascalculatedash? = 6,2/ (0,2 + 052 +0sf + 0f + 0c2), where
0.2, 052, 0s¢, of and o arethe variancef additivegenetic sitex additivegenetic sitex fam-
ily, family, andresidualeffectsrespectively.

Forthelnterior Sprucepopulation,a similar mixed modelwasused without family effect:

y=Xp+Za+ Z,sa+ Z,s(rep) + e (2)

wherey is the phenotypicmeasuremendf the analyzedrait, 3 is a vectorof fixed effect(i.e.,
the overallmeanandthe siteeffect) a is avectorof randomadditiveeffects~ N(0, Ac%), sa is
asitex additivegenetidnteraction~ N(O, Iozsa), s(rep) is avectorof the block effectwithin site
~ N(O, Ios(,ep)z), eisatherandomresidualeffect~ N(0, Io%), andX, Z,_; areincidencematri-
cesassignindixed andrandomeffectso eachobservationI istheidentity matrix and A the
averageumeratorrelationshipmatrix.

Narrow-senséeritability wascalculatedash? = 0,7 (0.2 + 052 + 0¢2), whereo,?, 052, and
o¢’ arethevariance®f additivegeneticsitex additivegeneticandresidualeffectsrespectively.

ABLUP cross-validatiorfor both speciesvasperformedin ASRemR v4.0[58]. Tenfold
cross-validatiorwasperformed,usingrandomlysampledndividualsfrom all 3 sites(Adams,
FleetRiverandLostCreekfor Douglas-fir;,AlezaLake PGTISand Quesnefor Interior
spruce)to constructthe model,andthe remainderto composehevalidationset.Prediction
accuracyfor ABLUPwascalculatedasthe correlationbetweerthe EBVsfrom thevalidation
setsandtheir original EBVscalculatedrom Egsl and 2, for Douglas-firandInterior spruce
respectivelyABLUP predictionaccuracywascomparedo GSpredictionaccuracyfor all SNP
settotals.

Genomic selection and cross-validation

The GSmethodusedin the analysisvasridgeregressioifRR-BLUP)[64], andwasimple-
mentedusingthe R packagebigRR[65]. ThegenomicpredictedEBVS(GEBVs)for height,
werecalculatedasthe sumof all markereffectswithin eachindividual tree.Marker effects
wereestimatedusingthe following mixed model,from Henderson66]:

Yegy =l +2Zg + e (3)
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whereyggy is thevectorof n treeEBVrecordsfor height,1 isavectorof 1, u istheintercept,g
isthevectorof randommarkereffectsZ is the designmatrix for the randommarkereffects,
ande istheresidualrandomeffectssector.In the RR-BLUPproceduretheresidualsand
markereffectaarepresumedo follow normal distributionswith constantvariancej.e.e ~
N(0,1Is?) andg ~ N(0, I}), wherel is anidentity matrix. Marker effectsolutionsarecalcu-

latedaccordingto the following equation:
&= (ZZ+A)"Z1y (4)

wheref = ¢? /aj istheridgepenalizatiorparameterMarker effectsareassumedo bedistrib-
utedequally andassuchall areuniformly shrunktowardszero.

Predictiveaccuracywasusedto estimatethe performanceof this GSmethod.Predictive
accuracywasdeterminedasthe meanof thereplicationsof the Pearsorproduct-momentcor-
relationbetweerestimatedreedingvaluedEBVs)of the validationsetandtheir genomicesti-
matedbreedingvalueGEBVs)or r(EBV,GEBV) Validationwasappliedasareplicated
randomlyassigned 0-foldcrossvalidationrepeatedLOtimesin which 9/10foldswereusedto
train themodel,the otherfold constitutingthe validationpopulation.Information from the 3
siteswerepooled.
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