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Overview of R/qtl

R/qtl is anextensible interactive ervironmentfor mappingquantitatve trait loci (QTLS) in experimentakrosses.
It is implementedasan add-onpackageor the freely availableandwidely usedstatisticallanguage/softareR (see
www.R-project.og). The developmentof this software asan add-onto R allows us to take advantageof the basic
mathematicahndstatisticalfunctions,andpowerful graphicscapabilities thatareprovidedwith R. Further the user
will benefitby the seamlesintegerationof the QTL mappingsoftwareinto ageneraktatisticalanalysigorogram.Our
goalis to make complex QTL mappingmethodswidely accessiblendallow usersto focuson modelingratherthan
computing.

A key componenbf computationamethodsfor QTL mappingis the hiddenMarkov model(HMM) technology
for dealingwith missinggenotypedata. We have implementedhe main HMM algorithms,with allowancefor the
presencef genotypingerrors,for backcrossesntercrossesandphase-knan four-way crosses.

The currentversionof R/qtl includesfacilities for estimatinggeneticmaps,identifying genotypingerrors,and
performingsingle-QTLgenomescansandtwo-QTL, two-dimensionagenomescanspy interval mapping(with the
EM algorithm),Haley-Knott regressionand multiple imputation. All of this may be donein the presencef covari-
ates(suchassex, ageor treatment). The fit of higherorder QTL models,with sophisticatedechniquesor model
comparisorandmodelsearchwill beincorporatedsoon.

R/qtl is distributedassourcecodefor unix or compiledcodefor Windows. The unix sourcewill likely work for
MacOS,but we haven't testedit. (If youwouldliketo purchaseaMac for me, I’ Il seethatit works.) R/qtl is released
underthe GNU GeneraPublicLicense.To downloadthe software,you mustagreeto the termsin thatlicense.

Overview of R

R is an open-sourcémplementationof the S language. As describedon the R-projecthomepaggwww.R-
project.op):

Ris ‘GNU S'—A languageandervironmentfor statisticalcomputingandgraphics.R is similar to the
award-winningS systemwhichwasdevelopedat Bell Laboratoriedy JohnChambergtal. It providesa
wide variety of statisticalandgraphicaltechniqueglinearandnonlinearmodelling,statisticaltests time
seriesanalysisclassificationgclustering... .).

Ris designedsatruecomputettanguagevith control-flov constructiongor iterationandalternationand
it allows usersto addadditionalfunctionality by definingnew functions. For computationallyintensive
tasks,C, C++andFortrancodecanbelinkedandcalledat runtime.

R is freely availablefor Windows, unix andMacOS,andmay be downloadedrom the Comprehensie R Archive
Network (CRAN; cran.rproject.on).

LearningR mayrequirea formidableinvestmenbf time, but it will definitelybeworth the effort. Numeroudree
documentn gettingstartedwith R areavailableon CRAN. In additional,severalbooksareavailableon S/S-PLUS,
whichis very similarto R. For example,seeWN VenablesBD Ripley (1999)Modern Applied Satisticswith S-PLUS,
3rd edition. Springer



Current R/qgtl functions

Sampledata badorder An intercrosswith misplacednarkers
fake.4way Simulateddatafor a 4-way cross
fake.bc Simulateddatafor abackcross
fake.f2 Simulateddatafor anF, intercross
hyper Backcrosslataon salt-inducechypertension
listeria Intercrossgdataon Listeriamonog/togenesusceptibility
I nput/output read.cross Readdatafor a QTL experiment
write.cross Write datafor a QTL experimentto afile
Simulation sim.cross Simulatea QTL experiment
sim.map Generatea geneticmap
Summaries geno.table Createtableof genotypedistributions
nind Numberof individuals
nchr Numberof chromosomes
nphe Numberof phenotypes
nmar Numberof markersperchromosome
plot.cross Plot variousfeaturesof a crossobject
plot.missing Plotgrid of missinggenotypes
plot.info Plot the proportionof missinggenotypedata
summarycross Printsummaryof QTL experiment
totmar Total numberof markers
Data manipulation C.Cross Combinecrosses
clean Remoave intermediatecalculationsrom a cross

drop.marlers
drop.nullmarlers
fill.geno
pull.map
replace.map
subset.cross
switch.order

Remore alist of markers

Remore markerswithout data

Fill in holesin genotypedataby imputationViterbi

Pull outthe geneticmapfrom across
Replacethegeneticmapof across

Selecta subsebf chromosomeand/orindividualsfrom a cross
Switchtheorderof markersonachromosome

HMM engine argmax.geno Reconstructinderlyinggenotypes
calc.genoprob Calculateconditionalgenotypeprobabilities
sim.geno Simulategenotypegivenobsenedmarker data
I nterval mapping scanone Genomescanwith asingleQTL model
scantvo Two-dimensionagenomescanwith atwo-QTL model
plot.scanone Plot outputfor asinglegenomescan
plot.scantve Plot outputfor atwo-dimensionafjenomescan
summaryscanone  Printsummaryof scanoneutput
summaryscantvo Print summaryof scantvo output
Genetic mapping est.map Estimategeneticmaps
est.rf Estimatepairwiserecombinatiorfractions
plot.map Plotgeneticmap(s)
plot.rf Plotrecombinatiorfractions
ripple Assesanarker orderby permutinggroupsof adjacenmarkers

summaryripple

Print summaryof ripple output

Genotyping errors

calc.errorlod
plot.errorlod
plot.geno
top.errorlod

CalculateLincoln & Lander(1992)errorLOD scores
Plotgrid of errorLOD values

Plot obsenedgenotypesflagginglikely errors

List genotypeswith highesterrorLOD values




Preliminaries

Useof the R/gtl packageequiresconsiderablénowledgeof the R language/evironment.We hopethatthe examples
presentecherewill be understandablevith little prior knowledgeof R or Splus,especiallybecausave neglect to
explain the syntaxof R. Severalbooks,aswell assomefree documentsareavailableto assistthe userin learningR;
seethe R projectwebsitescited above. We assumeéherethatthe useris runninga versionof the Windows operating
system.

1. To startR, double-clickits icon.

2. To exit, type:
a0

Click yesor noto save or discardyour work.

w

. LoadtheR/qtl package:
library(qtl)

A

. View theobjectsin your workspace:
Is()

5. The bestway to gethelp on the functionsanddatasetsin R (andin R/qtl) is via the html versionof the help
files. Oneway to getaccesso thisis to click (onthemenubar)Help — R languagehtml). If youthenclick on
Packages— qtl, you canseeall of the availablefunctionsanddatasetsn R. For example,look at the helpfile
for thefunctionread.cross

An alternatve methodto view this helpfile is to type oneof thefollowing:

help(read.cross)
?read.cross

The html versionof the help files are somavhat easierto read,and allow useof hotlinks betweendifferent
functions.Typing the following will make the above text command®openthe html version.

options(htmlhelp=TRUE)

You cancreatea file "c:\.Rprofile" containingary R codeto be executedwhenever R is started. The
commanddibrary(qtl) andoptions(htmlhelp=TRUE) aregoodcandidatedor placemenin such
afile.

Dataimport

A difficult first stepin the useof mostdataanalysissoftwareis the import of data. With R/qtl, onemayimport data
in several differentformatsby useof thefunctionread.cross . Theinternaldatastructureusedby R/qtl is rather
complicatedandis describedn the helpfile for read.cross . Wewon't discusslataimportary furtherhere except
to saythatthecomma-delimitedormat(“csv" ) is recommendedf you have troubleimportingdata,sendanemail
to Karl Broman(kbroman@jhsph.edu ) perhapsattachingexamplesof your datafiles. (Suchdatawill be kept
confidential.)

Example 1: Hypertension

As afirst example,we considerdatafrom anexperimenton hypertensiorin the mouse(Sugiyamaet al., Genomics
71:70-772001),kindly providedby Bev PaigenandGary Chuchill.

1. First,getaccesdo thedata,seethatit is in your workspaceandview its helpfile.

data(hyper)

Is()
?hyper



2. We will postpondliscussiorof the internaldatastructureusedby R/qtl until later. For now we'll just saythat
thedatahyper has“class”"cross" . Thefunctionsummary.cross printssummaryinformationon such
data.We cancall thatfunctiondirectly, or we maysimply usesummary andthe datais sentto theappropriate
functionaccordingo its class.

summary(hyper)

Several otherutility functionsareavailablefor gettingsummaryinformationon the data. Hopefully theseare
self-explanatory

nind(hyper)

nphe(hyper)

nchr(hyper)

totmar(hyper)

nmar(hyper)

3. Plotasummaryof thesedata.

plot(hyper)
In theupperleft, blackpixelsindicatemissinggenotypedata.Notethatonemarker hasno genotypedata.In the
upperright, the geneticmapof the markersis shavn. In thelower left, a histogramof the phenotypés shown.

TheWindows versionof R hasaslick methodfor recordinggraphs sothatonemay pageup anddown through
aseriesof plots. To initiate this, click (onthemenubar) History — Recording

We may plot theindividual component®f the abose multi-plot figure asfollows.

plot.missing(hyper)
plot.map(hyper)
hist(hyper$phenol,1], breaks=30)

4. Notetheoddpatternof missingdata;we maymake this missingdataplot with theindividualsorderedaccording
to thevalueof their phenotype.

plot.missing(hyper,reorder=TRUE)

We seethat,for mostmarlkers,only individualswith extremephenotypesveregenotyped At mary markers(in
regionsof interest), markersweretypedonly on recombinantndividuals.

5. Thefunctiondrop.nullmarkers may be usedto remove markersthathave no genotypedata(suchasthe
marker on chromosomei4). A call to totmar will showv thattherearenow 173 markers(ratherthan173,as
therewereinitially).

hyper <- drop.nullmarkers(hyper)
totmar(hyper)

6. Estimaterecombinatiorfractionsbetweerall pairsof markers,andplot them. This alsocalculated OD scores
for thetestof Ho: » = 1/2. The plot of the recombinatiorfractionscanbe eitherwith recombinatiorfractions
in the upperpartand LOD scoresbelaw, or with just recombinatiorfractionsor just LOD scores. Note that
red correspondso a smallrecombinatiorfraction or a big LOD score,while blueis the reverse. Gray values
correspondiremissing.

hyper <- est.rf(hyper)

plot.rf(hyper)

plot.rf(hyper,c(1,4))

Therearesomevery strangepatternsn therecombinatiorfractions but thisis dueto thefactthatsomemarkers
weretypedonly onrecombinanindividuals.

For example, on chr 6, the 9th marker shavs a high recombinationfraction with all other markers on the
chromosomebut a plot of the missingdatashaws that this marker wastyped only on a selectechumberof
individuals(thoseshawing recombinatioreventsacrosgheintenal).

plot.rf(hyper,6)
plot.missing(hyper,6)



7.

10.

11.

Re-estimatehe geneticmap (keepingthe orderof markersfixed), andplot the original mapagainsthe newly
estimatecbne.

newmap <- est.map(hyper, error.prob=0.01)

plot.map(hyper, newmap)

We seesomemap expansion,especiallyon chromosomes$, 13 and18. It is questionablevhetherwe should
replacethe mapor not. Keepin mind thatthe previousmaplocationsarebasedn alimited numberof meioses.
If onewishedto replacethe geneticmapwith theestimatedne,it couldbe doneasfollows:

hyper <- replace.map(hyper, newmap)

. We now turn to the identificationof genotypingerrors. In the following, we calculatethe error LOD scoresof

Lincoln andLander(1992).A LOD scoreis calculatedor eachindividual ateachmarker; large scoredndicate
likely genotypingerrors.

The core of R/qtl is a setof functionswhich make useof the hiddenMarkov model (HMM) technologyto
calculateQTL genotypeprobabilities to simulatefrom the joint genotypedistribution andto calculatethe most
likely sequenc®f underlyinggenotypegall conditionalon the obsened marker data). This is donein a quite
generalway, with possibleallowancefor the presencef genotypingerrors. Of course,we mustassumeno
crosseer interference.The function calc.genoprob performsthefirst of these;the valuesare usedin the
calculationof theerrorLOD scores.

hyper <- calc.genoprob(hyper, error.prob=0.01)
hyper <- calc.errorlod(hyper, error.prob=0.01)

We may now malke variousplots andreceie othersummaryinformationregardingwhich genotypesrelikely
in error.

plot.errorlod(hyper)
top.errorlod(hyper)
plot.errorlod(hyper, chr=c(4,11,16))

. Thefunctionplot.geno  maybeusedto inspecttheobsenedgenotypegor achromosomewith likely geno-

typing errorsflagged.Of coursejt’s difficult to look attoo mary individualsat once.Notethatwhite = AA and
black= AB (for abackcross).

plot.geno(hyper, chr=16, ind=71:90, min.sep=4)

We don't have ary utilities for fixing any apparenterrors;it would be bestto go backto theraw data.

We now, finally, getto interval mapping. We re-calculatehe QTL genotypeprobabilities(at 2 cM steps),and
thendo a genomescan,with a normalmodel. We may usemaximumlik elihoodvia the EM algorithmor use
Haley-Knott regressionHaley andKnott 1992).

hyper <- calc.genoprob(hyper, step=2)

out.em <- scanone(hyper)

out.hk  <- scanone(hyper, method="hk")

We may alsousethe multiple imputationmethodof Senand Churchill (2001). This requiresthatwe first use
sim.geno to simulatefrom thejoint genotypedistribution, giventhe obsenedmarker data.

hyper <- sim.geno(hyper, step=2, n.draws=64)

outimp <- scanone(hyper, method="imp")

Theoutputof scanonénasclass'scanone” ; thefunctionsummary.scanone displaysthe maximumLOD
scoreon eachchromosomdor whichthe LOD exceedsa specifiecthreshold.

summary(out.em)
summary(out.em, 3)

summary(out.hk, 3)
summary(out.imp, 3)
We may alsoplot theresults. plot.scanone canplot up to threegenomescansat once,providedthatthey

conformappropriatelyAlternatively, onemay usethe argumentadd .
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12.

13.

14.

15.

16.

17.

plot(out.em, chr=c(1,4,15))

plot(out.hk, chr=c(1,4,15), col="blue")

plot(out.imp, chr=c(1,4,15), col="red")

plot(out.hk, out.imp, out.em, ,chr=c(1,4,15), col=c("red","blue","black"))
Thefunctionscanone mayalsobeusedto performapermutatiortestto getagenome-widé.OD significance
threshold.This cantake along time, sowe’ll justdothreepermutations.

operm.hk <- scanone(hyper, method="hk", n.perm=3)

qguantile(operm.hk, 0.95)

We shouldmentionat this point thatthe functionsave.image maybe usedto sase your workspaceo disk.
If R crashesyouwill wishyou hadusedthis.

save.image()
The function scantwo performsa two-dimensionafgenomescanwith a two-QTL model. For every pair of

positions, it calculatesa joint LOD scoreand a LOD scorefor a testof epistasis. This can be quite time
consumingandsoyou maywishto do the calculationson a coarsegrid.

hyper.coarse <- calc.genoprob(hyper, step=10, error.prob=0.01)
out2.hk  <- scantwo(hyper.coarse, method="hk")
out2.em <- scantwo(hyper.coarse, method="em")
hyper.coarse <- sim.geno(hyper.coarse, step=10, n.draws=16)
out2.imp  <- scantwo(hyper.coarse, method="imp")

The outputof scantwo hasclass"scantwo" ; thereare functionsfor obtainingsummariesand plots, of
course.

summary(out2.hk, c(8,3,3))
summary(out2.hk, ¢(0,4,1000))
summary(out2.hk, ¢(0,1000,4))

The summaryfunction requiresLOD thresholdson the joint LOD score,the epistasid.OD score,andon the
conditionalLOD scorefor asingleQTL. For eachpair of chromosomeghelocuspair with the maximumjoint
LOD is printedif thejoint LOD exceedsts thresholdandeitherthe epistasid. OD scoreexceedsts threshold
or bothloci have conditionalLOD scoreghatexceedtheir threshold.

plot(out2.hk)
plot(out2.hk,chr=c(1,4))

In the plot of theresultsof pairscan , theepistasid. OD scoresappeatin the upperleft triangleandthejoint
LOD scoresappearn the lower right triangle. The color scaleon the right indicatesseparatescalesfor the
epistasisandjoint LOD scoreqontheleft andright, respectiely).

Onemay alsousescantwo to performpermutationtestsin orderto obtaingenome-widd_OD signficance
thresholdsThesemaytake daysto complete sowe’ll againjustdo threepermutations.

operm2 <- scantwo(hyper.coarse, method="hk", n.perm=3)

apply(operm2, 2, quantile, 0.95)

The outputof scantwo , whenn.perm is specified,is a matrix with two columns—themaximumjoint and
epistasid. OD scoresacrosghetwo-dimensionajenomescan for eachpermutatiorreplicate.

You maywish to cleanup your workspacebeforewe move onto the next example.

Is()
rm(list=Is())



Example 2: Genetic mapping

R/gtl includessomeutilities for estimatinggeneticanapsandcheckingmarker orders.In this example,we describe
the useof theseutilities.

1. Getaccesd$o somesampledata.Thisis simulateddatawith someerrorsin marker order
data(badorder)
summary(badorder)
plot(badorder)

2. Estimaterecombinatiorfractionsbetweenrall pairsof markers,andplot them.

badorder <- est.rf(badorder)
plot.rf(badorder)

It appearghatmarkerson chromosomeg and3 have beenswitched.Moreover, if we look morecloselyatthe
recombinatiorfractionsfor chromosomé., thereseemto be someerrorsin marker order

plot.rf(badorder, chr=1)
Unfortunately R/qtl doesnt have facilities for easilyfixing suchproblems. It might be bestto work directly
with theraw dataandthenimportit again.

3. Re-estimat¢hegeneticmap.

newmap <- est.map(badorder)
plot.map(badorder, newmap)

Thisreally shavs thatthe problemson chromosome® and3.

4. We can, however, further checkthe marker orderon chromosomel. The functionripple  will considerall
permutationf a sliding window of adjacentmarkers, re-estimatinghe geneticmap and calculatinga LOD
score(log; g likelihoodratio) relative to the initial order This may be donewith allowancefor the presencef
genotypingerrors.As might be expectedthe procescanberathercomputationallyintensie.

Thefollowing checkgshemarkerorderonchromosomé, permutinggroupsof threeadjacentnarkers,assuming
agenotypingerrorrateof 1%.

rp3 <- ripple(badorder, chr=1, window=3, err=0.01)

summary(rip3)

In thesummaryoutput,markers9—11clearlyneedto beflipped. (Positve LOD scoredndicatethatthealternate
orderhasahigherlik elihoodthantheoriginal.) Therealsoseemso bea problemwith the orderof markers4—6.

We canswitch the orderof markers9—11with the function switch.order (which works only for a single
chromosomepndthenre-assesshe order Note that the secondrow of rip3  correspondgo the improved

order
badorder.rev <- switch.order(badorder, 1, rip3[2,])
rp3r  <- ripple(badorder.rev, chr=1, window=3, err=0.01)

summary(rip3r)

It'sclearthatmarker 6 needgo bemoved. It' slessclearwhetherit belongshetweemmarkers4 and5 or between
markers3 and4. Theformeris the bestsupportedrder

badorder.rev <- switch.order(badorder.rev, 1, rip3r[2,])

5. We canlook againattherecombinatiorfractionsfor this chromosome.

badorder.rev <- est.rf(badorder.rev)
plot.rf(badorder.rev, 1)



Example 3: Listeria susceptibility

In orderto demonstratdurther usesof the function scanone , we considersomedataon susceptibilityto Listeria
monocytogenes in mice (Boyartchuket al., NatureGenetic27:259-2602001). Thesedatawerekindly provided by
Victor BoyartchukandBill Dietrich.

1. Getaccesso thedataandview somesummaries.

data(listeria)
summary(listeria)
plot(listeria)
plot.missing(listeria)

Notethatin the missingdataplot, gray pixelsare partially missinggenotypege.g.,a genotypemay be known
to beeitherAA or AB, but notwhich).

Thephenotypéhereis the survival time of amouse(in hours)following infectionwith Listeria monocytogenes.
Individualswith a survival time of 264 hoursarethosethatrecoveredfrom theinfection.

2. We'll take thelog phenotypeandaddit to the phenotypeadata.

y <- log(listeria$pheno[,1])
listeria$pheno <- chind(listeria$pheno, logSurv=y)
plot(listeria)

3. Estimatepairwiserecombinatiorfractions.

listeria <- est.rf(listeria)
plot.rf(listeria)
plot.rf(listeria,c(5,13))

4. Re-estimatehe geneticmap.

newmap <- est.map(listeria)
plot.map(listeria, newmap)

5. Investigategenotypingerrors.

listeria <- calc.genoprob(listeria,error.prob=0.0 1)

listeria <- calc.errorlod(listeria,error.prob=0.0 1) plot.errorlod(listeria)
top.errorlod(listeria)

plot.errorlod(listeria,c(5,13))

plot.geno(listeria, chr=13, ind=61:70, min.sep=2 )

Notethatin the plot givenby plot.geno , for anintercrosswhite = AA, gray= AB, black= BB, green= AA
or AB, andorange= AB or BB.

6. Now onto the QTL mapping.

7. Recallthatthe phenotypalistribution shavs a cleardeparturérom the standardassumptiongor interval map-
ping; 30% of the mice survivedlongerthan264 hours,andwereconsideredecoveredfrom theinfection.

Oneapproacltfor thesedatais to usethetwo-partmodelconsideredy Boyartchucketal. (2001).In thismodel,
a mousewith genotypeg hasprobability p, of surviving the infection. If it doesdie, its log survival time is

assumedo be distributed normal(,,02). Analysis proceedsby maximumlikelihood via an EM algorithm.
ThreeLOD scoresarecalculated LOD(p, p) is for thetestof the null hypothesip, = p andp, = p. LOD(p)

is for thetestof the hypothesip, = p but the i areallowedto vary. LOD(y) is for the testof the hypothesis
tg = p butthep areallowedto vary.

Thefunctionscanone will fit theabore modelwhentheargumentmodel="2part" . Onemustalsospecify
theargumentupper , whichindicatesvhetherthe spike in the phenotypés themaximumphenotypdasit with
this phenotypetake upper=TRUE) or the minimum phenotypgtake upper=FALSE ). For this model,only
the EM algorithmhasbeenimplementedsofar.



10.

listeria <- calc.genoprob(listeria, step=2)

out.2p <- scanone(listeria, pheno.col=2, model="2part", upper=TRUE)
Notethat,becausehis modelhasthreeextra parameterghe appropriatde OD thresholds higher—around4.5
ratherthan3.5. ThethreedifferentLOD curvesarein columns3-5of theoutput. Thefunctionplot.scanone
assumeshe LOD scoreis in the third column,andsowe plot theseextra LOD scoreshy remaoving the earlier
columns.

summary(out.2p)
summary(out.2p, 4.5)

plot(out.2p)
plot(out.2p, out.2p[,-3], out.2p[,-(3:4)], chr=c(1,5,13,15),
Ity=1, col=c("black", "red",  "blue")

Notethatthelocuson chromosomd shows effect mostly on the meantime-to-deathconditionalon death the
locuson chromosom® shows effectmostly onthe probability of survival, andtheloci onchromosome43and
15 shawvs someeffecton each.

. Permutatiortestsmay be performedasbefore. The outputwill have threecolumns,correspondingo thethree
LOD scores.
operm.2p <- scanone(listeria, model="2part", pheno.col=2,

upper=TRUE, n.perm=3)
apply(operm.2p, 2, quantile, 0.95)

. Alternatively, onemay performseparat@nalyse®f thelog survival time, conditionalon death,andthe binary

phenotypesurvival/death First we setup thesephenotypes.

z <- y < X <- listeria$pheno[,2]
mx <- max(Xx, na.rm=TRUE)

y[lis.na(x) & x==mx] <- NA

z[lis.na(x) & x<mx] <- 0

z[lis.na(x) & x==mx] <- 1

listeria$pheno <- chind(listeria$pheno, logSurv2=y, binary=z)

plot(listeria)

We usestandardnterval mappingfor thelog survival time conditionalon deaththeresultsareslightly different
from LOD(u).

outmu <- scanone(listeria, pheno.col=3)

plot(out.mu, out.2p[,-(3:4)], chr=c(1,5,13,15))

We canusescanone with model="binary" to analyzethe binary phenotype.Again, the resultsareonly
slightdifferentfrom LOD(p).

out.p <- scanone(listeria, pheno.col=4, model="binary")

plot(out.p, out.2p[,-3], chr=c(1,5,13,15))

A furtherapproachis to useanon-parametriéorm of interval mapping.R/qgtl usesanextensionof the Kruskal-

Wallis teststatistic. Usescanone with model="np" . In this casethe agumentmethod is ignored;the

analysismethodis muchlik e Haley-Knott regressionlf theargumentties.random=TRUE , tied phenotypes
arerankedatrandom.If ties.random=FALSE |, tied phenotypesregiventhe averagerankanda correction

is appliedto theLOD score.

out.npl <- scanone(listeria, model="np", ties.random=TRUE)

out.np2 <- scanone(listeria, model="np", ties.random=FALSE)

plot(out.np1l, out.np2)

plot(out.2p, out.npl, out.np2, chr=c(1,5,13,15), lty=1,
col=c("black", "blue”, "red")

Note that the significancethresholdfor the non-parametriggenomescanwill be quite a bit smallerthanthat
for the two-partmodel. The two approachegive basicallythe sameresults. Randomizingties for the non-
parametricapproachcan give quite variableresultsin the caseof a greatnumberof ties, and so we would
recommendheuseof ties.random=FALSE in thiscase.
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Example4: Covariatesin QTL mapping
As afurtherexample weillustratetheuseof covariatesn QTL mapping.We consideisomesimulatecbackcrosslata.

1. Getaccesdo thedata.

data(fake.bc)
summary(fake.bc)
plot(fake.bc)

2. Performgenomescandor thetwo phenotypesvithout covariates.

fake.bc  <- calc.genoprob(fake.bc, step=2.5)
outl.nocovar <- scanone(fake.bc, pheno.col=1)
out2.nocovar <- scanone(fake.bc, pheno.col=2)

3. Performgenomescanswith ageasanadditive covariate

ac <- fake.bc$pheno[,"age"]
outl.covar.a <- scanone(fake.bc, pheno.col=1, addcov=ac)
out2.covar.a <- scanone(fake.bc, pheno.col=2, addcov=ac)

4. Performgenomescanswith ageasanadditive covariateandsex asa covariateinteractingwith QTL genotype.

ac <- fake.bc$pheno[,c("sex","age")]

ic <- fake.bc$phenol,"sex"]

outl.covar.b <- scanone(fake.bc, pheno.col=1, addcov=ac, intcov=ic)
out2.covar.b <- scanone(fake.bc, pheno.col=2, addcov=ac, intcov=ic)

5. Getsomesummaries.

summary(outl.nocovar, 3)
summary(outl.covar.a, 3)
summary(outl.covar.b, 3)
summary(out2.nocovar, 3)
summary(out2.covar.a, 3)
summary(out2.covar.b, 3)

6. Make someplots.

plot(outl.nocovar, outl.covar.a, outl.covar.b, Ity=1,
chr=c(2,5,10), col=c("black","blue","red"))

plot(out2.nocovar, out2.covar.a, out2.covar.b, Ity=1,
chr=c(2,5,10), col=c("black”,"blue”,"red"))

Internal data structure

Finally, let usbriefly describeherathercomplicateddatastructurethatR/qtl usesfor QTL mappingexperimentsThis
will beratherdull, andwill requireagooddealof familiarity with theR (or S) language The choiceof datastructure
requiredsomebalancebetweeneaseof programmingandsimplicity for the userinterface. The syntaxfor references
to certainpiecesof theinternaldatacanbecomesxtremelycomplicated.

1. Getaccesd$o somesampledata.
data(fake.bc)
2. First, theseobjectshave a “class] which indicatesthatit correspondso datafor an experimentalcross,and

givesthe crosstype. By having classcross |, the functionsplot andsummary know to sendthe datato
plot.cross andsummary.cross

class(fake.bc)
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. Every cross objecthastwo componentspne containingthe genotypedataand geneticmapsandthe other
containingthe phenotypelata.

names(fake.bc)

. The phenotypedatais simply a matrix (morestrictly a data.framewith rows correspondingo individualsand
columnscorrespondindgo phenotypes.

fake.bc$pheno

. The genotypedatais a list with componentsorrespondingo chromosomesEachchromosoméiasa name

andaclass.Theclassfor achromosomés either"A" or "X" , accordingto whetherit is anautosomer the X
chromosome.

names(fake.bc$geno)

sapply(fake.bc$geno, class)

. Eachcomponenbf geno containstwo componentsdata (containingthe marker genotypedata)and map
(containingthe positionsof the markers,in cM).

names(fake.bc$genol[3]])
fake.bc$geno[[3]]$data[1:5,]
fake.bc$genol[[3]]$map

That'sit for theraw data.

. Whenonerunscalc.genoprob  ,sim.geno ,argmax.geno or calc.errorlod , theoutputis theinput
crossobjectwith the derived dataattachedo eachcomponen{the chromosomes)f thegeno component.
names(fake.bc$geno([3]])

fake.bc  <- calc.genoprob(fake.bc, step=10, err=0.01)
names(fake.bc$genol[3]])

fake.bc  <- sim.geno(fake.bc, step=10, n.draws=10, err=0.01)
names(fake.bc$geno[[3]])

fake.boc <- argmax.geno(fake.bc, step=10, err=0.01)
names(fake.bc$geno|[3]])fake.bc <- calc.errorlod(fake.bc, err=0.01)

names(fake.bc$genol[3]])
. Finally, whenonerunsest.rf , amatrix containingthe pairwiserecombinatiorfractionsandLOD scoress
addedto the crossobject.

names(fake.bc)
fake.bc  <- est.rf(fake.bc)
names(fake.bc)
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