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Abstra
tIn January 2007, I started to work on quantitative geneti
s as bioinformati
ian withinO. Loudet's lab1. Olivier and David Bou
hez1 believed in me and o�ered me a new 
hal-lenge within the ARABIDO-SEED proje
t2 (sin
e the only thing I knew about quantitativegeneti
s was what the qtl a
ronym stands for), the result was an amazing experien
e : anew subje
t, new methods... a new s
ien
e. The obje
tives were to perform genome-wideeQTL mapping in A. thaliana genome starting from 
atma3 data and to provide a usabletool for geneti
ists. For this, I've 
hoosen among existing implementations of 
lassi
al QTLalgorithms the one provided by K. Broman within his so useful `qtl' pa
kage. During these15 months, I wrote a few fun
tions to make my life easier as well as Olivier's. Here isthe tool whi
h simpli�ed for us the use of `R/qtl' for genome wide mapping and performedsome 
al
ulation that where not provided by `R/qtl' in 2008. This pa
kage 
ould have beenalso named �How I played with `R/qtl' to perform a genome-wide eQTL analysis with mymi
ro-
omputer and obtained my beautiful eQTL plot�. This pa
kage is 
urrently beingused for an another experiment using 
atma 5 array. I hope, tese fun
tions will help you.I espe
ially thanks J. Yansouni and D. Vlad for their time to make readable this do
-umentation.This work is dedi
ated to Mi
hel Cabo
he.R Topi
s do
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A brief introdu
tion Introdu
tory 
omments on R/eqtlDes
riptionA brief introdu
tion to the R/eqtl pa
kage, with a walk-through of a typi
al analysis.Preliminaries to R/eqtl� In order to use the R/eqtl pa
kage, you must type (within R) library(eqtl).This fun
tion will automati
ally load the R/qtl library required. You may wantto in
lude this in a .Rprofile �le.� Do
umentation and several tutorials are available from the R ar
hive (http://
ran.r-proje
t.org).� Use the help.start fun
tion to start the html version of the R help.� Type library(help=qtl) to get a list of the fun
tions in R/qtl.� Type library(help=eqtl) to get a list of the fun
tions in R/eqtl.� Download the latest version of R/qtl and R/eqtl.Walk-through of an analysis with R/eqtlHere I brie�y des
ribe how to use R/eqtl to analyze an experimental 
ross. R/eqtl
ontains fun
tions whi
h required Karl Broman's R/qtl fun
tions. This tutorial takesin 
onsideration prior knowledge of R/qtl. Therefore, it is highly re
ommended thatyou read the R/qtl do
umentation and tutorials before you perform any analysis.The dataA di�
ult �rst step in the use of most data-analysis software is to import the data inan adequate format. This step is perfe
tly des
ribed in R/qtl tutorials. With R/eqtlyou should import some extra data in addition to the data needed for R/qtl. We willnot dis
uss data import at this point. This step is des
ribed in the 
hapter �Importingthe data�.We 
onsider the example data seed10, an experiment on gene expression in Ara-bidopsis thaliana. Use the data fun
tion to load the data.data(seed10);seed10 data is formatted by read.
ross4 fun
tion. This data obje
t has 
lass 
rossand riself and des
ribes an experiment on an A. thaliana ril5 population. Thefun
tion summary.
ross4 gives summary information on the data, and 
he
ks thedata for internal 
onsisten
y. A lot of utility fun
tions are available in R/qtl and arewidely des
ribed in Karl's tutorials. Please note : seed10 is too large to be viewedin the R window. What is shown is the average phenotypes. Is is possible to use theattributes fun
tion later to get a 
loser look.4pa
kage R/qtl.5Re
ombinant Inbred Line.
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To proje
t our results on the physi
al map, we also need to load the physi
al positionof the geneti
 markers and the genomi
 physi
al 
oordinates of the probes used to esti-mate expression traits des
ribed in seed10. For information, BSpgmap and ATH.
oordare simple data frames with spe
i�
 
olumn names.data(BSpgmap);names(BSpgmap);data(ATH.
oord);names(ATH.
oord);The Interval MappingBefore running the QTL analysis, intermediate 
al
ulations need to be performed.The fun
tion 
al
.genoprob4 is used to 
ompute the 
onditional probabilities at ea
hpseudo-marker while sim.geno4 simulates sequen
es of genotypes from their joint prob-abilities. See R/qtl manual for details. These steps have already been performed onseed10 and you do not need to run them again. Here, pseudo-markers have been de-�ned every 0.5 
entimorgan by de�ning the parameter step=0.5 as des
ribed in thefollowing lines.#DO NOT RUNseed10 <- 
al
.genoprob(seed10, step=0.5, off.end=0, error.prob=0,map.fun
tion='kosambi', stepwidth='fixed');#DO NOT RUNseed10 <- sim.geno(seed10, step=0.5, off.end=0, error.prob=0,map.fun
tion='kosambi', stepwidth='fixed');The mi
roarray probes usually 
ontain data for whi
h we don't want to performany QTL analysis like the bu�ers, the 
ontrols or some missed probes. The fun
tion
leanphe 
leans the seed10 data for undesired phenotypes.seed10.
lean <- 
leanphe(seed10,"Buffer");seed10.
lean <- 
leanphe(seed10,"Ctrl");In this example, dropped data 
omes from probes named "Buffer" and "Ctrl" foundwithin CATMA data. This fun
tion is based on the grep fun
tion of R. Thus it 
anbe used to remove all the data de�ned within a spe
i�
 word (for example "CHLORO"will remove all items that 
ontain "CHLORO" within it).Note that the fun
tion 
leanphe 
an also be run on s
anone obje
t. This is usefulin 
ase of you forget to 
lean your 
ross obje
t before running s
anone. For this,you have to be very 
areful to what you're doing. It is indeed important for the nextsteps of the analysis to keep a 
ross obje
t whose phenotypes �t perfe
tly with thosedes
ribed in s
anone obje
t.Use the s
anone4 fun
tion to perform an interval mapping.BaySha.em <- s
anone(seed10.
lean,method='em',pheno.
ol=1:nphe(seed10.
lean),model='normal')Keep in mind that BaySha.em is obtained from seed10.
lean whi
h has been removedof some phenotypes from seed10. Thus, the dataframe from now on 
orresponding toBaySha.em is always seed10.
lean.4pa
kage R/qtl. 3



Mapping the QTLsHere start the main di�eren
es with R/qtl. One of the major problemati
 steps forgenome-wide expression QTL analysis, is to read all the LOD 
urves and sytemati
allyde�ne the QTLs. Be
ause of the amount of results, it is not feasible to read the LOD
urves by hand. R/eqtl allows to dete
t several QTL by 
hromosome with drop LODsupport interval and a geneti
 ex
lusionnary window.Use define.peak fun
tion to de�ne QTL with drop LOD support interval from thes
anone results, here the interval mapping results BaySha.em.BaySha.peak <- define.peak(BaySha.em,lo
dolumn='all');
lass(BaySha.peak);The parameter lod
olumn='all' spe
i�es to analyze all LOD 
olumns (all the traits)of the s
anone obje
t BaySha.em. By using lod
olumn='CATr
k', it spe
i�es to ana-lyze only the the s
anone LOD 
olumn CATr
k, whi
h is supposed to be the intervalmapping result of the trait CATr
k.We 
all peak obje
t, the results of the define.peak fun
tion. The peak obje
t is usedto store the QTL de�nition. The QTL are de�ned by several features de
ribed in thepeak obje
ts attributes. At this step, a QTL is only de�ned by its LOD s
ore, lo
ationand the subje
tive quality of the LOD peak. See define.peak fun
tion for details.attributes(BaySha.peak);Within the BaySha.peak attributes, you 
an see the "s
anone" that it re
ord fromwhi
h the s
anone obje
t the QTL was de�ned.Ba
k to the define.peak parameters. graph=TRUE spe
i�es to draw the LOD 
urveswith LOD support interval. The 
urves showing a QTL dete
ted will be drawn ondi�erent 
harts for ea
h 
hromosome. Note that, no graphi
al setup has been de�nedand therefore all graphs generated will appear one above the others. You should spe
ifythe graphi
al parameter mfrow of the R fun
tion par() before running define.peakto draw all 
harts in the same window. You may not want to set the parametersgraph=TRUE and lod
olumn='all' at the same time, depending on the amount oftraits analyzed.The following 
ommand lines is an example to de�ne QTL and draw 
hart for a uniquetrait CATr
k. Be
ause A. thaliana genome 
ontains 5 
hromosomes, 5 
harts will bedrawn for a unique trait.png(filename='CATr
k.png',width=800,height=600);par(mfrow=
(1,5));define.peak(BaySha.em, lod
olumn='CATr
k', graph=TRUE, 
hr=
(1,5));par(mfrow=
(1,1));dev.off();png() and dev.off() are 
lassi
al R fun
tions whi
h indi
ates here to print the graphgenerated as a png �le 'CATr
k.png'. By using these fun
tions, you 
an page setthe graph as you would like it. By adding save.pi
t=TRUE, to define.peak fun
tionparameters, will systemati
ally save all single LOD 
urves generated for ea
h 
hromo-some as png �les. The �les generated will be named with the names of the trait andthe 
hromosomes where the QTLs are lo
ated. Pay attention to the amount of datayou're analysing before setting the parameters save.pi
t=TRUE .4



The way to a

ess QTL results within peak obje
t is quite simple:BaySha.peakBaySha.peak$CATr
kBaySha.peak will give you the define.peak results ordered by trait and 
hromosomes,respe
tively. BaySha.peak$CATr
k will give you the results for the trait 'CATr
k' andso on for other trait names. If no QTL had been dete
ted for a trait, the result willbe the value NA. To avoid to save all 
harts, I �rst run define.peak for all traits (lod
olumn='all') and save the results as a peak obje
t. Then, when I need to 
he
khow look like the LOD 
urve of a spe
i�
 trait, I run define.peak again on this traitby setting graph=TRUE without saving the peak obje
t obtained.De�ning the QTLsTo 
omplete the QTL analysis, use the fun
tions 
al
.adef, lo
alize.qtl and
lassify.qtl to 
ompute, for ea
h QTL previously dete
ted in peak obje
t, the ad-ditive e�e
t, the estimated physi
al lo
ation and the estimated a
ting-type in 
ase ofeQTL, respe
tively. All of these fun
tions will add peak features to the peak obje
t.BaySha.peak <- lo
alize.qtl(
ross=seed10.
lean, peak=BaySha.peak,data.gmap=BSpgmap);BaySha.peak <- 
al
.adef(
ross=seed10.
lean, s
anone=BaySha.em,peak=BaySha.peak);BaySha.peak <- 
lassify.qtl(
ross=seed10.
lean, peak=BaySha.peak,etrait.
oord=ATH.
oord, data.gmap=BSpgmap);attributes(BaySha.peak);For ea
h of these fun
tions you have to spe
ify the peak obje
t. You also need to spe
ifythe related 
ross obje
t and s
anone results, the related geneti
 map physi
al dataBSpgmap and the expression traits physi
al data ATH.
oord. Note that, the expressiontrait physi
al data (here ATH.
oord) may 
ontain more traits than those studied.Conversely, all traits studied within the peak, the s
anone or the 
ross obje
ts mustbe des
ribed in ATH.
oord. As you 
an see, the name of the 
ross obje
t has beenre
orded in the attributes of the BaySha.peak obje
tUse 
al
.Rsq fun
tion to 
ompute, from the peak obje
t, the 
ontribution of theindividual QTLs to the phenotypi
 variation. At the same time this fun
tion testsand 
omputes the 
ontribution of signi�
ant epistati
 intera
tions between QTLs. Bydefault the signi�
ant threshold is set to th=0.001. In 
ase you wanted to take allQTL intera
tions whatever the signi�
an
e, you must set th=1.BaySha.Rsq <- 
al
.Rsq(
ross=seed10.
lean,peak=BaySha.peak);BaySha.Rsq;plotRsq(rsq=BaySha.Rsq);Manipulating the resultsThe fun
tion peak.2.array will format all QTL results in a simple array. The
olumn names are the names of the peak features des
ribed in peak obje
t. Thisarray has the 
lass peak.array. Rsq.2.array adds the R square 
olumn to the QTLarray. Formatting the results as a simple array allows the use of all basi
 and 
omplexR fun
tions (statisti
al, summary, graphi
al, histograms...) whi
h will allow us to5




ustomize the data in the simplest way. This format also allows to write the results ina �le (like text or CSV) to save out the data.BaySha.array <- peak.2.array(BaySha.peak);BaySha.array <- Rsq.2.array(rsq=BaySha.Rsq,BaySha.array);R/eqtl provides useful fun
tions that give an overview of the QTLs results stored inpeak.array. The peaksummary fun
tion gives a variety of summary information and anoverview of peak distribution. Summary graphs are available by setting graph=TRUE.Like define.peak, no graphi
al parameters had been set and therefore all graphsgenerated will appear one above the others in the same R graph window. You mayde�ne mfrow before running peaksummary to draw all 
harts in the same R window.Whole QTL summary with graphs:par(mfrow=
(3,4));BaySha.summary <- peaksummary(peak.2.array,seed10.
leaned,graph=TRUE);par(mfrow=
(1,1));names(BaySha.summary);BaySha.summary;QTL summary with graphs ex
luding QTL lo
alized on the 
hromosome 3 between5000 and 6000 bp:par(mfrow=
(3,4));BaySha.sum_ex
 <- peaksummary( BaySha.array, seed10.
leaned,ex
=data.frame(inf=5000, sup=6000, 
hr=3), graph=TRUE);par(mfrow=
(1,1));names(BaySha.sum_ex
);BaySha.sum_ex
;The fun
tion genoplot provides basi
 information and an overview about genome-wide eQTL parameters.genoplot(BaySha.array,seed10.
lean, ATH.
oord, BSpgmap,
hr.size=
(30432457, 19704536, 23470536, 18584924, 26991304),save.pi
t=TRUE);The parameter 
hr.size is the size of the 
hromosomes in base pair (here A. thaliana).These sizes are used to delimit the 
hromosomes for genome-wide graphs. For thisfun
tion, the page setting has already been spe
i�ed, save.pi
t=TRUE will save allgraphs in di�erent �les within the 
urrent folder.The Composite Interval MappingUse the fun
tion 
im.peak to systemati
ally perform 
omposite interval mappingby running a single genome s
an s
anone with previously de�ned QTL as additives
ovariates. The additive 
ovariates are de�ned from the peak obje
t as the 
losest�anking marker of LOD peaks with the fun
tion map.peak. The 
im.peak fun
tion re-turns an obje
t of the s
anone 
lass and therefore 
an be analyzed by the define.peakfun
tion. The results 
an then be analyzed by 
al
.adef, lo
alize.qtl, 
al
.Rsq,et
. . . Due to the model, the LOD 
urves present a high (artefa
tual) LOD peak atthe additive 
ovariates lo
ations whi
h will be in
orre
tly dete
ted as a strong QTL6



by the define.peak fun
tion. To avoid this, use the wash.
ovar fun
tion whi
h willset the LOD s
ore at the 
ovariates lo
ation to 0 LOD. This fun
tion takes 
are of ageneti
 window size whi
h spe
i�es the size of the region to �wash�.BaySha.
em <- 
im.peak(seed10.
lean,BaySha.peak);
ovar <- map.peak(BaySha.peak) ;
ovar;BaySha.
em <- wash.
ovar(BaySha.
em, 
ovar, window.size=20);BaySha.
em.peak <- define.peak(BaySha.
em, lod
olumn='all');BaySha.
em.peak <- 
al
.adef(
ross=seed10.
lean, s
anone=BaySha.
em,peak=BaySha.
em.peak);BaySha.
em.peak <- lo
alize.qtl(
ross=seed10.
lean, peak=BaySha.
em.peak,data.gmap=BSpgmap);BaySha.
em.peak <- 
lassify.qtl(
ross=seed10.
lean, peak=BaySha.
em.peak,etrait.
oord=ATH.
oord, data.gmap=BSpgmap);BaySha.
em.Rsq <- 
al
.Rsq(
ross=seed10.
lean, peak=BaySha.
em.peak);plot.Rsq(BaySha.
em.Rsq);BaySha.
em.array <- peak.2.array(BaySha.
em.peak);BaySha.
em.array <- Rsq.2.array(BaySha.
em.Rsq,BaySha.
em.array);You now have two peak.array. BaySha.array whi
h 
ontained the results from imanalysis and BaySha.
em.array whi
h 
ontained the results from 
im. You may wantto merge these two peak.array in one to run the genoplot fun
tion using all QTLsfrom im and 
im. Note that you may have to add manually the 
lass peak.array tothe merge array obtained.BaySha.em.
em.array <- rbind(BaySha.em.array,BaySha.
em.array);attributes(BaySha.em.
em.array)$
lass<-
("peak.array","data.frame");Author(s)Hamid A Khalili, 〈hamid.khalili�gmail.
om〉Importing the data A simple way to import the dataDes
riptionR/eqtl needs to import some data in addition to those ne
essary for R/qtl pa
kage:the physi
al data of the geneti
 markers and the physi
al 
oordinates of the probesused to measure the expression traits.The physi
al data of the geneti
 mapThis is a simple data frame with 
olumns "Marker","
hr" and "PP" as des
ribed forBSpgmap dataset. You 
an import this data any way you prefer to obtain the dataframe. Des
ribed here is one simple way to import it from a �le:� The �le format:The �rst line 
ontains the headings of the 
olumns separated by 
oma. The followinglines 
ontains the informations needed (
oma separated). This �le 
ould be 
reatedas CSV �le from Ex
el or a simple text editor. Of 
ourse, this information des
ribesthe map of the experiment stored as 
ross obje
t (here seed10). The markers mustappear in the same order as the markers and 
hromosomes in the 
ross obje
t (in the7



same order of the map !).Take a look on the sample �le:"Marker","
hr","PP""MSAT100008",1,8639"T1G11",1,1243250"F21M12",1,3212191"IND4992",1,4992444"IND6375",1,6375557"MSAT1.10",1,7296649"MSAT108193",1,8192951et
...Take a look within R to the 
ross obje
t:seed10.
lean$geno$'1'$mapseed10.
lean$geno$'2'$mapseed10.
lean$geno$'3'$mapet
...� The R 
ommand to import the data within R:a_new_pgmap <- read.table("./fileName",header=TRUE,sep=",");The 
ode should work if it is pla
ed within the R working dire
tory. If not repla
e"./fileName" with the 
orre
t dire
tory ( Windows users must use either foward slashe"/" or double ba
kslashes "\".The 
oordinates of the expression traitsThis is a simple data frame with 
olumns "etrait.name","
hr", "start" and "stop"as des
ribed for ATH.
oord. By the same way as the map data importation, you 
ando by the way you wanted. The importation pro
ess is quite similar. Here the �le
an des
ribe more expression trait than the phenotypes des
ribed in 
ross obje
t. Of
ourse all etraits des
ribed in 
ross obje
t must have 
oordinates in the �le.� The �le format:"etrait.name","
hr","start","stop""CATMA1A00010",1,4707,4972"CATMA1A00020",1,6442,6653"CATMA1C71002",1,7579,7791"CATMA1A00030",1,12268,12486"CATMA1A00035",1,30923,31142"CATMA1A00040",1,31232,31381"CATMA1A00045",1,33814,34211"CATMA1A00050",1,38785,38971et
...Take a look within R to the 
ross obje
t:names(seed10.
leaned$phe)[1:10℄� The R 
ommand to import the data within R:new_probes.
oord <- read.table('path_to_file',header= TRUE,sep=",");Author(s)Hamid A khalili 8



ATH.
oord Data on probes 
oordinatesDes
riptionData for the physi
al 
oordinates of A. thaliana GST (probes).Usagedata(ATH.
oord)FormatA data frame with 487 observations with the following 4 variables representing gstgenomi
 
oordinates:etrait.name a fa
tor with gst names as levels
hr an integer ve
tor 
orresponding to the 
hromosomes.start an integer ve
tor 
orresponding to the gst start lo
ation in base pair.stop an integer ve
tor 
orresponding to the gst stop lo
ation in base pair.DetailsThe CATMA mi
roarray, 
omposed of Gene Sequen
e Tag ( gst ) referen
ed below,
orrespond to the expression phenotypes measured on their related 
ross obje
t (here,they des
ribes the seed10 obje
t). Usually, all expression traits are not taken intoa

ount within a QTL analysis, therefore this list 
ould 
ontain more traits than theones phenotyped within the 
ross obje
t. On the other hand, every phenotype analysedmust be found within ATH.
oord data frame. Please note that ATH.
oord 
ontainsthe physi
al lo
ations values of an anonymized gst sample taken from true 
atma 2data whi
h originaly 
ontains 30334 GST. The 
omplete data is available on from theTAIR or CATdb websites.Sour
eJean-Pierre Renou and Alain Le
harny (CATdb a Complete Arabidopsis Trans
rip-tome database)(http://urgv.evry.inra.fr/CATdb)The Arabidopsis Information Ressour
e (TAIR) (http://www.arabidopsis.org)Referen
esCrowe M.L. et al., (2003) CATMA A 
omplete Arabidopsis GST database. Nu
lei
A
ids Res 31:156-158.Examplesdata(ATH.
oord);
9



BSpgmap Geneti
 map data of a RIL populationDes
riptionGeneti
 map of physi
al data of an Arabidopsis thaliana Re
ombinant Inbred LinepopulationUsagedata(BSpgmap)FormatA data frame with 69 observations on the following 3 variables representing the physi
allo
ation of geneti
 markers:Marker a fa
tor with geneti
 marker names as levels.
hr a numeri
 ve
tor determining the 
hromosomes.PP a numeri
 ve
tor determining the markers physi
al position on the 
hromosomein base pair (bp).DetailsPhysi
al data of the 33RV population geneti
 map. This population was 
reated froma Bay0 x Sha 
ross by Olivier Loudet and Sylvain Chaillou between 1997 and 2000 atINRA Versailles. For 
omplete des
ription of the population see referen
e below.Sour
eLoudet (Geneti
s and Plant breeding, the VAST lab, INRA VERSAILLES) http://www.inra.fr/vast/Referen
esLoudet et al.(2002) Theoreti
al and Applied Geneti
s, vol 104, pp 1173-1184Examplesdata(BSpgmap);
al
.adef Compute the additive e�e
t at ea
h QTL markerDes
riptionComputes the additive e�e
t at QTL marker by meaning the phenotypi
 value for ea
hgenotypi
 group.Usage
al
.adef(
ross, s
anone, peak, round, ...)10



Arguments
ross An obje
t of 
lass 
ross. See 'qtl' pa
kage manual for read.
rossfun
tion details.s
anone An obje
t of 
lass s
anone. See 'qtl' pa
kage manual for read.
rossfun
tion details.peak An obje
t of 
lass peak. See define.peak fun
tion for details.round An optional integer indi
ating the pre
ision to be used for the ad-ditive e�e
t value. See round fun
tion for details.... Additional arguments passed to the fun
tions plot and effe
tplotwhen it is 
alled.DetailsUses Karl Broman's effe
tplot fun
tion to mean the phenotype for ea
h genotypi
group de�ned at the QTL marker. The additive e�e
t is 
omputed as the di�eren
ebetween the phenotypi
al means of the two genotypi
 groups (homozygous). Theparental referen
e allele is allele 2. By default, allele 1 is en
oded as A and allele2 as B, therefore the additive e�e
t is mean(B)-mean(A) where mean(A) is thephenotypi
al mean of genotypi
 group A and mean(B) is the phenotypi
al mean ofthe genotypi
 group B.ValueThe input peak obje
t is returned with 
omponent, adef, added to 
omponents ofpeak$trait$
hromosome for ea
h previously dete
ted QTLs.additive.effe
t The additive e�e
t value at the QTL markerNoteIt is ne
essary to have previously performed the sim.geno fun
tion. It is not re
-ommended to plot the alleli
 
ontribution by using the fun
tion 
al
.adef. It ispreferable to use dire
tly Karl Broman's 
odee�e
tplot fun
tion (using the parameterdraw=TRUE). See 'qtl' pa
kage manual for 
odee�e
tplot fun
tion details.Author(s)Hamid A. KhaliliReferen
esBroman KW, Wu H, Sen S, Chur
hill GA (2003) R/qtl: QTL mapping in experimental
rosses. Bioinformati
s 19:889-890See Alsoeffe
tplot,define.peak,read.
ross,plotExamplesdata(seed10);# Genotype probabilities## Not run: 11



seed10 <- 
al
.genoprob( 
ross=seed10, step=2, off.end=0, error.prob=0,map.fun
tion='kosambi', stepwidth='fixed');seed10 <- sim.geno( 
ross=seed10, step=2, off.end=0, error.prob=0,map.fun
tion='kosambi', stepwidth='fixed');## End(Not run)# Genome s
an and QTL dete
tionout.em <- s
anone( seed10, pheno.
ol=1:50, model='normal', method='em');out.peak <- define.peak(out.em, 'all');# Additive effe
t 
omputingout.peak <- 
al
.adef(seed10,out.em,out.peak,round=3);# Additive effe
t of the QTLs affe
ting the 26th trait# and lo
alized on 
hromosome 1out.peak[[26℄℄$'4'$additive.effe
t;# Peak's features des
ribing the QTLs affe
ting the 26th trait# and lo
alized on 
hromosome 1out.peak[[26℄℄$'4';# idem for the trait 'CATr
k'out.peak$CATr
kout.peak$CATr
k$'4'out.peak$CATr
k$'4'$additive.effe
t
al
.Rsq Estimate R square of individual QTLs and QTL intera
tionsDes
riptionEstimates the R square (phenotypi
 
ontribution) for individual QTLs and their sig-ni�
ant intera
tions for ea
h trait from 
ross and peak obje
ts.Usage
al
.Rsq(
ross,peak,th=0.001,round)Arguments
ross An obje
t of 
lass 
ross. See 'qtl' pa
kage manual for read.
rossfun
tion details.peak An obje
t of 
lass peak. See define.peak for details.th A numeri
 ve
tor of length 1 with value between 0 and 1. The Rsquare signi�
an
e threshold to keep the R square values.round An optional integer indi
ating the pre
ision to be used for the Rsquare value and it signi�
an
e. The fun
tion 'round' is used for Rsquare value rsq. The fun
tion 'signif' is used for the signi�
an
epF ( i.e. p(F) ). See round and signif fun
tions for details.
12



DetailsEstimates the proportion of the phenotypi
 variation explained by the segregation ofan individual QTL or signi�
ant QTL intera
tions (also 
alled R square). Compute Rsquare i.e. to 
ompare the phenotypi
 variation explained by the presen
e of a geneti
determinant (an individual QTL or a QTL's intera
tion) with the total phenotypi
variation. Here we use an AnOVa with a linear model in
luding all possible epistati
intera
tions.Let a trait be a�e
ted by 3 QTLs lo
alised at 3 markersM1,M2 andM3 respe
tively.The AnOVa is 
omputed for the linear model:
M1 +M2 +M3 +M1 : M2 +M1 : M3 +M2 : M3 +M1 : M2 : M3The R square for ea
h genotypi
 group is the 
omparison of the varian
e due to thebetween- groups variability (
alled Mean Square E�e
t, or MSe�e
t) with the within-group variability (
alled Mean Square Error, or Mserror).The signi�
an
e of an epistati
 intera
tion is the signi�
an
e of the group e�e
t ofea
h intera
tion 
omputed by the AnOVa. If one wants to store the results within aQTL database, it might be useful to 
ompute all geneti
 determinants by setting th=1and then to extra
t the signi�
ant results by SQL queries.ValueReturn an obje
t of 
lass rsq whi
h is a simple data frame with 
olumns:qtl The name of the geneti
 determinant. If the geneti
 determinant isan individual QTL, the name is formated as "traitName.
hrNumber.orderNumber".In the 
ase of epistasis, the geneti
 determinant name is formated asthe list of individual geneti
 determinant (QTL) names separatedby ":".rsq The R square value (set to NA if not signi�
ant: pF < th).pF The signi�
an
e (set to NA if not signi�
ant: pF < th).Author(s)Hamid A. KhaliliSee Alsoread.
ross, define.peakExamplesdata(seed10);# Genotype probabilities## Not run:seed10 <- 
al
.genoprob( 
ross=seed10, step=2, off.end=0, error.prob=0,map.fun
tion='kosambi', stepwidth='fixed');seed10 <- sim.geno( 
ross=seed10, step=2, off.end=0, error.prob=0,map.fun
tion='kosambi', stepwidth='fixed');## End(Not run)# Genome s
an and QTL dete
tionout.em <- s
anone( seed10, pheno.
ol=1:50, model='normal', method='em');13



out.peak <- define.peak(out.em, 'all');# R square 
omputingout.rsq <- 
al
.Rsq(seed10,out.peak);# R square 
omputing without taking a

ount of any signifi
an
eout.rsq <- 
al
.Rsq(seed10,out.peak,th=1);
im.peak Genome s
an using previously dete
ted QTLs as 
ovariatesDes
riptionUse the LOD peaks previously dete
ted in a peak obje
t to de�ne the additive 
ovari-ates and perform a single genome s
an taking 
ofa
tors into a

ount.Usage
im.peak(
ross,peak)Arguments
ross An obje
t of 
lass 
ross. See 'qtl' pa
kage manual for read.
rossfun
tion details.peak An obje
t of 
lass peak. See define.peak fun
tion for details.DetailsPerforms a 
omposite interval mapping using the s
anone fun
tion with additive 
o-variates previously de�ned in the related peak obje
t. A s
an is performed for traitswhi
h are a�e
ted by at least one QTL. The additive 
ovariates for ea
h trait are de-�ned as the 
losest �anking marker to ea
h signi�
ant LOD peak (de�ned in the peakfeature peak_
M). Ea
h trait s
an generates a s
anone obje
t whi
h is 
on
atenatedto the other s
anone obje
ts.ValueReturn an obje
t of 
lass s
anone.Author(s)Hamid A. KhaliliReferen
esBroman KW, Wu H, Sen S, Chur
hill GA (2003) R/qtl: QTL mapping in experimental
rosses. Bioinformati
s 19:889-890See Alsodefine.peak,
.s
anone,s
anone,find.flanking14



Examplesdata(seed10);## Not run:seed10 <- 
al
.genoprob( 
ross=seed10, step=2, off.end=0, error.prob=0,map.fun
tion='kosambi', stepwidth='fixed');seed10 <- sim.geno( 
ross=seed10, step=2, off.end=0, error.prob=0,map.fun
tion='kosambi', stepwidth='fixed');## End(Not run)out.em <- s
anone( seed10, pheno.
ol=1:50, model='normal', method='em');out.peak <- define.peak(out.em, 'all');out.
em <- 
im.peak(seed10,out.peak);
lassify.qtl Estimate the a
ting type of expression QTLDes
riptionEstimate wether an eQTL is 
is- or trans- a
ting.Usage
lassify.qtl(
ross, peak, etrait.
oord, data.gmap)Arguments
ross An obje
t of 
lass 
ross. See `qtl' pa
kage manual for read.
rossfun
tion details.peak An obje
t of 
lass peak. See define.peak for details.etrait.
oord A data.frame with 
olumn names "etrait.name","
hr","start","stop"spe
ifying the etrait (expression trait) lo
ation on the genome:etrait.
oord$array_element_name is 
hara
ter strings ve
torspe
ifying the name of the etraits.etrait.
oord$
hr is a ve
tor of integers spe
ifying the 
hro-mosome on whi
h the markers are lo
alized.etrait.
oord$start is a ve
tor of integers spe
ifying the startof the etrait's sequen
e in base pair.etrait.
oord$stop is a ve
tor of integers spe
ifying the stopoof the etrait's sequen
e in base pair.data.gmap A data.frame with 
olumn names "Marker", "
hr" and "PP" spe
-ifying the marker's physi
al lo
ation. Those ones must be the samemarkers de�ned in the related 
ross obje
t.data.gmap$Marker is a ve
tor 
hara
ter strings spe
ifying thenames of markers.data.gmap$
hr is a ve
tor of integers spe
ifying the 
hromo-somes on whi
h the markers are lo
alized.data.gmap$PP is a ve
tor of integers spe
ifying the physi
almarker lo
ations on the 
hromosomes in base pair.15



DetailsUseful in the 
ase of genome-wide expression QTL mapping. Determines 
is-a
tingand trans-a
ting eQTL (or 
is- and trans- eQTL) and gives a basi
 overview about theglobal eQTL network. The (potential) 
is-eQTL are those whi
h 
olo
alize with the
ontrolled gene. These 
ould be typi
ally explained by a modi�
ation within a genepromoter and therefore a
tually 
orrespond to a 
is-regulation (note that it wouldremain to be 
on�rmed on a 
ase by 
ase basis: due to the la
k of pre
ision in QTLslo
alization for all analysis methods, a 
is-a
ting is still biologi
ally hypotheti
al; plusit 
ould also 
orrespond to a trans-a
ting eQTL lo
alised 
lose to its target gene).eQTLs whi
h 
ontains the regulated gene within their LOD support interval are 
las-si�ed in this 
ategory as 
is. The trans-a
ting eQTLs are de�ned as those whi
hdo not 
olo
alize with the a�e
ted gene. These 
ould typi
ally 
orrespond to themode of a
tion of a trans
ription fa
tor on the regulation of another gene's expression.eQTL whi
h do not 
ontain the regulated gene within their LOD support interval are
lassi�ed as trans.ValueThe input peak obje
t is returned with a 
omponent type added to the 
omponentsof names(peak$trait$
hromosome) for ea
h previously dete
ted QTL:type 
is or trans for 
is- and trans- eQTL respe
tively. <NA> if theetrait lo
ation is unknown or not nu
lear.NoteThe QTL support interval lo
ations are de�ned within a peak obje
t. This 
lassi�
a-tion (performed by 
lassify.qtl) depends entirely on the support interval de�nition
omputed by the define.peak fun
tion. This fun
tion tend to underestimate 
is-eQTLnumber as LOD-drop value are more 
onservative. This, however, does not repla
ethe s
ientist's own manual examination of the LOD 
urve.Author(s)Hamid A. KhaliliSee Alsoread.
ross,define.peak,
al
.adefExamplesdata(seed10);# Genotype probabilities## Not run:seed10 <- 
al
.genoprob( 
ross=seed10, step=2, off.end=0, error.prob=0,map.fun
tion='kosambi', stepwidth='fixed');seed10 <- sim.geno( 
ross=seed10, step=2, off.end=0, error.prob=0,map.fun
tion='kosambi', stepwidth='fixed');## End(Not run)# Genome s
an and QTL dete
tionout.em <- s
anone( seed10, pheno.
ol=1:50, model='normal', method='em');16



out.peak <- define.peak( out.em, 'all');# Additive effe
t 
omputing and peaks lo
alizationout.peak <- 
al
.adef(seed10,out.em,out.peak);data(BSpgmap);out.peak <- lo
alize.qtl(seed10,out.peak,BSpgmap);# Estimated a
tind-type of the expression QTL affe
ting# the 100th expression trait and lo
alized on 
hromosome 1data(ATH.
oord)out.peak <- 
lassify.qtl(seed10,out.peak,ATH.
oord,BSpgmap);out.peak[[26℄℄$'4'$type;# idem for the trait 'CATr
k'out.peak$CATr
k$'4'$type;
leanphe Remove undesired phenotypes and LOD results from 
ross and s
anoneobje
t respe
tivelyDes
riptionDrops the phenotypes or the LOD results within an obje
t of 
lass 
ross or s
anonerespe
tively. The names of the phenotypes and the lod
olumns to be removed arede�ned by a 
hara
ter string or regular expression.Usage
leanphe(x, string = "Buffer")Argumentsx An obje
t of 
lass 
ross or 
lass s
anone 
ontaining at least twophenotypes. See 'qtl' pa
kage manual for read.
ross and s
anonefun
tions details.string The string whi
h des
ribes the names of the phenotypes or theresults to remove. It 
an be de�ned as a regular expression or justthe name of a 
olumn. See grep for details.DetailsThis fun
tion is useful to systemati
ally dropping phenotypes like bu�ers or 
ontrolsexisting in mi
roarray data or 
lean out the s
anone results in 
ontext of expressionQTL mapping. The names of the phenotypes and results from obje
ts of 
ross ands
anone 
lass are 
olumn names whi
h are de�ned by a single string or a regularexpression spe
i�ed by the argument string. The grep fun
tion sear
hes the data tobe removed as follow:grep(string,names(x)) when x have 
lass s
anone.grep(string,names(x$pheno)) when x have 
lass 
ross.
17



ValueReturns the input 
ross or s
anone obje
t.Author(s)Hamid A. KhaliliSee Alsogrep,s
anone,read.
rossExamplesdata(seed10);# Genotype probabilities and genome s
an## Not run:seed10 <- 
al
.genoprob( 
ross=seed10, step=2, off.end=0, error.prob=0,map.fun
tion='kosambi', stepwidth='fixed');## End(Not run)out.em <- s
anone( seed10, pheno.
ol=1:50, model='normal', method='em');# Clean 
ross obje
t and genome s
anseed10 <- 
leanphe(seed10,'Buffer');seed10 <- 
leanphe(seed10,'
trl');out.em <- 
leanphe(out.em,'Buffer');out.em <- 
leanphe(out.em,'
trl');
over.peak List QTLs within a geneti
al region from a peak obje
tDes
riptionList QTLs whi
h 
over a given geneti
al region from peak obje
t data.Usage
over.peak(peak,pos,
hr,pre=0)Argumentspeak An obje
t of 
lass peak. See define.peak fun
tion for details.pos A single numeri
 value : the geneti
 position.
hr A single integer value : the 
hromosome.pre A single numeri
 value : the pre
ision of the targeted geneti
 posi-tion.
18



DetailsThis fun
tion sear
hes for the QTL from peak obje
t whi
h totally 
over a geneti
alregion. The targeted geneti
 region is de�ned as a single geneti
 position pos aroundwhi
h the QTLs are sear
hed; the size of this region is de�ned by pre whi
h is the maxdistan
e from pos on whi
h the QTLs are sear
hed. pre=0 will set to sear
h QTLswhi
h 
over only the single geneti
 position pos. The QTLs are de�ned by LOD peakswith a support interval in a peak obje
t.Valuereturn a data frame of 
lass peak.arrayAuthor(s)Hamid A. KhaliliSee Alsogrep,s
anone,read.
rossExamplesdata(seed10);out.peak <- define.peak( out.em, 'all');# return the list of QTL whi
h 
olo
alize at 4 
M on 
hromosome 3my_peak <- 
over.peak(out.peak,pos=4,
hr=3,pre=0);my_peak;# return the list of QTL whi
h 
olo
alize on the geneti
 region 4
M-6
M# on 
hromosome 4my_peak <- 
over.peak(out.peak,pos=5,
hr=4,pre=1);my_peak;define.peak De�nes the QTL with support interval and ex
lusionary windowDes
riptionDe�ne QTL with LOD drop support interval by using the results of a single QTLgenome s
an s
anone and using a geneti
al ex
lusionary window.Usagedefine.peak(s
anone,lod
olumn=1,
hr,th=2.3,si=1.5,graph=FALSE,window.size=20,round,save.pi
t=FALSE, phe.name, ...)
19



Argumentss
anone An obje
t of 
lass s
anone. See qtl pa
kage manual for s
anonefun
tion details.lod
olumn Indi
ates on whi
h of the LOD s
ore 
olumns (phenotypes) theQTLs should be de�ned. This 
an be "all" whi
h indi
ates allLOD s
ore 
olumns. This 
an also be a ve
tor of integers indi
atingwhi
h of the 
olumns should be used or a strings ve
tor mat
hingthe names of the LOD 
olumns, the phenotypes' name, to analyse.See qtl pa
kage manual for s
anone fun
tion details.
hr An optional ve
tor indi
ating the 
hromosomes for whi
h QTLsshould be de�ned.th A single numeri
 value whi
h sets the LOD s
ore signi�
an
e thresh-old. Only peaks with LOD s
ore above this value will be analysed.si A single numeri
 value whi
h sets the QTL's Support Interval. siis the value of the a

epted drop of LOD s
ore to estimate the likelyregion on whi
h the QTL is lo
alized.graph If TRUE, draws the LOD 
urve with LOD peaks and support intervalfor the dete
ted QTLs.window.size The ex
lusionary window size: A single numeri
 value setting theminimum geneti
 distan
e between two distin
t QTLs to be 
on-sidered.save.pi
t If TRUE, save the LOD 
urves drawn with support interval as png�les named like "trait name"_"
hromosome"_"a number".png inthe 
urrent folder.round An optional integer indi
ating the pre
ision to be used for the LODs
ore. See round fun
tion for details.phe.name An optional 
hara
ter string spe
ifying the name of the analysedtrait. When performing s
anone on a single trait, the lod
olumnis named 'lod' and as the analysed trait.... Passed to the fun
tions plot and plot.s
anone when they are
alled (if graph=TRUE). Passed the maximum size of the genomi
region parameter: m=10 should set 2*10
M for the inferior and thesuperior SI bounds from the position of the peakDetailsThis fun
tion is used to dete
t and report QTL regions from a one-QTL genomes
an performed by the s
anone fun
tion. A QTL is 
onsidered as a genomi
 regionde�ned by a maximum LOD s
ore peak value, its position and the position of itssupport interval (here 
alled dQuoteSI). The SI is estimated by the a

epted dropof LOD s
ore from the maximum LOD value de�ning the QTL region (the LODpeak). The FDR falls as the QTL SI size in
reases with lower LOD s
ores away fromthe peak. Usually we use si=1.5 or si=2. A geneti
 ex
lusionary window sets theminimum distan
e between two distin
t QTLs whi
h we 
onsider being able to dete
tand depends dire
tly on the size of the population. Due to the shape of the LOD
urve, the drop of LOD s
ore 
annot be rea
hed in some 
ases. Therefore a maximumSI size is set at 20 
M by default. m=10 will set 2*10
M for the inferior and the superiorSI bounds. graph=TRUE spe
ify to draw the LOD 
urves and the LOD SI on di�erent
hart for ea
h QTL on their 
hromosome. No graphi
al setup has been de�ned andtherefore they will be drawn one above the other in the same R graphi
al window.To setup the graph page and print all the 
harts in same window, one may use the20



graphi
al parameter mfrow of the R fun
tion par() a

ording spe
i�
 needs beforelaun
hing define.peak. You may not want to set graph=TRUE and lod
olumn="all"at the same time depending on the amount of data. The parameter save.pi
t is usefulto save systemati
ally all 
harts generated by define.peak. These graphs are alreadypage setted by the usual graphi
al fun
tions (like mfrow).ValueReturns an obje
t of 
lass peak whi
h is a list of 
omponents 
orresponding to traits.names(peak) 
ontains the names of the traits. Ea
h trait is itself a list with el-ements 
orresponding to 
hromosomes. For 
hromosomes on whi
h no QTL havebeen dete
ted, peak$trait$
hromosome 
ontains a NA value (where 
hromosome is thenumber identifying the 
hromosome). For those on whi
h a QTL has been dete
tedpeak$trait$
hromosome 
ontains a data frame where rows are dete
ted QTLs and
olumns are peak features (whi
h des
ribe QTLs). names(peak$trait$
hromosome)
ontains the peak features:lod The peak's LOD s
ore.mname.peak The maximum LOD peak's (pseudo-)marker name.peak.
M The maximum LOD peak's geneti
 position in 
entiMorgan (
M).mname.inf The (pseudo-)marker's name 
orresponding to the inferior si bound.inf.
M The geneti
 position of the inferior SI bound in 
entiMorgan (
M).mname.sup The (pseudo-)marker's name 
orresponding to the superior SI bound.sup.
M The geneti
 position of the superior SI bound in 
entiMorgan (
M).si.quality The subje
tive quality if the support interval. Due to the shape ofthe LOD 
urves and the methods used to de�ne the LOD peaks,the subje
tive quality of the QTLs are various.The subje
tive quality of the support intervalA QTL whose support interval 
an be rea
hed and de�ned, has more weight thana QTL whose support interval 
annot and has been de�ned by its maximum size(argument m). This quality information 
orresponds to symbols indi
ating, how ea
hwere de�ned by the bounds of the QTL support interval. The symbols on the rightside gives the information for the superior SI bounds and so on for the left sidedbounds. '+' indi
ates that the LOD-drop support interval has been rea
hed. '<-'and '->' indi
ates that the LOD-drop SI hasn't been rea
hed before the maximumSI size (de�ned by m argument) for the inferior and the superior bounds respe
tively.'|' indi
ates that the LOD-drop SI has been delimited by the beginning or the endof the LOD 
urve either for the inferior or superior bounds respe
tively. Therefore,the quality symbols '|->' indi
ates that the SI has been delimited on the left by thebeginning of the LOD 
urve and on the right by the maximum SI size. Therefore, thedrop of LOD s
ore is not rea
hed on either the left or right. '+|' indi
ates that theSI has been rea
hed on the left but has been delimited on the right by the end of theLOD 
urve.
21



Symbols Signi�
ation"++" The QTL is bounded by a LOD-drop with both both SI sides rea
hed"<-->" The QTL is bounded by the m parameter. The SI is not rea
hed."+|" The QTL is bounded by the end of the 
hromosome on the rightand by a SI on the left."|+" The QTL is bounded by the beginning of the 
hromosome on the leftand by a SI on the right."<-|" The QTL is bounded by the end of the 
hromosome on the rightand m/2 on the left."|->" The QTL is bounded by the beginning of the 
hromosome on the leftand m/2 on the right.Author(s)Hamid A. KhaliliReferen
esBroman KW, Wu H, Sen S, Chur
hill GA (2003) R/qtl: QTL mapping in experimental
rosses. Bioinformati
s 19:889-890See Alsos
anone,read.
rossExamplesdata(seed10);out.em <- s
anone( seed10, pheno.
ol=1:50, model='normal', method='em');################################################# Dete
ting QTL with LOD drop support interval ################################################## Defining QTLs for all traits and saving the 
urves in png files.out.peak <- define.peak(out.em, 'all',graph=TRUE,save.pi
t=TRUE,round=3);# Defining QTLs for few traits and drawing the 
urves.par(mfrow=
(1,5));out.peak <- define.peak(out.em,lod
olumn=
(3,4,40,49),graph=TRUE,round=3);par(mfrow=
(1,1));# Defining QTLs for one trait and drawing the 
urves.out.peak <- define.peak(out.em,lod
olumn='CATr
k',graph=TRUE,round=3);drop.peakfeat Erase peak features in peak obje
tDes
riptionErase 
hosen peak features informations from a peak obje
t.22



Usagedrop.peakfeat(peak, feat)Argumentspeak An obje
t of 
lass peak. See define.peak fun
tion for details.feat A 
hara
ter string ve
tor 
ontaining the names of the features todelete. Features 
ould be: "additive.effe
t","peak.bp","inf.bp","sup.bp"or "type". See 
al
.adef, lo
alize.qtl,
lassify.qtl fun
tionsfor details.DetailsIn peak obje
t, QTL is de�ned by peak features. This fun
tion is useful to erasesome peak features by avoiding to redo all the analyses (mainly the define.peak fun
-tion). Only the peak features generated by the fun
tions 
al
.adef, lo
alize.qtl and
lassify.qtl should be removed. This fun
tion is used by the fun
tions '
al
.adef','lo
alize.qtl' and '
lassify.qtl'.ValueAn obje
t of 
lass peakAuthor(s)Hamid A. KhaliliSee Alsodefine.peak,lo
alize.qtl,
al
.adef,
lassify.qtlExamplesdata(seed10);out.em <- s
anone( seed10, pheno.
ol=1:50, model='normal', method='em')out.peak <- define.peak(out.em,lod
olumn='CATr
k');out.peak <- 
al
.adef(seed10,out.em,out.peak)out.peak;data(BSpgmap);out.peak <- lo
alize.qtl(seed10,out.peak,BSpgmap);out.peak;out.peak <- drop.peakfeat(out.peak,'additive.effe
t');out.peak <- drop.peakfeat(out.peak,
('inf.bp','sup.bp'));out.peak;
23



eqtlversion Installed version of R/eqtlDes
riptionPrint the version number of the 
urrently intalled version of R/eqtlUsageeqtlversion()ValueA 
hara
ter string with the version number of the 
urrently installed version of R/eqtl.Author(s)Hamid A Khalili, 〈hamid.khalili�gmail.
om〉See Alsoversiongenoplot Genome plot of the eQTL data on the expression traits lo
ationsDes
riptionPlots the estimated eQTL positions with the genomi
 positions of the 
ontrolled gene.Usagegenoplot( peak.array, 
ross, etrait.
oord, data.gmap, 
hr.size, save.pi
t=FALSE, ...)Arguments
ross An obje
t of 
lass 
ross. See 'qtl' pa
kage manual for read.
rossfun
tion details.peak.array An obje
t of 
lass peak.array. See peak.2.array fun
tion fordetails.etrait.
oord A data frame spe
ifying the etrait genomi
 lo
ations with 
olumns:etrait.name a fa
tor with array element or gene name as levels.
hr an integer ve
tor determining the 
hromosome.start an integer ve
tor determining the GST start lo
ation in basepair.stop an integer ve
tor determining the GST stop lo
ation in basepair.
24



data.gmap A data frame with 
olumn names "Marker", "
hr" and "PP" spe
-ifying the marker physi
al lo
ations. Those one must be the samemarkers de�ned in the related 
ross obje
t. data.gmap$Marker isa ve
tor 
hara
ter strings spe
ifying the names of markers.data.gmap$
hr is a ve
tor of integers spe
ifying the 
hromosomeon whi
h the markers are lo
alized.data.gmap$PP is a ve
tor of integers spe
ifying the physi
al markerlo
ation on the 
hromosome in base pair.
hr.size A ve
tor of integer spe
ifying the size of the 
hromosomes in basepair in order of the 
hromosomes.save.pi
t If TRUE, save ea
h 
harts generated by genoplot as png �les inthe 
urrent folder.... Ignored at this step.DetailsUseful for geneti
al genomi
s studies. This fun
tion gives a graphi
al overview ofthe global eQTL network by plotting the estimated eQTL positions with the genomi
positions of the a�e
ted traits. Six 
harts are generated and all lo
ations data arerepresented on a physi
al s
ale. The genomi
 ditribution of both a�e
ted traits andQTLs are des
ribed by two histograms. If save.pi
t=TRUE, these histograms aresaved as `./histogram_
ontroled_gst.png' and `./histogram_qtl.png' �les, respe
tively.The etrait~eQTL plot are represented with LOD 
olor s
ale (from green to red inorder of in
reasing LOD s
ore, blue representing the average LOD SCORE) and withadditive e�e
t 
olor s
ale (from green to red in order of in
reasing additive e�e
t,yellow representing the null additive e�e
t). Four etrait eQTL plot are generatedrepresenting the eQTL lo
ations as single LOD peaks or support interval regions, bothwith LOD and additive e�e
t 
olor s
ales. If save.pi
t=TRUE, these plot are saved as`lod_dotplot_traitxqtl.png', `ae_dotplot_traitxqtl.png', `lod_siplot_traitxqtl.png' and`ae_siplot_traitxqtl.png' �les.Valuereturn a list with elements:
oord_etrait the etrait 
oordinates.
oord_qtl the QTL 
oordinates.limit the 
hromosomes limits.add_etrait the 
umulates size of the 
hromosomes in bp for the etrait.add_qtl the 
umulates size of of the 
hromosomes in bp for the QTL.Author(s)Hamid A. KhaliliSee Alsodefine.peak,read.
rossExamplesdata(seed10);seed10 <- 
al
.genoprob( 
ross=seed10, step=2, off.end=0, error.prob=0,25



map.fun
tion='kosambi', stepwidth='fixed');seed10 <- sim.geno( 
ross=seed10, step=2, off.end=0, error.prob=0,map.fun
tion='kosambi', stepwidth='fixed');out.em <- s
anone( seed10, pheno.
ol=1:50, model='normal', method='em');out.peak <- define.peak( out.em, 'all');out.peak <- 
al
.adef(seed10,out.em,out.peak);data(BSpgmap);data(ATH.
oord);out.peak <- lo
alize.qtl(seed10, out.peak, BSpgmap);out.array <- peak.2.array(out.peak)genoplot(out.array, seed10, ATH.
oord, BSpgmap,
hr.size=
(30432457,19704536,23470536,18584924,26991304), save.pi
t=TRUE);# NB: the size of the Arabidopsis thaliana 
hromosomes are# 30432457, 19704536, 23470536, 18584924 and 26991304 total base pairs# for 
hromosomes 1 to 5 respe
tivelygpt Global Permutation ThresholdDes
riptionComputes a Global Permutation Threshold to estimate a LOD s
ore signi�
an
ethreshold.Usagegpt(
ross, n_etrait=100, n_perm=1000)Arguments
ross An obje
t of 
lass 
ross. See 'qtl' pa
kage manual for read.
rossfun
tion details.n_etrait An integer whi
h spe
i�es the number of individuals on whi
h thepermutation test are performed.n_perm An integer. This argument de�nes the number of permutation repli-
ates.DetailsComputes the Global Permutation Threshold whi
h �ts to a single-QTL s
an (usings
anone fun
tion) by permuting the phenotypes while maintaining the genotype for asample of individuals randomly 
hosen within an obje
t of 
lass 
ross. The GPT esti-mates the LOD s
ore signi�
an
e threshold if 1000 permutations at least are 
omputedon 100 individuals at least (i.e. 100,000 permutations).ValueAn obje
t of 
lass s
anoneperm 26



Author(s)Hamid A. KhaliliReferen
esChur
hill and Doerge (1994) Empiri
al threshold values for quantitative trait mapping.Geneti
s 138:963-971See Alsoread.
ross,s
anone,add.thresholdExamplesdata(seed10);# Compute the global permutation test with 1000 permutations on 100 individuals## Not run: out_1000.gpt <- gpt(seed10,100,1000);# Compute the global permutation threshold with 100 permutations on 100 individualsout_100.gpt <- gpt(seed10, 10, 10)# Signifi
an
e LOD threshold value with alpha at 0.05 (5## Not run: th_1000 <- out_1000.gpt[order(out.gpt,de
reasing=TRUE)℄[5000℄;th_100 <- out_100.gpt[order(out_100.gpt,de
reasing=TRUE)℄[50℄;th_100;mean(summary(out_100.gpt, alpha=0.05));hist(out_100.gpt,n
lass=50,
ol='gray')abline(v=th_100,
ol='red')# out.em <- s
anone(seed10, method='em', 
hr=
(1:5));## Not run:plot(out.em, 
hr=
(1:5));add.threshold(out.em, 
hr=
(1:5), perms=out_1000.gpt, alpha=0.05);add.threshold(out.em, 
hr=
(1:5), perms=out_1000.gpt, alpha=0.1, 
ol="green");## End(Not run)lo
alize.qtl Compute QTL physi
al positions from QTL geneti
 positionsDes
riptionComputes QTL physi
al positions from QTL geneti
 positions from an obje
t of 
lasspeak and the marker physi
al positions.Usagelo
alize.qtl( 
ross, peak, data.gmap, round )27



Arguments
ross An obje
t of 
lass 
ross. See 'qtl' pa
kage manual for read.
rossfun
tion details.peak An obje
t of 
lass peak. See define.peak for details.data.gmap A data.frame with 
olumn names "Marker", "
hr" and "PP" spe
-ifying the marker physi
al lo
ations. Those one must be the samemarkers des
ribed in the related 
ross obje
t.data.gmap$Marker is a ve
tor of 
hara
ter strings spe
ifying thenames of the markers.data.gmap$
hr is a ve
tor of integers spe
ifying the 
hromosomeson whi
h the markers are lo
alized.data.gmap$PP is a ve
tor of integers spe
ifying the physi
al markerlo
ations on the 
hromosomes in base pair.round An optional integer indi
ating the pre
ision to be used for the phys-i
al position. The physi
al position being estimated, non integernu
leotidi
 position values 
ould be obtained. See round fun
tionfor details.DetailsLinearly 
omputes the physi
al position from peak$peak_
M and the �anking markerlo
ations:A + B/C*DA is the physi
al position of the �rst �anking marker. B and C are the geneti
 andthe physi
al distan
es between the two �anking markers respe
tively. D is the geneti
position of the qtl peak.ValueThe input peak obje
t is returned with 
omponents added to 
omponents of names(peak$trait$
hromosome)for ea
h previously dete
ted QTL:peak.bp is the physi
al lo
ation of the maximum LOD peak.inf.bp is the physi
al lo
ation of the SI lower bound.sup.bp is the physi
al lo
ation of the SI upper bound.Author(s)Hamid A. KhaliliSee Alsoread.
ross,define.peak,
al
.adefExamplesdata(seed10);# Genome s
an and QTL dete
tionout.em <- s
anone( seed10, pheno.
ol=1:50, model='normal', method='em');out.peak <- define.peak(out.em, 'all');# Additive effe
t 
omputing 28



out.peak <- 
al
.adef(seed10,out.em,out.peak,round=3);# Lo
alizing peaksdata(BSpgmap);out.peak <- lo
alize.qtl( seed10, out.peak, BSpgmap, round=0);# Peak features des
ribing the QTLs affe
ting the 100th trait and# lo
alized on the 
hromosome 1out.peak[[26℄℄$'4';# Geneti
 and physi
al position of maximum LOD peaks affe
ting the 100th trait and# lo
alized on 
hromosome 1out.peak[[26℄℄$'4'$peak.
M;out.peak[[26℄℄$'4'$peak.bp;# Geneti
 and physi
al position of QTLs' SI inferior bounds of the 100th trait and# lo
alized on 
hromosome 1out.peak[[26℄℄$'4'$inf.
M;out.peak[[26℄℄$'4'$inf.bp;# Geneti
 and physi
al position of QTLs' SI superior bounds of the 100th trait and# lo
alized on 
hromosome 1out.peak[[26℄℄$'4'$sup.
M;out.peak[[26℄℄$'4'$sup.bp;# idem for trait 'CATr
k'out.peak$CATr
k$'4'$peak.
M;out.peak$CATr
k$'4'$peak.bp;out.peak$CATr
k$'4'$inf.
M;out.peak$CATr
k$'4'$inf.bp;out.peak$CATr
k$'4'$sup.
M;out.peak$CATr
k$'4'$sup.bp;map.peak Summaries maximum LOD peak position from peak obje
tDes
riptionSummaries all maximum LOD peaks position from peak obje
t as a data frame. Thisfun
tion is useful for Composite Interval Mapping to de�ne as 
o-fa
tor previouslydete
ted QTLs.Usagemap.peak(peak)Argumentspeak An obje
t of 
lass peak. See define.peak fun
tion for details.
29



DetailsSummaries all dete
ted QTLs lo
ation from peak obje
t as a data frame. This fun
tion
ould be used by the fun
tion wash.
ovar and gives an overview of the 
ovariates whi
h
an be used for a Composite Interval Mapping.ValueReturns a data frame with 
olumns:trait The names of the a�e
ted traits.
hr The names of the 
hromosomes on whi
h the QTL has been de-te
ted.
M The geneti
 position of the dete
ted QTL.Author(s)Hamid A. KhaliliSee Alsodefine.peakExamplesdata(seed10);out.em <- s
anone( seed10, pheno.
ol=1:50, model='normal', method='em');out.peak <- define.peak(out.em, 'all');
ovar <- map.peak(out.peak);
ovar;mnames.map List all markers from a 
ross obje
tDes
riptionReturn the list of all markers for all of the 
hromosomes.Usagemnames.map(
ross)Arguments
ross An obje
t of 
lass 
ross. See 'qtl' pa
kage manual for read.
rossfun
tion details.DetailsReturns the list of all markers of the 
ross obje
t sort by 
hromosome appearan
e andthe marker relatives position. This fun
tion is used by the 
im.peak fun
tion.30



ValueA ve
tor 
ontaining all marker names sort by the marker relatives position and 
hro-mosomes appearan
e.Author(s)Hamid A. KhaliliSee Also
im.peak,read.
rossExamplesdata(seed10);mnames.map(seed10);peak.2.array Build a simple array from a peak obje
tDes
riptionBuild a simple array from a peak obje
t.Usagepeak.2.array(peak)Argumentspeak An obje
t of 
lass peak. See define.peak for fun
tion details.DetailsUseful for a genome-wide eQTL mapping. Formats the results as a simple array whi
hallows to use all of 
lassi
al R fun
tions (graphi
al, statisti
al, summaries, ...) andpermits the results to be manipulated in the simplest way. All expression traits arerepresented and those whi
h are not a�e
ted by any QTL, 
ontain the empty data<NA> in ea
h 
olumn.ValueReturn an obje
t of 
lass array.peak whi
h is a data frame whith 
olumns:trait The name of the studied traits.
hr The number of the 
hromosome.mname.peak The peak (pseudo-)marker name when a QTL was dete
ted. <NA>if no QTL was dete
ted.lod The peak LOD s
ore when a QTL was dete
ted. <NA> if no QTLwas dete
ted.peak.
M The geneti
 position of the peak in 
entiMorgan(
M) when QTLwas dete
ted. <NA> if no QTL was dete
ted.31



mname.inf The (pseudo-)marker name 
orresponding to the inferior SI boundwhen a QTL was dete
ted. <NA> if no QTL was dete
ted.inf.
M The geneti
 position of the inferior SI bound in 
entiMorgan(
M)when a QTL was dete
ted. <NA> if no QTL was dete
ted.mname.sup The (pseudo-)marker names 
orresponding to the superior SI boundwhen a QTL was dete
ted. <NA> if no QTL was dete
ted.sup.
M The geneti
 position of the superior SI bound in 
entiMorgan(
M)if a QTL was dete
ted. <NA> if no QTL was dete
ted.si.quality The subje
tive quality if the support interval. See `define.peak'for details.additive.effe
t The additive e�e
ts of the QTL. <NA> if no QTL has been dete
ted.peak.bp The physi
al position of the maximum LOD peak. <NA> if no QTLwas dete
ted.inf.bp The physi
al position of the SI lower bound. <NA> if no QTL wasdete
ted.sup.bp The physi
al position of the SI upper bound. <NA> if no QTL wasdete
ted.type The estimated type of the eQTLs ( trans or 
is for 
is- and trans-eQTL respe
tively). <NA> if no QTL was dete
ted or in 
ase of nonnu
lear expression trait.Author(s)Hamid A. KhaliliSee Alsos
anone,read.
rossExamplesdata(seed10);# Defining QTLs for all traitsout.peak <- define.peak( out.em, 'all',graph=TRUE,save.pi
t=TRUE);## Not run:out.array <- peak.2.array(out.peak);# Computing additive effe
tout.peak <- 
al
.adef(seed10,out.em,out.peak);# Lo
alizing peakdata(BSpgmap);out.peak <- lo
alize.qtl(seed10,out.peak,BSpgmap);## End(Not run)out.array <- peak.2.array(out.peak);
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peaksummary Print summary of QTL de�nitionDes
riptionPrint summary information about QTL 
ontained in a peak obje
t.Usagepeaksummary(peak.array,
ross,ex
=data.frame(inf=0,sup=0,
hr=NA),graph=FALSE,...)Argumentspeak.array An obje
t of 
lass peak.array. See peak.2.array and Rsq.2.arrayfun
tions for details.
ross An obje
t of 
lass 
ross. See "qtl" pa
kage manual for read.
rossfun
tion details.ex
 A data frame with 
olumns inf, sup and 
hr whi
h represent a ge-nomi
 region to ex
lude from the summary. inf, sup,
hr representsthe genomi
 lo
ation in base pair (start and stop of the sequen
e toex
lude respe
tively), 
hr spe
ify the 
hromosome. They are singlenumeri
 values.graph If TRUE, print summary graphs.... Ignored at this point.ValueReturns a list 
ontaining a variety of summary information about QTL distributiona

ording to the peak feature.NoteNo page settings have been spe
i�ed in the peaksummary fun
tion therefore if graph=TRUEall graphs will appear one above the other within the same R graphi
al window. Youshould spe
i�ed the use by the parameter mfrow of the R fun
tion par() to setup thegraph page.Author(s)Hamid A. KhaliliSee Alsodefine.peak,read.
ross,peak.2.array,Rsq.2.arrayExamplesdata(seed10);out.em <- s
anone( seed10, pheno.
ol=1:50, model='normal', method='em');out.peak <- define.peak(out.em,'all');out.peak <- 
al
.adef(seed10,out.em,out.peak);33



data(BSpgmap);out.peak <- lo
alize.qtl(seed10,out.peak,BSpgmap);out.array <- peak.2.array(out.peak);# Whole QTL summary woth graphpar(mfrow=
(2,4));peaksummary( out.array, seed10, graph=TRUE);par(mfrow=
(1,1));# QTL summary with graphs ex
luding the QTLs lo
alized# on 
hromosome 3 between 5000 and 6000 bp.par(mfrow=
(2,4));peaksummary( out.array, seed10, ex
=data.frame(inf=5000,sup=6000,
hr=3), graph=TRUE);par(mfrow=
(1,1));plotRsq Plot R square dataDes
riptionDraw histograms of R square value distribution for rsq obje
t.UsageplotRsq( rsq, par=
(2,2), ...)Argumentsrsq An obje
t of 
lass rsq. See 
al
.Rsq for fun
tion details.par A ve
tor of two integers 
orresponding to the mfrow parameter ofthe par() fun
tion.... Passed to the fun
tion hist and par when they are 
alled.DetailsDraw histograms of R square value distribution from an obje
t of 
lass rsq. Threehistograms are drawn: the �rst one shows the R square value distribution of singleQTLs. The se
ond shows the distribution for QTL intera
tions. The last one showsall R square values distribution.ValuenoneAuthor(s)Hamid A. KhaliliSee Also
al
.Rsq,peak.2.array 34



Examplesdata(seed10);seed10 <- 
al
.genoprob( 
ross=seed10, step=2, off.end=0, error.prob=0,map.fun
tion='kosambi', stepwidth='fixed');seed10 <- sim.geno( 
ross=seed10, step=2, off.end=0, error.prob=0,map.fun
tion='kosambi', stepwidth='fixed');out.em <- s
anone( seed10, pheno.
ol=1:50, model='normal', method='em');out.peak <- define.peak(out.em,'all');out.rsq <- 
al
.Rsq(seed10,out.peak);# plotting R quare dataplotRsq(out.rsq);plotRsq(out.rsq,par=
(1,3));pseudo.map The makers and pseudo-markers geneti
 mapDes
riptionLists the markers and pseudo-markers geneti
 positions for all of the 
hromosomes.Usagepseudo.map( 
ross )Arguments
ross An obje
t of 
lass 
ross. See 'qtl' pa
kage manual for read.
rossfun
tion details.DetailsThis fun
tion lists the markers and pseudo-marker geneti
 positions for all of the
hromosomes. This fun
tion is used by others fun
tions. It is ne
essary to havepreviously perform the 
al
.genoprob fun
tion before using this fun
tion.ValueA ve
tor 
ontaining 
ontaining the geneti
 position of markers and pseudo-marker forall of the 
hromosomes sort by positions and 
hromosomes appearan
e.NoteIt is ne
essary to previously perform the 
al
.genoprob fun
tion.Author(s)Hamid A. KhaliliSee Also
al
.genoprob 35



Examplesdata(seed10);pseudo.map(seed10);Rsq.2.array Add R square data to peak.array data frameDes
riptionAdds the single QTL R square data to the related general QTL des
ription 
ontainedwithin peak.array data frame.UsageRsq.2.array(rsq,peak.array)Argumentsrsq An obje
t of 
lass rsq. See 
al
.Rsq for fun
tion details.peak.array An obje
t of 
lass peak.array. See peak.2.array for fun
tiondetails.DetailsUseful to store whole single QTL des
ription within a simple array by adding the singleQTL R square data. Add two 
olumns 
ontaining the R square data from rsq obje
tto the related peak.array data frame. Column Rsq 
ontains the R square values and
olumn RpF 
ontains the R square signi�
an
e. The R square data is 
omputed by thefun
tion 
al
.Rsq.ValueReturns an obje
t of 
lass rsq whi
h is a simple data frame with 
olumns:qtl The name of the geneti
 determinant. If the geneti
 determinant isan individual QTL, the name is formated as 'trait_name'.'
hr_number'.'a_number'. In the 
ase of intera
tives QTL, the geneti
 determinant name isformated as the list of individual geneti
 determinant names sepa-rated by ':'.rsq The Fisher value (set to NA if not signi�
ant: pF < th).pF The signi�
an
e (set to NA if not signi�
ant: pF < th).Author(s)Hamid A. KhaliliSee Also
al
.Rsq,peak.2.array
36



Examplesdata(seed10);# Genome s
an and QTL dete
tionout.em <- s
anone( seed10, pheno.
ol=1:50, model='normal', method='em');out.peak <- define.peak( out.em, 'all');# Computing additive effe
tout.peak <- 
al
.adef(seed10,out.em,out.peak);# Lo
alizing peakdata(BSpgmap);out.peak <- lo
alize.qtl(seed10,out.peak,BSpgmap);out.array <- peak.2.array(out.peak);# R square 
omputingout.rsq <- 
al
.Rsq(seed10,out.peak);# Adding R square dataout.array <- Rsq.2.array(out.rsq,out.array);seed10 Data on gene expression level variationDes
riptionSample data from an experiment on the expression level variation in the A.thalianaseed at 10 day after pollination.Usagedata(seed10)FormatAn obje
t of 
lass 
ross and riself.DetailsThere are 420 RIL individuals typed at 69 markers and 160 individuals have beenretained for phenotyping. The population is the 33RV Versailles RIL population Bayx Sha. See referen
es below. The phenotype is a sample of 500 anonymized Gene Se-quen
e Tags hybridization signals measured on the CATMA mi
roarray. Some probesare not gst. You need to remove them with the 
leanphe fun
tion with the parameterstring="CHLORO" and string="MITO". See referen
es below.Sour
eJean-Pierre Renou and Alain Le
harny (CATdb a Complete Arabidopsis Trans
rip-tome database) http://urgv.evry.inra.fr/CATdbLoudet (Geneti
 and Plant breeding, the VAST lab, INRA VERSAILLES)http://dbsgap.versailles.inra.fr/vnat/Do
umentation/33/DOC.html37



Referen
esCrowe M.L. et al., (2003) CATMA, A 
omplete Arabidopsis GST database. Nu
lei
A
ids Res 31:156-158.Loudet et al.(2002) Theoreti
al and Applied Geneti
s, vol 104, pp 1173-1184Examplesdata(seed10);wash.
ovar Erase additive 
ovariates LOD peaks on the LOD 
urveDes
riptionSets LOD 
urve to 0 for a given region size around 
ofa
tors in
luded in CIM.Usagewash.
ovar(s
anone,
ovar,window.size=20)Argumentss
anone An obje
t of 
lass s
anone. See 'qtl' pa
kage manual for s
anonefun
tion details.
ovar A data frame with 
olumns 'trait', '
hr' and '
M'.
ovar$trait is a 
hara
ter strings ve
tor whi
h spe
i�es the namesof the traits.
ovar$
hr is an integer ve
tor whi
h spe
i�es the number of the
hromosome.
ovar$
M is a numeri
 ve
tor whi
h spe
i�es the 
ofa
tor positionin 
M.window.size a single numeri
 value whi
h spe
i�es the size of the region to setat zero LOD.DetailsThis fun
tion is useful to extra
t the new QTLs from 
omposite interval mappingresults. The artifa
tual LOD peak value obtained from the 
ofa
tors are set at zeroLOD. Then the QTLs are de�ned by using the fun
tion define.peak . The 
ofa
torslo
i are de�ned in a data frame whi
h 
an be performed by the fun
tion map.peak. Inthis 
ase, the 
ofa
tors will be at the maximum LOD peak lo
ation de�ned within therelated peak obje
t.ValueThe input s
anone obje
t is returned.Author(s)Hamid A. Khalili 38



See Alsos
anone, 
im.peak, map.peakExamplesdata(seed10);out.em <- s
anone( seed10, pheno.
ol=1:5, model='normal', method='em');out.peak <- define.peak( out.em, 'all');
ovar <- map.peak(out.peak)out.
em <- 
im.peak(seed10,out.peak);out.
em <- wash.
ovar(out.
em,
ovar);out_
omposite.peak <- define.peak(out.
em,'all');
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