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Phenotypedistributions

�Withineachoftheparental
andF�strains,individualsare
geneticallyidentical.

�Environmentalvariationmay
ormaynotbeconstantwith
genotype.

�Thebackcrossgenerationex-
hibitsgeneticaswellasenvi-
ronmentalvariation.
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DataandGoals

Phenotypes:��=phenotypeformouse�

Genotypes:���=1/0ifmouse�isBB/ABatmarker�

(forabackcross)
Geneticmap:Locationsofmarkers

Goals:

�Identifythe(oratleastone)genomicregions
(QTLs)thatcontributetovariationinthe
phenotype.

�FormconfidenceintervalsforQTLlocations.

�EstimateQTLeffects.
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Models:Recombination

Weassume:Mendel’srules
Nocrossoverinterference
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LocationsofcrossoversareaccordingtoaPoissonprocess.

	�����formaMarkovchainwithtransitionprobabilities:
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 �isthegeneticdistanceinMorgans.

Markovchain:
������������!������!������!"""�

�������������
Models:Genotype#$Phenotype

Let�=phenotype

%=wholegenomegenotype

ImagineasmallnumberofQTLswithgenotypes%�!"""!%&.
(�&distinctgenotypes)

E���%�
'()�***�(+var���%�
,�()�***�(+

Homoscedasticity(constantvariance):,�(-,�

Normallydistributedresidualvariation:��%./�'(!,��.
Additivity:'()�***�(+
'01& �2�3�%�(%�
�or�)
Epistasis:Anydeviationsfromadditivity.



Thesimplestmethod:ANOVA

�Alsoknownasmarker
regression.

�Splitmiceintogroups
accordingtogenotype
atamarker.

�Doat-test/ANOVA.

�Repeatforeachmarker.
40

50

60

70

80

P
henotype

BBAB

Genotype at D1M30

BBAB

Genotype at D2M99

Effectatamarker

ConsiderthecaseofasingleQTLwitheffect3
'44�'54.
ConsideramarkerlinkedtotheQTL,with�
recomb.frac.

OfindividualswithmarkergenotypeBB,meanphenotypeis:

'44�����0'54�
'44��3

OfindividualswithmarkergenotypeAB,meanphenotypeis:

'54�����0'44�
'540�3

Difference:�'44��3���'540�3�
3������



ANOVAatmarkerloci

Advantages

�Simple.

�Easilyincorporates
covariates.

�Easilyextendedtomore
complexmodels.

�Doesn’trequireagenetic
map.

Disadvantages

�Mustexcludeindividuals
withmissinggenotypedata.

�Imperfectinformationabout
QTLlocation.

�Suffersinlowdensityscans.

�OnlyconsidersoneQTLata
time.

Intervalmapping(IM)

Lander&Botstein(1989)

�AssumeasingleQTLmodel.

�Eachpositioninthegenome,oneatatime,ispositedasthe
putativeQTL.

�Let6
1/0ifthe(unobserved)QTLgenotypeisBB/AB.
Assume�
'03607where7./��!,��.

�Givengenotypesatlinkedmarkers,�.mixtureofnormaldist’ns
withmixingproportion
��6
��markerdata�:

QTLgenotype 8�89BBAB
BBBB:;<=>?:;<=@?A:;<=?=>=@A:;<=? BBAB:;<=>?=@A==>:;<=@?A= ABBB=>:;<=@?A=:;<=>?=@A= ABAB=>=@A:;<=?:;<=>?:;<=@?A:;<=?



Thenormalmixtures

8�89 B

7cM13cM

�Twomarkersseparatedby20cM,
withtheQTLclosertotheleft
marker.

�Thefigureatrightshowthedis-
tributionsofthephenotypecondi-
tionalonthegenotypesatthetwo
markers.

�Thedashedcurvescorrespondto
thecomponentsofthemixtures.
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Intervalmapping(continued)

LetC�

��6�
��markerdata�
���6�./�'036�!,��


�����markerdata!'!3!,�
C�D���E'03!,�0���C��D���E'!,�

whereD��E'!,�
FGHI����'�����,��J�K�L,�

Loglikelihood:M�'!3!,�
1�NOP
�����markerdata!'!3!,�

Maximumlikelihoodestimates(MLEs)of',3,,:
valuesforwhichM�'!3!,�ismaximized.



EMalgorithm

Dempsteretal.(1977)

Estep:

LetQRS��T

��6�
����!markerdata!U'RST!U3RST!U,RST�

&VWRXVYZ[\]^�Z_\]^�Z`\]^T &VWRXVYZ[\]^�Z_\]^�Z`\]^T�R��&VTWRXVYZ[\]^�Z`\]^T

Mstep:

LetU'RS��T
1������QRS��T ���1����QRS��T �� U3RS��T
1���QRS��T ��1�QRS��T ��U'RS��T
U,RS��T
abitcomplicated

Thealgorithm:

StartwithQR�T �
C�;iteratetheE&Mstepsuntilconvergence.

LODscores

TheLODscoreisameasureofthestrengthofevidenceforthe
presenceofaQTLataparticularlocation.

LOD�6�
NOP�alikelihoodratiocomparingthehypothesisofa
QTLatposition6versusthatofnoQTL


NOP��b

����QTLat6!U'c!U3c!U,c� 
����noQTL!U'!U,�d

U'c!U3c!U,caretheMLEs,assumingasingleQTLatposition6.
NoQTLmodel:Thephenotypesareindependentandidentically

distributed(iid)/�'!,��.



AnexampleLODcurve
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Intervalmapping

Advantages

�Takesproperaccountof
missingdata.

�Allowsexaminationof
positionsbetweenmarkers.

�Givesimprovedestimates
ofQTLeffects.

�Providesprettygraphs.

Disadvantages

�Increasedcomputation
time.

�Requiresspecialized
software.

�Difficulttogeneralize.

�OnlyconsidersoneQTLat
atime.

MultipleQTLmethods

WhyconsidermultipleQTLsatonce?

�Reduceresidualvariation.

�SeparatelinkedQTLs.

�InvestigateinterationsbetweenQTLs(epistasis).



LODthresholds

LargeLODscoresindicateevidenceforthepresenceofaQTL.

Q:Howlargeislarge?

$WeconsiderthedistributionoftheLODscoreunderthenull
hypothesisofnoQTL.

Keypoint:Wemustmakesomeadjustmentforourexaminationof
multipleputativeQTLlocations.

$WeseekthedistributionofthemaximumLODscore,genome-
wide.The95th%ileofthisdistributionservesasagenome-wide
LODthreshold.

Estimatingthethreshold:simulations,analyticalcalculations,per-
mutation(randomization)tests.

NulldistributionoftheLODscore

�Nulldistributionderivedby
computersimulationofbackcross
withgenomeoftypicalsize.

�Solidcurve:distributionofLOD
scoreatanyonepoint.

�Dashedcurve:distributionof
maximumLODscore,
genome-wide.
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LOD score



Permutationtests

mice

markers

genotype
data

phenotypes

eLOD:f? (asetofcurves)e
8g h

ijkLOD:f?

�Permute/shufflethephenotypes;keepthegenotypedataintact.

�CalculateLODl:f?<m8lgh
ijkLODl:f? �Wewishtocomparetheobserved8tothedistributionof8l.

�no:
8lp8

?isagenome-wideP-value.

�The95th%ileof8lisagenome-wideLODthreshold.

�Wecan’tlookatallqrpossiblepermutations,butarandomsetof1000isfeasi-
bleandprovidesreasonableestimatesofP-valuesandthresholds.

�Value:conditionsonobservedphenotypes,markerdensity,andpatternofmiss-
ingdata;doesn’trelyonnormalityassumptionsorasymptotics.

LODsupportintervals

s-LODsupportinterval

�Chromosomalregionfor
whichtheLODscoreis
withinsofitsmaximum.

�Generallys
1or2;
Iprefers
1.5.

�PlotofLOD�tuG�LOD� depictsevidenceforQTL
location.
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PowertodetectQTLs

�ThepowertodetectaQTListhe
chancethatitsLODscoreexceeds
thegenome-widethreshold.

�Powerdependson

–SizeoftheQTLeffect.

–Numberofprogeny.

–Typeofcross.

–Densityofmarkers.

–StringencyoftheLODthreshold.

�Atright:

–Dashedcurve:dist’nofmaxLOD
undernullhypothesis.

–Solidcurve:dist’nofLODscoreat
QTL,withv2�aa. –Dottedcurve:dist’nofLODscoreat
QTL,withv2�aa.

LOD score

0369

QTL effect = 5
Power = 2%

LOD score

0369

QTL effect = 8
Power = 41%

LOD score

0369

QTL effect = 11
Power = 97%

Howmanymarkers/mice?

�Atright:

–Top:v2�aa –Bottom:v2�aa –Solid:10cMspacing

–Dashed:1cMspacing

�Moremice:

–Morerecombinationbreakpoints.

–Reducedsamplingvariation.

�Moremarkers:

–Moredetailedgenotypeinformation.

–Notnecessarilyincreasedprecision
(dependsonnumberofmice,sizeof
QTLeffect,andluck).

�Note:Thefiguresshouldbetaken
withagrainofsalt.

20253035404550

−2.0

−1.5

−1.0

−0.5

0.0

100 mice

Chromosome position (cM)

LO
D

 −
 m

ax(LO
D

)

20253035404550

−2.0

−1.5

−1.0

−0.5

0.0

200 mice

Chromosome position (cM)

LO
D

 −
 m

ax(LO
D

)



Selectionbias

�TheestimatedeffectofaQTLwill
varysomewhatfromitstrueeffect.

�Onlywhentheestimatedeffectis
largewilltheQTLbedetected.

�Amongthoseexperimentsinwhich
theQTLisdetected,theestimated
QTLeffectwillbe,onaverage,
largerthanitstrueeffect.

�Thisisselectionbias.

�SelectionbiasislargestinQTLs
withsmallormoderateeffects.

�ThetrueeffectsofQTLsthatwe
identifyarelikelysmallerthanwas
observed.

Estimated QTL effect

051015

QTL effect = 5
Bias = 79%

Estimated QTL effect

051015

QTL effect = 8
Bias = 18%

Estimated QTL effect

051015

QTL effect = 11
Bias = 1%

Thegeneticmap:effectsoferrors

�Markerorder
–CauseswigglyLODcurves.

–Shouldn’tcompletelyeliminate
asignal.

�Mapdistances
–Doesn’tseemtomakemuch

difference.

–Makesabigdifferencein
perceivedlengthofLOD
supportintervals.

�Greatereffectsoferrorswith
appreciablemissingdata
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Thegeneticmap:findingproblems

�Consider:
–Estimatedgeneticmap
–Pairwiserecombination

fractions

�Misplacedmarkers
cause:
–Biggapsinthemap
–Largerecombination

fractions
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Genotypingerrors:effects

�Withgenotypingerrors,
individualsareplacedinthe
wronggenotypegroup.

�Withwidelyspaced
markers,thereislittleeffect.

�Withdensemarkers,errors
maketheLODcurvehave
moredips.
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Identifyinggenotypingerrors

�Lookfortightdouble
crossovers.
(Crossoverinterferenceisoften

strong.)

�ErrorLODscores
(Lincoln&Lander1992)

–Modelforgenotypingerrors.

–Assumederrorrate.

–Assumptionofnointerference.

–Atmarkerwinmousex,LOD= y
z{�|}~�����inerror�markerdata��� ~�����correct�markerdata����
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Selectivegenotyping

�Saveeffortbyonly
typingthemost
informativeindividuals
(say,top&bottom10%).

�Usefulincontextofa
single,inexpensivetrait.

�Trickytoestimatethe
effectsofQTLs:useIM
withallphenotypes.

�Can’tgetatinteractions.

�Likelybettertoalso
genotypesomerandom
portionoftherestofthe
individuals.
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Covariates

�Examples:treatment,sex,
litter,lab,age.

�Controlresidualvariation.

�Avoidconfounding.

�LookforQTL�environ’t
interactions

�Adjustbeforeinterval
mapping(IM)versusadjust
withinIM.
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Non-normaltraits

�Standardintervalmappingassumesnormallydistributed
residualvariation.(Thusthephenotypedistributionisa
mixtureofnormals.)

�Inreality:weseedichotomoustraits,counts,skewed
distributions,outliers,andallsortsofoddthings.

�Intervalmapping,withLODthresholdsderivedfrom
permutationtests,generallyperformsjustfineanyway.

�Alternativestoconsider:
–Nonparametricapproaches(Kruglyak&Lander1995)

–Transformations(e.g.,log,squareroot)

–Specially-tailoredmodels(e.g.,ageneralizedlinearmodel,theCox
proportionalhazardmodel,andthemodelinBromanetal.2000)



SummaryI

�ANOVAatmarkerloci(akamarkerregression)issimpleandeasilyextended
toincludecovariatesoraccommodatecomplexmodels.

�IntervalmappingimprovesonANOVAbyallowinginferenceofQTLsto
positionsbetweenmarkersandtakingproperaccountofmissinggenotype
data.

�ANOVAandIMconsideronlysingle-QTLmodels.MultipleQTLmethodsallow
thebetterseparationoflinkedQTLsandarenecessaryfortheinvestigationof
epistasis.

�StatisticalsignificanceofLODpeaksrequiresconsiderationofthemaximum
LODscore,genome-wide,underthenullhypothesisofnoQTLs.Permutation
testsareextremelyusefulforthis.

�1.5-LODsupportintervalsindicatetheplausiblelocationofaQTL.Aplotof
theLODcurve,re-centeredsothatitsmaximumisat0,isavaluabletoolfor
depictingevidenceforQTLlocation.

�Onceyou’veachieveda10cMmarkerspacing,moremicewillprobablybe
moreimportantthanmoremarkers.Butthisdependsonthenumberofmice,
thesizeoftheQTLeffect,andluck.

SummaryII

�EstimatesofQTLeffectsaresubjecttoselectionbias.Suchestimatedeffects
areoftentoolarge.

�Studyyourdata.Lookforerrorsinthegeneticmap,genotypingerrorsand
phenotypeoutliers.Butdon’tworryaboutthemtoomuch.

�Selectivegenotypingcansaveyoutimeandmoney,butproceedwithcaution.

�Studyyourdata.Theconsiderationofcovariatesmayrevealextremely
interestingphenomena.

�Intervalmappingworksreasonablywellevenwithnon-normaltraits.But
considertransformationsorspecially-tailoredmodels.Ifintervalmapping
softwareisnotavailableforyourpreferredmodel,startwithsomeversionof
ANOVA.


