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Overview of R/qtl

R/qtl is anextensible,interactive environmentfor mappingquantitative trait loci (QTLs) in experimentalcrosses.
It is implementedasanadd-onpackagefor the freely availableandwidely usedstatisticallanguage/softwareR (see
www.R-project.org). The developmentof this softwareasan add-onto R allows us to take advantageof the basic
mathematicalandstatisticalfunctions,andpowerful graphicscapabilities,thatareprovidedwith R. Further, theuser
will benefitby theseamlessintegerationof theQTL mappingsoftwareinto ageneralstatisticalanalysisprogram.Our
goal is to make complex QTL mappingmethodswidely accessibleandallow usersto focuson modelingratherthan
computing.

A key componentof computationalmethodsfor QTL mappingis thehiddenMarkov model(HMM) technology
for dealingwith missinggenotypedata. We have implementedthe main HMM algorithms,with allowancefor the
presenceof genotypingerrors,for backcrosses,intercrosses,andphase-known four-waycrosses.

The currentversionof R/qtl includesfacilities for estimatinggeneticmaps,identifying genotypingerrors,and
performingsingle-QTLgenomescansandtwo-QTL, two-dimensionalgenomescans,by interval mapping(with the
EM algorithm),Haley-Knott regression,andmultiple imputation.All of this maybedonein thepresenceof covari-
ates(suchassex, ageor treatment).The fit of higher-orderQTL models,with sophisticatedtechniquesfor model
comparisonandmodelsearch,will beincorporatedsoon.

R/qtl is distributedassourcecodefor unix or compiledcodefor Windows. Theunix sourcewill likely work for
MacOS,but we haven’t testedit. (If you would like to purchasea Mac for me,I’ ll seethatit works.)R/qtl is released
undertheGNU GeneralPublicLicense.To downloadthesoftware,youmustagreeto thetermsin thatlicense.

Overview of R

R is an open-sourceimplementationof the S language. As describedon the R-project homepage(www.R-
project.org):

R is ‘GNU S’—A languageandenvironmentfor statisticalcomputingandgraphics.R is similar to the
award-winningSsystem,whichwasdevelopedatBell Laboratoriesby JohnChambersetal. It providesa
wide varietyof statisticalandgraphicaltechniques(linearandnonlinearmodelling,statisticaltests,time
seriesanalysis,classification,clustering,. . . ).

R is designedasatruecomputerlanguagewith control-flow constructionsfor iterationandalternation,and
it allows usersto addadditionalfunctionalityby definingnew functions. For computationallyintensive
tasks,C, C++ andFortrancodecanbelinkedandcalledat run time.

R is freely availablefor Windows,unix andMacOS,andmaybedownloadedfrom theComprehensiveR Archive
Network (CRAN; cran.r-project.org).

LearningR mayrequirea formidableinvestmentof time,but it will definitelybeworth theeffort. Numerousfree
documentson gettingstartedwith R areavailableon CRAN. In additional,severalbooksareavailableon S/S-PLUS,
whichis verysimilar to R.For example,seeWN Venables,BD Ripley (1999)Modern Applied Statistics with S-PLUS,
3rdedition.Springer.
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Current R/qtl functions

Sample data badorder An intercrosswith misplacedmarkers
fake.4way Simulateddatafor a4-waycross
fake.bc Simulateddatafor abackcross
fake.f2 Simulateddatafor anF� intercross
hyper Backcrossdataonsalt-inducedhypertension
listeria IntercrossdataonListeriamonocytogenessusceptibility

Input/output read.cross Readdatafor a QTL experiment
write.cross Write datafor a QTL experimentto a file

Simulation sim.cross Simulatea QTL experiment
sim.map Generateageneticmap

Summaries geno.table Createtableof genotypedistributions
nind Numberof individuals
nchr Numberof chromosomes
nphe Numberof phenotypes
nmar Numberof markersperchromosome
plot.cross Plot variousfeaturesof acrossobject
plot.missing Plot grid of missinggenotypes
plot.info Plot theproportionof missinggenotypedata
summary.cross Print summaryof QTL experiment
totmar Total numberof markers

Data manipulation c.cross Combinecrosses
clean Remove intermediatecalculationsfrom across
drop.markers Removea list of markers
drop.nullmarkers Removemarkerswithoutdata
fill.geno Fill in holesin genotypedataby imputationViterbi
pull.map Pull out thegeneticmapfrom across
replace.map Replacethegeneticmapof a cross
subset.cross Selecta subsetof chromosomesand/orindividualsfrom across
switch.order Switchtheorderof markerson a chromosome

HMM engine argmax.geno Reconstructunderlyinggenotypes
calc.genoprob Calculateconditionalgenotypeprobabilities
sim.geno Simulategenotypesgivenobservedmarkerdata

Interval mapping scanone Genomescanwith a singleQTL model
scantwo Two-dimensionalgenomescanwith a two-QTL model
plot.scanone Plot outputfor asinglegenomescan
plot.scantwo Plot outputfor a two-dimensionalgenomescan
summary.scanone Print summaryof scanoneoutput
summary.scantwo Print summaryof scantwo output

Genetic mapping est.map Estimategeneticmaps
est.rf Estimatepairwiserecombinationfractions
plot.map Plot geneticmap(s)
plot.rf Plot recombinationfractions
ripple Assessmarkerorderby permutinggroupsof adjacentmarkers
summary.ripple Print summaryof ripple output

Genotyping errors calc.errorlod CalculateLincoln & Lander(1992)errorLOD scores
plot.errorlod Plot grid of errorLOD values
plot.geno Plot observedgenotypes,flagginglikely errors
top.errorlod List genotypeswith highesterrorLOD values
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Preliminaries

Useof theR/qtl packagerequiresconsiderableknowledgeof theR language/environment.We hopethattheexamples
presentedherewill be understandablewith little prior knowledgeof R or Splus,especiallybecausewe neglect to
explain thesyntaxof R. Severalbooks,aswell assomefreedocuments,areavailableto assisttheuserin learningR;
seetheR projectwebsitescitedabove. We assumeherethat theuseris runninga versionof theWindows operating
system.

1. To startR, double-clickits icon.

2. To exit, type:

q()

Click yesor no to saveor discardyourwork.

3. LoadtheR/qtl package:

library(qtl)

4. View theobjectsin yourworkspace:

ls()

5. Thebestway to get helpon the functionsanddatasetsin R (andin R/qtl) is via the html versionof the help
files. Oneway to getaccessto this is to click (on themenubar)Help � R language(html). If you thenclick on
Packages� qtl, you canseeall of theavailablefunctionsanddatasetsin R. For example,look at thehelpfile
for thefunctionread.cross .

An alternativemethodto view this helpfile is to typeoneof thefollowing:

help(read.cross)
?read.cross

The html versionof the help files are somewhat easierto read,andallow useof hotlinks betweendifferent
functions.Typing thefollowing will maketheabovetext commandsopenthehtml version.

options(htmlhelp=TRUE)

You cancreatea file "c:\.Rprofile" containingany R codeto be executedwhenever R is started.The
commandslibrary(qtl) andoptions(htmlhelp=TRUE) aregoodcandidatesfor placementin such
afile.

Data import

A difficult first stepin theuseof mostdataanalysissoftwareis the import of data.With R/qtl, onemay import data
in severaldifferentformatsby useof thefunction read.cross . The internaldatastructureusedby R/qtl is rather
complicated,andis describedin thehelpfile for read.cross . Wewon’t discussdataimportany furtherhere,except
to saythatthecomma-delimitedformat("csv" ) is recommended.If you have troubleimportingdata,sendanemail
to Karl Broman(kbroman@jhsph.edu ) perhapsattachingexamplesof your datafiles. (Suchdatawill be kept
confidential.)

Example 1: Hypertension

As a first example,we considerdatafrom anexperimenton hypertensionin themouse(Sugiyamaet al., Genomics
71:70-77,2001),kindly providedby Bev PaigenandGaryChuchill.

1. First,getaccessto thedata,seethatit is in yourworkspace,andview its helpfile.

data(hyper)
ls()
?hyper
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2. We will postponediscussionof 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 andthedatais sentto theappropriate
functionaccordingto its class.

summary(hyper)

Severalotherutility functionsareavailablefor gettingsummaryinformationon thedata. Hopefully theseare
self-explanatory.

nind(hyper)
nphe(hyper)
nchr(hyper)
totmar(hyper)
nmar(hyper)

3. Plota summaryof thesedata.

plot(hyper)

In theupperleft, blackpixelsindicatemissinggenotypedata.Notethatonemarkerhasnogenotypedata.In the
upperright, thegeneticmapof themarkersis shown. In thelower left, a histogramof thephenotypeis shown.

TheWindowsversionof R hasaslick methodfor recordinggraphs,sothatonemaypageupanddown through
aseriesof plots.To initiate this,click (on themenubar)History � Recording.

We mayplot theindividualcomponentsof theabovemulti-plot figureasfollows.

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

4. Notetheoddpatternof missingdata;wemaymakethismissingdataplot with theindividualsorderedaccording
to thevalueof theirphenotype.

plot.missing(hyper,reorder=TRUE)

Weseethat,for mostmarkers,only individualswith extremephenotypesweregenotyped.At many markers(in
regionsof interest),markersweretypedonly on recombinantindividuals.

5. Thefunctiondrop.nullmarkers maybeusedto remove markersthathave no genotypedata(suchasthe
marker on chromosome14). A call to totmar will show that therearenow 173markers(ratherthan173,as
therewereinitially).

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

6. Estimaterecombinationfractionsbetweenall pairsof markers,andplot them.This alsocalculatesLOD scores
for thetestof H �������
	���
 . Theplot of therecombinationfractionscanbeeitherwith recombinationfractions
in the upperpart andLOD scoresbelow, or with just recombinationfractionsor just LOD scores.Note that
redcorrespondsto a small recombinationfraction or a big LOD score,while blue is the reverse.Grayvalues
correspondaremissing.

hyper <- est.rf(hyper)
plot.rf(hyper)
plot.rf(hyper,c(1,4))

Therearesomeverystrangepatternsin therecombinationfractions,but this is dueto thefactthatsomemarkers
weretypedonly on recombinantindividuals.

For example,on chr 6, the 9th marker shows a high recombinationfraction with all other markers on the
chromosome,but a plot of the missingdatashows that this marker was typedonly on a selectednumberof
individuals(thoseshowing recombinationeventsacrosstheinterval).

plot.rf(hyper,6)
plot.missing(hyper,6)
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7. Re-estimatethegeneticmap(keepingtheorderof markersfixed),andplot theoriginal mapagainstthenewly
estimatedone.

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

We seesomemapexpansion,especiallyon chromosomes6, 13 and18. It is questionablewhetherwe should
replacethemapor not. Keepin mind thatthepreviousmaplocationsarebasedona limited numberof meioses.
If onewishedto replacethegeneticmapwith theestimatedone,it couldbedoneasfollows:

hyper <- replace.map(hyper, newmap)

8. We now turn to the identificationof genotypingerrors. In thefollowing, we calculatetheerrorLOD scoresof
Lincoln andLander(1992).A LOD scoreis calculatedfor eachindividualateachmarker; largescoresindicate
likely genotypingerrors.

The coreof R/qtl is a setof functionswhich make useof the hiddenMarkov model (HMM) technologyto
calculateQTL genotypeprobabilities,to simulatefrom thejoint genotypedistributionandto calculatethemost
likely sequenceof underlyinggenotypes(all conditionalon theobservedmarker data).This is donein a quite
generalway, with possibleallowancefor the presenceof genotypingerrors. Of course,we mustassumeno
crossover interference.Thefunctioncalc.genoprob performsthefirst of these;thevaluesareusedin the
calculationof theerrorLOD scores.

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

We maynow make variousplotsandreceive othersummaryinformationregardingwhich genotypesarelikely
in error.

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

9. Thefunctionplot.geno maybeusedto inspecttheobservedgenotypesfor achromosome,with likely geno-
typingerrorsflagged.Of course,it’sdifficult to look at toomany individualsatonce.Notethatwhite= AA and
black= AB (for a backcross).

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

We don’t haveany utilities for fixing any apparenterrors;it wouldbebestto go backto theraw data.

10. We now, finally, get to interval mapping.We re-calculatetheQTL genotypeprobabilities(at 2 cM steps),and
thendo a genomescan,with a normalmodel. We mayusemaximumlikelihoodvia theEM algorithmor use
Haley-Knott regression(Haley andKnott 1992).

hyper <- calc.genoprob(hyper, step=2)
out.em <- scanone(hyper)
out.hk <- scanone(hyper, method="hk")

We mayalsousethemultiple imputationmethodof SenandChurchill (2001). This requiresthatwe first use
sim.geno to simulatefrom thejoint genotypedistribution,giventheobservedmarkerdata.

hyper <- sim.geno(hyper, step=2, n.draws=64)
out.imp <- scanone(hyper, method="imp")

Theoutputof scanonehasclass"scanone" ; thefunctionsummary.scanone displaysthemaximumLOD
scoreon eachchromosomefor which theLOD exceedsaspecifiedthreshold.

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

11. We mayalsoplot theresults.plot.scanone canplot up to threegenomescansat once,providedthat they
conformappropriately. Alternatively, onemayusetheargumentadd .
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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"))

12. Thefunctionscanone mayalsobeusedto performapermutationtestto getagenome-wideLOD significance
threshold.Thiscantake a long time,sowe’ll just do threepermutations.

operm.hk <- scanone(hyper, method="hk", n.perm=3)
quantile(operm.hk, 0.95)

13. We shouldmentionat this point that thefunctionsave.image maybeusedto save your workspaceto disk.
If R crashes,youwill wishyou hadusedthis.

save.image()

14. The function scantwo performsa two-dimensionalgenomescanwith a two-QTL model. For every pair of
positions,it calculatesa joint LOD scoreand a LOD scorefor a test of epistasis. This can be quite time
consuming,andsoyoumaywish to do thecalculationson acoarsergrid.

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")

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

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

Thesummaryfunction requiresLOD thresholdson the joint LOD score,the epistasisLOD score,andon the
conditionalLOD scorefor asingleQTL. For eachpairof chromosomes,thelocuspair with themaximumjoint
LOD is printedif the joint LOD exceedsits thresholdandeithertheepistasisLOD scoreexceedsits threshold
or bothloci haveconditionalLOD scoresthatexceedtheir threshold.

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

In theplot of theresultsof pairscan , theepistasisLOD scoresappearin theupperleft triangleandthejoint
LOD scoresappearin the lower right triangle. The color scaleon the right indicatesseparatescalesfor the
epistasisandjoint LOD scores(on theleft andright, respectively).

16. Onemay alsousescantwo to performpermutationtestsin order to obtaingenome-wideLOD signficance
thresholds.Thesemaytakedaysto complete,sowe’ll againjustdo threepermutations.

operm2 <- scantwo(hyper.coarse, method="hk", n.perm=3)
apply(operm2, 2, quantile, 0.95)

Theoutputof scantwo , whenn.perm is specified,is a matrix with two columns—themaximumjoint and
epistasisLOD scores,acrossthetwo-dimensionalgenomescan,for eachpermutationreplicate.

17. Youmaywish to cleanupyourworkspacebeforewe moveon to thenext example.

ls()
rm(list=ls())
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Example 2: Genetic mapping

R/qtl includessomeutilities for estimatinggeneticsmapsandcheckingmarker orders.In this example,we describe
theuseof theseutilities.

1. Getaccessto somesampledata.This is simulateddatawith someerrorsin markerorder.

data(badorder)
summary(badorder)
plot(badorder)

2. Estimaterecombinationfractionsbetweenall pairsof markers,andplot them.

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

It appearsthatmarkerson chromosomes2 and3 have beenswitched.Moreover, if we look morecloselyat the
recombinationfractionsfor chromosome1, thereseemto besomeerrorsin markerorder.

plot.rf(badorder, chr=1)

Unfortunately, R/qtl doesn’t have facilities for easilyfixing suchproblems. It might be bestto work directly
with theraw dataandthenimport it again.

3. Re-estimatethegeneticmap.

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

This really shows thattheproblemson chromosomes2 and3.

4. We can,however, further checkthe marker orderon chromosome1. The function ripple will considerall
permutationsof a sliding window of adjacentmarkers,re-estimatingthe geneticmapandcalculatinga LOD
score(log � � likelihoodratio) relative to the initial order. This maybedonewith allowancefor thepresenceof
genotypingerrors.As might beexpected,theprocesscanberathercomputationallyintensive.

Thefollowingchecksthemarkerorderonchromosome1,permutinggroupsof threeadjacentmarkers,assuming
agenotypingerrorrateof 1%.

rip3 <- ripple(badorder, chr=1, window=3, err=0.01)
summary(rip3)

In thesummaryoutput,markers9–11clearlyneedto beflipped. (PositiveLOD scoresindicatethatthealternate
orderhasahigherlikelihoodthantheoriginal.) Therealsoseemsto beaproblemwith theorderof markers4–6.

We canswitch the orderof markers9–11with the function switch.order (which works only for a single
chromosome)and then re-assessthe order. Note that the secondrow of rip3 correspondsto the improved
order.

badorder.rev <- switch.order(badorder, 1, rip3[2,])
rip3r <- ripple(badorder.rev, chr=1, window=3, err=0.01)
summary(rip3r)

It’ sclearthatmarker6 needsto bemoved.It’s lessclearwhetherit belongsbetweenmarkers4 and5 or between
markers3 and4. Theformeris thebestsupportedorder.

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

5. We canlook againat therecombinationfractionsfor this chromosome.

badorder.rev <- est.rf(badorder.rev)
plot.rf(badorder.rev, 1)
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Example 3: Listeria susceptibility

In orderto demonstratefurther usesof the function scanone , we considersomedataon susceptibilityto Listeria
monocytogenes in mice(Boyartchuket al., NatureGenetics27:259-260,2001). Thesedatawerekindly providedby
Victor BoyartchukandBill Dietrich.

1. Getaccessto thedataandview somesummaries.

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

Notethat in themissingdataplot, graypixelsarepartially missinggenotypes(e.g.,a genotypemaybeknown
to beeitherAA or AB, but not which).

Thephenotypehereis thesurvival timeof amouse(in hours)following infectionwith Listeria monocytogenes.
Individualswith a survival timeof 264hoursarethosethatrecoveredfrom theinfection.

2. We’ll take thelog phenotypeandaddit to thephenotypedata.

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

3. Estimatepairwiserecombinationfractions.

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

4. Re-estimatethegeneticmap.

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 theplot givenby plot.geno , for anintercross,white= AA, gray= AB, black= BB, green= AA
or AB, andorange= AB or BB.

6. Now on to theQTL mapping.

7. Recallthat thephenotypedistribution shows a cleardeparturefrom thestandardassumptionsfor interval map-
ping;30%of themicesurvivedlongerthan264hours,andwereconsideredrecoveredfrom theinfection.

Oneapproachfor thesedatais to usethetwo-partmodelconsideredby Boyartchucketal. (2001).In thismodel,
a mousewith genotype� hasprobability ��� of surviving the infection. If it doesdie, its log survival time is
assumedto be distributednormal(��� , � � ). Analysis proceedsby maximumlikelihoodvia an EM algorithm.
ThreeLOD scoresarecalculated.LOD(����� ) is for thetestof thenull hypothesis������� and ������� . LOD(� )
is for thetestof thehypothesis��� �!� but the � areallowedto vary. LOD( � ) is for thetestof thehypothesis
���"�#� but the � areallowedto vary.

Thefunctionscanone will fit theabovemodelwhentheargumentmodel="2part" . Onemustalsospecify
theargumentupper , which indicateswhetherthespike in thephenotypeis themaximumphenotype(asit with
this phenotype;take upper=TRUE ) or the minimumphenotype(take upper=FALSE ). For this model,only
theEM algorithmhasbeenimplementedsofar.
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listeria <- calc.genoprob(listeria, step=2)
out.2p <- scanone(listeria, pheno.col=2, model="2part", upper=TRUE)

Notethat,becausethis modelhasthreeextra parameters,theappropriateLOD thresholdis higher—around4.5
ratherthan3.5.ThethreedifferentLOD curvesarein columns3–5of theoutput.Thefunctionplot.scanone
assumestheLOD scoreis in the third column,andsowe plot theseextra LOD scoresby removing theearlier
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),

lty=1, col=c("black", "red", "blue"))

Notethatthelocuson chromosome1 showseffectmostlyon themeantime-to-death,conditionalon death,the
locusonchromosome5 showseffectmostlyontheprobabilityof survival,andtheloci onchromosomes13and
15showssomeeffecton each.

8. Permutationtestsmaybeperformedasbefore.Theoutputwill have threecolumns,correspondingto thethree
LOD scores.

operm.2p <- scanone(listeria, model="2part", pheno.col=2,
upper=TRUE, n.perm=3)

apply(operm.2p, 2, quantile, 0.95)

9. Alternatively, onemayperformseparateanalysesof thelog survival time,conditionalon death,andthebinary
phenotypesurvival/death.First wesetup thesephenotypes.

z <- y <- x <- listeria$pheno[,2]
mx <- max(x, na.rm=TRUE)
y[!is.na(x) & x==mx] <- NA
z[!is.na(x) & x<mx] <- 0
z[!is.na(x) & x==mx] <- 1
listeria$pheno <- cbind(listeria$pheno, logSurv2=y, binary=z)
plot(listeria)

Weusestandardinterval mappingfor thelog survival timeconditionalondeath;theresultsareslightly different
from LOD( � ).

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

We canusescanone with model="binary" to analyzethebinaryphenotype.Again, the resultsareonly
slightdifferentfrom LOD(� ).
out.p <- scanone(listeria, pheno.col=4, model="binary")
plot(out.p, out.2p[,-3], chr=c(1,5,13,15))

10. A furtherapproachis to useanon-parametricform of interval mapping.R/qtl usesanextensionof theKruskal-
Wallis teststatistic. Usescanone with model="np" . In this case,the argumentmethod is ignored;the
analysismethodis muchlikeHaley-Knott regression.If theargumentties.random=TRUE , tiedphenotypes
arerankedat random.If ties.random=FALSE , tied phenotypesaregiventheaveragerankanda correction
is appliedto theLOD score.

out.np1 <- scanone(listeria, model="np", ties.random=TRUE)
out.np2 <- scanone(listeria, model="np", ties.random=FALSE)
plot(out.np1, out.np2)
plot(out.2p, out.np1, out.np2, chr=c(1,5,13,15), lty=1,

col=c("black", "blue", "red"))

Note that the significancethresholdfor the non-parametricgenomescanwill be quite a bit smallerthanthat
for the two-partmodel. The two approachesgive basicallythe sameresults. Randomizingties for the non-
parametricapproachcan give quite variableresultsin the caseof a greatnumberof ties, andso we would
recommendtheuseof ties.random=FALSE in thiscase.
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Example 4: Covariates in QTL mapping

As afurtherexample,weillustratetheuseof covariatesin QTL mapping.Weconsidersomesimulatedbackcrossdata.

1. Getaccessto thedata.

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

2. Performgenomescansfor thetwo phenotypeswithoutcovariates.

fake.bc <- calc.genoprob(fake.bc, step=2.5)
out1.nocovar <- scanone(fake.bc, pheno.col=1)
out2.nocovar <- scanone(fake.bc, pheno.col=2)

3. Performgenomescanswith ageasanadditivecovariate

ac <- fake.bc$pheno[,"age"]
out1.covar.a <- scanone(fake.bc, pheno.col=1, addcov=ac)
out2.covar.a <- scanone(fake.bc, pheno.col=2, addcov=ac)

4. Performgenomescanswith ageasanadditivecovariateandsex asa covariateinteractingwith QTL genotype.

ac <- fake.bc$pheno[,c("sex","age")]
ic <- fake.bc$pheno[,"sex"]
out1.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(out1.nocovar, 3)
summary(out1.covar.a, 3)
summary(out1.covar.b, 3)

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

6. Makesomeplots.

plot(out1.nocovar, out1.covar.a, out1.covar.b, lty=1,
chr=c(2,5,10), col=c("black","blue","red"))

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

Internal data structure

Finally, let usbriefly describetherathercomplicateddatastructurethatR/qtl usesfor QTL mappingexperiments.This
will beratherdull, andwill requireagooddealof familiarity with theR (or S) language.Thechoiceof datastructure
requiredsomebalancebetweeneaseof programmingandsimplicity for theuserinterface.Thesyntaxfor references
to certainpiecesof theinternaldatacanbecomeextremelycomplicated.

1. Getaccessto somesampledata.

data(fake.bc)

2. First, theseobjectshave a “class,” which indicatesthat it correspondsto 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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3. Every cross objecthastwo components,onecontainingthe genotypedataandgeneticmapsandthe other
containingthephenotypedata.

names(fake.bc)

4. Thephenotypedatais simply a matrix (morestrictly a data.frame)with rows correspondingto individualsand
columnscorrespondingto phenotypes.

fake.bc$pheno

5. The genotypedatais a list with componentscorrespondingto chromosomes.Eachchromosomehasa name
anda class.Theclassfor a chromosomeis either"A" or "X" , accordingto whetherit is anautosomeor theX
chromosome.

names(fake.bc$geno)
sapply(fake.bc$geno, class)

6. Eachcomponentof geno containstwo components,data (containingthe marker genotypedata)andmap
(containingthepositionsof themarkers,in cM).

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

That’s it for theraw data.

7. Whenonerunscalc.genoprob , sim.geno , argmax.geno or calc.errorlod , theoutputis theinput
crossobjectwith thederiveddataattachedto eachcomponent(thechromosomes)of thegeno component.

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

8. Finally, whenonerunsest.rf , a matrix containingthepairwiserecombinationfractionsandLOD scoresis
addedto thecrossobject.

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