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ABSTRACT

Critical to the understanding of the genetic basis for
complex diseases is the modeling of human variation.
Most of this variation can be characterized by single
nucleotide polymorphisms (SNPs) which are mutations at
a single nucleotide position. To characterize the genetic
variation between different people, we must determine
an individual's haplotype or which nucleotide base oc-
curs at each position of these common SNPs for each
chromosome. In this paper, we present results for a
highly accurate method for haplotype resolution from
genotype data. Our method leverages a new insight into
the underlying structure of haplotypes which shows that
SNPs are organized in highly correlated “blocks”. In a few
recent studies (see Daly et al. (2001); Patil et al. (2001)),
considerable parts of the human genome were partitioned
into blocks, such that the majority of the sequenced
genotypes have one of about four common haplotypes in
each block. Our method partitions the SNPs into blocks
and for each block, we predict the common haplotypes
and each individual's haplotype. We evaluate our method
over biological data. Our method predicts the common
haplotypes perfectly and has a very low error rate (less
than 2% over the data from Daly et al. (2001).) when
taking into account the predictions for the uncommon
haplotypes. Our method is extremely efficient compared to
previous methods, such as PHASE and HAPLOTYPER.
Its efficiency allows us to find the block partition of the
haplotypes, to cope with missing data and to work with
large data sets.
Availability: The algorithm is available via webserver at
http://www.calit2.net/compbio/hap/
Contact: eran@eecs.berkeley.edu,eeskin@cs.huji.ac.il

INTRODUCTION

Most of the variationwithin a popuation canbe charae
terizedby singlenucleotide polymaphisms(SNPs)which
aremutationsat a singlenucledide positionthatoccurred
once in human history and were passd on through
heredity Approximaely 10 million commonSNPs(NIH
(2002; Group(2001), eachwith a frequery of 10%to

50% accant for the majority of the variation between
DNA sequenesof differentpeople(Patil et al. (200D).
To charaterize an individual's variation, we mustdeter
mine an individual’s haplotype or which nucledide base
occus at eachposition of thesecomnon SNPsfor each
chrom@some.By correlatingan individual's haplotyps
with the presece of a diseaseresearchrs can better
undestandcompgex diseasesThe effort to characterize
human variation, currerilly a major focus for the NIH,
will be a tremendus undertaking requiring obtaining
the haplotype information from a large collection of
individualsfrom diversepopuldions (NIH (20@)).
Although the two chranosomesof an individual can
be separatedand analyzd indegndely as in Patil
et al. (2001), current techndogy suitablefor large scale
polymaphismscreeningbtainsgenotype informationat
eachSNPR The genotype gives the basesat eachSNP for
both copiesof the chrom@some but losestheinformation
as to the chromosme on which each base appeas.
Considera SNP wherethereare two commonbases,A
or G. Therearefour possiblecasedor thehagotype.Two
of the casesarehomozygous gendypes,whereeitherboth
chrom@omescontainsA or both chrom@omescortain
G. Theothertwo casesreheterozygous gendypes where
the first chromo®me contain A and the seconl cortain
G andyvice versa.For this SNR thereare threepossible
casesfor the gendype information. In the homaygols
casesthegendypewill beeitherA or G respeciiely and
we caninfer thatthe baseappeas in bothchrom@somes.
In the heteroggouscasesthe genoty will be H (for
heteroggous)andwe caninfer thatin onechromsome,
wehavean A andin theotherwe havea G, but we cannot
infer on which chronosomeeachappeas which causs
ambiglitiesin reconstruting thehaplotypes. Considetthe
examplewhereanindividud atfour succasive SNPswith
possiblevaluesA or G, hasa gendype AH HG. In this
case,the individud’'s haplotyps have two possibilities:
either AAAG on one chromsomeand AGGG on the
otherchromsomeor AAGG and AGAG. Without ary
other information such as the gendypes from related
individuals, it is impossibleto determinethe individual's
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Haplotype | 0,1Represatation | Frequemy
CCGAT 00000 66
CTGAC 01001 24
ATACT 11110 10
CTGAT 01000 6
ATGAT 11000 1
ATGCC 11011 1
CCGAC 00001 1

Table 1. Block 6 from Daly et al. (2001).The block contans5 SNPsover
11 kilobases.The horizortal line separées the commonhaplotpesfrom
rarehaplotypes.Thefirst columnshaws the haplaypesfrom the transmitted
chromosomesThesecondcolumnshavs the samehaplotypesbut mappel to
0,1represerdtion. The O represets the commonnucleotideat the position,
while the 1 representsherarenucledide atthe position. Thethird columnis
the frequency of the haplotype block in the transmited chromosomesNote
thatary chromosomehat contaned ary ambiguty in the block due either
to missingdataor heteozygousgenoypesfor all membersof the trio was
omitted.

actualhaplotypes.This problemof haplotyperesolutionis
oftenreferredto asthe phaseproblem.

Recentstudiesin linkage disequiibrium (Goldstein&
Weale(2001); Reichet al. (200L)) characterizig human
haplotype structureobsere that for the individuals and
the specificregionsthey conside, the SNPsare grouyped
into “blocks” of limited diversity perhapsdue to recent
bottlene&s in human history In eachblock containing
n, SNPs typically aroundfour haplotygsaccaint for the
majority of the haplotygs in the population. Conside
the hapldype block shavn in Table 1 consisting of
5 SNPsover 11 kilobases from a recent paper Daly
et al, 2001 We can map each of these hapldypes to
the 0,1 represention where O representshe common
nucledide and 1 represets the rare nucledide. The 0,1
represetation for block 6 is alsoshavn in Table1. Note
that 90% of the haplotyesin the populdion are one of
four comman haplotypes.

Existingmethoddo resole haplotygesincludetheorig-
inal apprach of (Clark (199)), parsimory appro&hes
(Gusfield(200Q 2001); Lanciaet al. (2001)), maximum
likelihood methods(Excoffier & Slatkin (1995; Fallin
& Schork (2000; Hawley & Kidd (1999; Long et al.
(1999), statistical methodssuch as PHASE (Stephen
et al. (2001))andHAPLOTYPER Niu et al. (2001),and
perfect phylogeny-based appraches(Gusfield (2003).
Some of those previous method implicitly assume
limited diversity of the hapldypesin the popdation. This
assumpon does not hold over long regions. Considerthe
entire616 kilobaseregion examinedin Daly et al. (2001).
Out of the 258 haplotypesin the popuation, the most
comma haplotyge appeas 45 timesand169 hapldypes
areuniqlel. Understadably the errorrate of predictiors
of one of the most accurée method, PHASE, over
this long region is 25.25%. Similarly, anotheraccurae

methodHAPLOTYPER over the first 55 SNP$ in the
regionhasanerrorrateof 15.67%.

In this paper we presat resultsfor a highly accurae
methodfor haplotype resolutionfrom genotye data,the
HAP algorithm.HAP takesasinputa popuation of gene
typesandpartitionsthe SNPsinto blocksof limited diver-
sity. For eachblock HAP predictsthecommonhaplotypes
aswell asthe haplotygesof eachindividud in the popu
lation. We alsoshow thatthe comman haplotypesroughy
fit a perfectphylogery model. Essentially HAP canef-
fectively predictthe haplotypesfor unrelated individuds.
This ability significantlyreduceghe costsanddifficulties
of charaterizing humanvariationsinceit eliminatesthe
needfor collectinggenotype datafrom complée trios.

Haplotypes can be resohed from genotype data by
making the assumgon that most of the haplotyps
within a block of limited diversity will loosely fit the
perfect phylogery model. This method for resolving
hapldypes was first propsedin Gusfield (2003. The
perfectphylogery modelassumesaninfinite site mutation
modé and allows no recombirmtions (Hudsa (1990).
The infinite site mutation model makes the assumption
that at eachSNP site, a mutationonly hagpenedoncein
human history This model forbids recurrentmutations
or backmutations.The assumpons of the modelimply
that a chranosomewith a mutationat a SNP is a direct
descadant from the chrom@some of the ancestor in
which the mutationoccurred Likewise,any chromsome
without the mutationcannot be a descedantof a chro-
mosomethathasthe mutation.Clearly, theseassumptios
are not realistic althoughit is reasoable to assumehat
recomlinationsandrecurren mutationsarerelatively rare
eventswithin a block Thus,we conside arelaxedmodel
which allows for a certainnumberof recurrentmutations
and recomlinationswithin a block. A similar apprach
to oursis the strict perfectphylogery modelapproah of
Gusfield (2003; Bafnaet al. (20023. However, in this
pape, we shav that only if we relax the assumpons of
the perfectphylogery modeldo thesetype of approahes
work over realdata.

We compaed HAP to two of the mostpopular methods
for phaseresolution(HAPLOTYPER and PHASE), and
found that HAP is consideably fasterthan both in all
cases,and just as or more accuratethan both method
in most cases.In fact, in someof the experimentswe
ran, HAPLOTYPER was still runnirng without giving
resultsafter hous of CPU while HAP madepredictiors
in second.

RESULTS

fThis wasthe largestsubsetof the SNPsthat HAPLOTYPER was able to
handleusingits default settirgs.
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Predicting Haplotypes from Genotypes We performedour
experimentsover two datasetspresentedn Daly et al.
(2007 andGabrielet al. (20®). Thedatafrom Daly et al.
(2007 containsa setof gerotypesfor 103 SNPscollected
from 129 motherfatherandchild trios of Europeardecen
We usethe portion of the datafrom Gabrielet al. (2002
which haspedigre information This portion consistsof
genaypesof SNPsfrom 62 regionsfrom two populations.
The first portion congsts of genotyesfrom 3277 SNPs
from 93 individualsfrom 12 multi-generationl pedigres
of Europearancestrnandthesecondctonsistof gendypes
from 3061 SNPsfrom 90 individuals from 30 trios from
Yoruba.

The pedigre informationallows us to infer the hago-
typesfrom the genotygsfor mostof the SNPs,assuming
Mendeliangeretics, thatis, assumingno recomlination.
For theDaly et al. (2001)data,we only usethechildrers
gendypesasaninputto the algorithms,ensuringthatthe
gendypesareindependentWe usethe pedigreenforma-
tionin orderto evaluge theaccuacy of thealgorithms.

TheDaly et al. (2001) datais partitionedinto 11 blocks
of limited diversity. Our first setof experimentsover this
dataassums that we are given the block partition for
the 11 blocksin the data.Our secondsetof experiments
assumeshat we have no prior information abaut the
block partition of the 103 SNPsandareonly given their
gendypes.We applyouralgorithmto determingheblock
partition. We then compae our predictiors to the
predictiors of PHASEandHAPLOTYPER.

Over the Gabriel et al. (2002 data,sinceno partition
of the SNPsis definedin the data, we partition the
regions into blocks and predict the hagotypes within
eachblock. We alsomale predictiors usingPHASE and
HAPLOTYPER over our predictedblocks.

Predicting Haplotypes within a Block In the first set of
experiments, for each of the 11 blocks as definedin
Daly et al. (2001 we predictedthe comnon hapldypes
from the genotyes of the childrenin the trios as well
as eachchild’'s hapldype. In all casesthe predictiors
for the common hapldypes are correct. A significant
portion of the data is missing, 10.03% of the total
gendype data. This missing data comesfrom various
source of experimentalerror In addition to resolving
the heterozgousgendypes,we resole the missingdata.
Througlout the pape, the error rate is the nunber of
basespredcted incorredly divided by the numter of
heteroggousandmissinggendypes.Thenumbe of bass
predictedincorrectly is the Hamming distancebetween
the predictel haplotypes and the correct hagotypes in
the bestof the two possibleassignnentsof the pairs of
predictedto correcthaplotyges.In our predctions, over
the 129 individuds and 103 SNPs,the errorrateis only
0.91% andthe errorratein the presece of missingdata

is only 1.27%, significantlylower the amountof missing
gendype data.Over individuals that containthe common
hapldypes, our predictiors are perfect. The errorsonly
occu for individuals who have an uncanmonhagotype.
A compaisonof the errorrateswith thoseof PHASEand
HAPLOTYPERareshavn in Table2 and3.

The progamtakesonly a few second to make eachof
thesehaplotyge predictions while PHASE andHAPLO-
TYPERtook significantlylonge. Runningtimesfor each
of theseprograns is shavnin Table4.

SNPs Prediced Freq. HAP PHASE | HAPLOTYPER
Common Error Error Error
Haplotypes Rate Rate Rate

1-8 GGACAACC 215 | 0.0000| 0.0000 0.0298
AATTCGTG 38

10-14 TTACG 217 | 0.0000| 0.0000 0.0106
CCCAA 35

16-24 CGGAGACGA 139 | 0.0188( 0.0209 0.0230
GACTGGICG 52
CGCAGACGA 34
CGGATACGA 15

25-35 | CGCGCCCGGA 142 | 0.0048 | 0.0016 dnf
CTGCTATAACC 39

CTGCCQGGCT 35
TTGCCQCAACC 25

36-40 CCAGC 146 | 0.0193( 0.0193 0.1159
CCACC 51
GCGCT 30
CAACC 12

41-45 CCGAT 152 | 0.0326 | 0.0181 0.0688
CTGAC 63
ATACT 31

78-84 CGTTTAG 142 | 0.0111 | 0.0084 0.0250
TGTTTGA 53
TGATTAG 20
CGTCTAG 12
TGTTGGA 10

86-91 ACAACA 145 | 0.0223 | 0.0198 0.0273
GCGGTG 71
ACGGTG 14
GTGACG 13

92-98 GTTCTGA 142 | 0.0131] 0.0183 0.0471
TGTGTAA 49
TGTGCGG 32
TGCGTRAA 15

99-103 CGGCG 112 | 0.0000 | 0.0000 0.0436
TATAG 105
TATCA 35

Table 2. Predidions over blocksdefinedby Daly et al. (2001). The second
column shawvs the commonhaplaypes as presentd in Daly et al. 2001.
The third column shawvs the predided commonhaplotypesand the fourth
gives their frequendes. The fifth through seventh columnsgive the error
rate after resoling all missingdata. The error rate is the total numberof
errorsin the predictions divided by the tota numberof heteozygots and
missinggendypesin the block. “dnf” in the errorrate correspmdsto when
the HAPLOTYPER programfailedon theinput. Thetota errorrateover all
blocksfor HAP is 0.0127, for PHASEIs 0.0165 andfor HAPLOTYPERIs
0.04 overtheregionsthat HAPLOTYPER returneda prediction.




E. Halperin, E. Eskin

SNPs Predided Freq. HAP PHASE | HAPLOTYPER
Common Error Error Error
Haplotypes Rate Rate Raie
46-76 | CCCTGCTTACGGTGCAGTGGCACGTATTGCA 137 | 0.0143 | 0.0307 dnf
TCCCATCCATCATGGTGCGAATGCGTACATTA 59
CCCCGAOTACGGTGCAGTGGCACGTATATCA 19
CATCACTCCCCAGACTGTGATGTTAGTATCT 10
CCCTGCTTACGGTGCAGTGGCACGTATTTCA 9

Table 3. Predidions over datafrom Daly et al. (2001)(contnued).

SNPs | HAP | PHASE | HAPLOTYPER
CPU CPU CPU
Time Time Time
1-8 0.18 46.89 4.29
10-14 0.05 44.58 54.56
16-24 0.06 52.74 7.93
25-35 | 0.08 60.99 dnf
36-40 0.04 34.64 20.36
41-45 0.18 35.57 90.97
46-76 0.06 207.14 dnf
78-84 | 0.06 41.21 299.12
86-91 0.06 47.48 346.52
92-98 | 0.06 46.83 247.61
99-103 | 0.06 40.31 45.61

Table 4. CPUtime measuredn secondgor predidion of haplotypeswithin
blocksin datafrom Daly et al. (2001).“dnf” standgfor “did notfinish” after
severd hoursof computdion.

Predicting Blocks from Genotypes Typically, we must
determinethe block partition directly from the gendype
data.We first male haplotype predictiors for all possite
blocks using the local haplotype prediction algorithm
and discard ary blocks with more than five common
haplotypessincewe arelooking for low diversityregions.
We chosethe numter five, sincein Daly et al. (2001),
Patil et al. (2001) and in Gabriel et al. (20®) the
numker of comman haplotygesis smallerthanfive in the
vast majority of cases.However, we can use the same
dynamic progammingusingary criterionfor determining
canddateblocks.

Out of thosecandid#e blocks, we chose the optimal
block partition. Therearea few possiblecriteriato deter
minewhichis agoad block partitionsuchaslinkagedise-
quilibrium baseccriteriaDaly et al. (2001)or information
baseccriteriaBafnaet al. (2002). Onepossiblecriterion
for determinimg a goodblock partitionis minimizing the
sumof thenumberof represatative SNPsover all blocks.
This criterionhasbeenusedto partitionblocks onalarger
scale(Patil et al. (2001);Zhanget al. (20()).

For eachblock, we can definea set of represetative
SNPs that are sufficient to determinean individual’'s
haplotypes.In Table 1, the seconl, third andfifth SNPs
are sufiicient to determinethe hagotype. For example,
if we obsereT', A, andT in theseSNPs,we caninfer
that the individual hasthe third haplotype(assuminghe

Populdion | Number | HAP PHASE | HAPLOTYPER
of Error Error Error
SNPs Rate Rate Rate
European 3277 0.0352 0.0375 0.0478
Yoruba 3061 0.0380( 0.0441 0.0489

Table 5. Resuls from predidions over the Gabrid et al. (2002).

individual has one of the comma haplotyges). On the
other hand,if we obsere T', GG, and C, we can infer
the individual hasthe secom haplotyge. The minimum
numter of represatative SNPsis three.That s, no two
SNPscandistinguishthefour comman haplotypes.

Usingdynamic progranming, we choasethe bestblock
partition for the datafrom Daly et al. (2001) wherethe
objective is to minimize the numker of represatative
SNPsover the entire block partition. The total error rate
for predidionsin theseblocks for for HAP is 0.0109, for
PHASEIs 0.0190 andfor HAPLOTYPERIs 0.0363 over
theregionsthatHAPLOTYPER returneda prediction.

The exad predictedblock partitionis describedn sup-
plemenary materialson the website.The block partition
variesfrom the partition describedn Daly et al. (2001
(shovnin Table2) sincethecriteriafor definingblock par
titions aredifferent.Our criterion,to minimizethenumter
of represetative SNPs,is consistehwith the criterionin
Patil et al. (2001 while thecriterionin Daly et al. (200])
determins blocks by estimatingthe recomtination fre-
guertiesbetwea blocks

For the Gabriel et al. (2002 data, we partition each
of the 62 regions for both popuations into blocks and
malke predictionsover the hagotypeswithin eachblock
For eachblock, we make predictionsfor eachindivid-
ual. We measue the error rate by inferring the actual
hapldypes from the pedigres. In some casesfor the
multi-geneational pedigres, therewere conflictsin the
inferen@ perhap dueto recombiration. For the evalua-
tion, we omitted ary pedigres that had conflicts. Table
5 summaizes the resultsover the data. Details of the
predictiors are provided in the suppementarymaterials
onthewebsite.

We wish to emphaize that the issueof efficiengy and
speedis crucial, since for instance,for the Daly et al.
(2007 data,in orderto optimally partition the data,we
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needto malke predictiors for over 1000 candidae blocks
sincethe numter of canddate blocksincreasedinearly
with the size of the data. Therefore,the fact that our
algorithmis consideably fastethanbothHAPLOTYPER
andPHASEis animportantadvartageof our algorithm.

DISCUSSION

Recenstudiesn haplotypestructurehave shavn thathap-
lotypesare structuredinto blocks with limited diversity.
Over theseblocks, mary methodscaneffectively resohe
haplotypesfrom genotygesof SNPsfor populatiors. For
longerregions,the SNPsmustbe partitionedinto regions
of limited diversity We have preseited a method HAP,
for partitioning gerotypesof SNPsinto blocks and mak-
ing predictiongor hapldypesfor eachblock.

A recern paperby Gusfield(2003)suggestedhe useof
perfectphylogery to reconsructthehaplotypes.However,
the actual haplotypes do not fit the perfed phylogery
model.For a givensetof haplotypes,we canmeasurdhe
percemage of conflictsto the perfectphylogery mode.
If we conside all haplotypes, eventhe uncommon ones,
the data does not fit the perfe¢ phylogery modéd as
shavn in Figure 1A. If we conside insteada relaxed
perfectphylogery modelusingan error thresholdwhich
allows asmallnumbe of haplotype to beexcluded when
determiningconflicts,we noticethatthe haplotypesfit the
modelmuchbetter Theresultsfor the Chromosore 5931
dataarein Figures1A-C. Clearly, asthe error threshold
increass, the numbe of corflicts significantlydecrases.
Thisis dueto thefactthattheinfrequen haploty@scause
the majority of the corflicts with the perfectphylogery
model.

We havedemonstratgourmethodoveractud hagotype
dataand verified the accuray of our predictionsto the
haplotypesinferred by pedigees.Our methal is highly
accurge and efficient. The predctions differ from the
haplotypes inferred by the trios by less than 2% over
the data from Daly et al. (200L) even after resolving
appraimately 10% of the missing genotye data. We
alsopresenta methodfor determiningthe block partition
from gerotypedataanda methodfor exterding hagotype
predictiors beyond singleblocks.

The programfor predictinghaplotype structureis pub-
licly availablevia awebserer at
http://ww. calit2. net/conpbi o/ hap/

We notethatonedisadwantageof the perfectphylogery
methodwith respectto the statisticalmethod is that it
is not clear how to give estimatesof uncertaintyin the
predictiors. We note that one could possibly extend our
method in orderto provide suchestimates.

In mary cases,the data can be split into blocks or
regions of low diversity. In caseswhere there is no
undelying “block” structure,HAP would partition the

datainto very smallregions. For this type of data,it is not
clearif splitting into regions of low diversity is the best
apprachto the problem.

METHODS

Dataset Description We usetwo data setsfor our ex-
perimens. The first datasetis a 500 kilobaseregion of
chromsome5q31containng 103 SNPsfrom the studies
of Daly et al. (2001) and Rioux et al. (2001). In this
study genotypes for the 103 SNPS are collectedfrom
129 mother father child trios from a Europearderived
popuation in an attemptto identify a geneticrisk factor
for Crohns diseaseA significantportionof thegendype
data (10.03%) is missingwith an averag of 10 SNPs
per individual’'s gendype missing. The 103 SNPswere
split into 11 blocks contairing from 5 to 31 SNPsand
rangingfrom 3 to 92 kilobasesFor eachof theseblocks
four haplotyes correspod to 90% of the individual
chrom@omessSincethis setconsistof trios, we caninfer
eachindividud’ s hagotypesin all positionsexcep for the
positionswhereall threeindividuds areheteraygots.

We usepopulatiors A and D from the Gabriel et al.
(2002 data which has pedigre information. The data
consistof gendypesof SNPsfrom 62 regions.Population
A consistsof 93 individuds from 12 multi-generationl
pedigeesof Europ@nancestry andpopulationD consists
of 90 individualsfrom 30 trios from Yoruba.

To evalude our predictionsof haplotyges, we make
predictiors over the gendype dataof the individuals and
then compare our predictionsto the haplotypesinferred
from the pedigres.

Inferring Haplotypes from Trios We usedatacollectedin
trios to measurethe accurag of our method Given the
gendypesfor a mother father child trio, in mostcases,
we caninfer thehaplotygsfor eachof theindividuals.We
infer the haplotyps at eachSNPindependentlyassuming
MendeliangeneticsWe defineeachparentto have atrans-
mitted chranosomeand an untrarsmitted chrom@some.
Thechild hasbothtransmittecchrom@somedrom thepar
ents.EachSNPfor eachchromosmecanberepresented
by either( or 1 for thecommonbaseor mutationbasere-
spectvely. For thesefour chromosmes,therearea total
of 16 possibilities.EachSNPin the genotye canbe de-
notedeither0, 1 or 2 which represats homozygouswith
the comma base ,homozgouswith the mutationbase
or heterozgousrespectrey. Althoughthereare27 possi-
ble gendypesfor eachtrio ata given SNP. mary of them
areinvaid suchasthe casewherethefatherandchild are
homaygots for the comma baseandthe motheris ho-
mozygousfor the mutationbase.In ary valid casewhere
atleastoneof thegendypesin thetrio is homazygois, we
canuniquelydeterminehe haplotypesfor thatSNP. Only
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Fig. 1. Histogramsof percentag®f conflictsunderdifferenterrorthresholdgor the blocksdefinedin Daly et al. (2001). Thresholdsare(A)

0% (B) 5% and(C) 10%.

in the casewhereall threeof the genotypesareheterozy
gousis theremorethanonepossibleresolution.

Measuring Perfect Phylogeny from Haplotypes Theperfect
phylogery modelimplicitly definesaphylogenetidreefor

the haplotype datasuchasthe onefor the four common
haplotypes from Table 1 shavn in Figure 2. At each
edgeof the tree, we have a mutation labeledwith the
position of the mutation. Under the perfect phylogery

modelassumpons, therecanonly be one edgefor each
site in the data.Oncea mutationoccursat an edge,the
mutationmustbe presenin eachindividualin the subtree
rootedatthatedgeandonly in thesubtreeEachhagdotype

atanock cortainsall of the mutationsalongthe pathfrom

theroot nodeto the currer node.

Fig. 2. The PerfectPhylogely Treefor the datafrom Tablel

We can measuve how well a setof haplotypesfits the
perfectphylogery modé by constructinga phylogenetic
treefor the haplotypes. Thesetreescanbe determinedy
inferring the relationsbetwea sitesfrom the individual's
haplotypes. For instance,if there exists an individual
which hasa mutationat both sites: andj, we caninfer
that sites+ and 7 must be along the samepathin the
tree, and thus one of themis an ancestorof the other

In geneal, for eachpair of sites,eachrow determines
someconstrainton the relation of thesesitesin thetree.
Since there are only four possibleconfiguratiors, (that
is (0,0),(0,1),(1,0) and (1,1)), there are only three
possibleconstraints((0,0) doesnot imply a constraint
unde theassumptiorihattherootis theall zerosvector).

Not all haplotyesfit the perfectphylogery modé. In
mary casesthe above constraintscontradicteachother
It is a well known fact that whenever all four possible
constraiis occur this implies the noneistenceof sucha
treewhichis a corflict to themoda.

We canmeasurdow well ablockfits perfed phylogery
by courting the number of conflicts betweenpairs of
siteswithin the block. For a block containingn SNPs,
we can normdize the countby (%) to compae blocks
that contain a different numker of SNPs. In geneal,
the infrequen haplotypescausemary conflicts with the
perfect phylogery model. We adapt this measureto
evauatehow well the majority of the datafits the perfect
phylogery model, by introducirg an error threshold We
consicer a pair of sitesto have a conflict if the numkber
of individualsthatcontain(1, 1), (1,0) and(0, 1) areall
above the error threshold.For exampe considersites 4
and 5 in Table 1 consideringall of the haplotypes. For
thesetwo siteswe have 25 individualsthathave (0, 1), ten
individuals that have (1,0) andonly a single individual
thathas(1,1). For an error thresholdof 1 or highe, we
would not conside this asa conflict. In Figurel we
illustratethe effect of differentthresholdonthe modé.

Haplotype Resolution Via the Perfect Phylogeny Model The
problemof hapldyperesolutionasperfectphylogery was
propsedin Gusfield (2003, where he also propogd a
polynomial time algorithm. His algorithm is basedon
heary machiney from matroidtheory andit is not clear
how to extendit to datawhich doesnot fit exadly to the
perfectphylogery model.Wetherefae useasabaseto our
algorithmthe algorithmof Eskinet al. (2003). We further
exterd this algorithmto the casewherethe datais noisyor
simply doesnot fit exactly the perfectphylogery model.
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Genotye | 0,1Represatation | Frequeng
CHGAH 02002 23
CCGAT 00000 20
HHHHT 22220 11
HTHHH 21222 4
CTGAH 01002 3
CTGAC 01001 2
CCGAH 00002 1
AHHHT 12220 1
HTHHT 21220 1
ATHCH 11212 1
CHGAT 02000 1

Table 6. Genoypesfrom block 6 from Daly et al. (2001).Theblock contans
5 SNPsover 11 kilobases.The block representsSNPs41-45 of the 103
SNPs.The first column shows the genoypesfrom the 129 children with
H represeting the heterozygais genoy/pe. The secondcolumn shawvs the
samegenotyesbut mappedto 0,1,2 representaion. The 0 represets the
homozygows genotype of thecommonnucleotide at the position, while the 1
represatsthehomozy@usgendypeof therarenucleotide atthe position. A
2 representsheheterozygaisgenotype. Thethird columnis thefrequency of
thegenoypeamongthe 129children.Notethat ary genotygesthatcontaned
ary missingdatawereomitted

In orderto descrile this extenson, onehasto be familiar
with thealgorithmsin Eskinet al. (2003. We give herea
very simplified sketchof thealgorithm.

The algorithmis basicallyinferring the differentrela-
tionsbetweerthepairsof sites.As mentionedabore,these
relationsare determine by the possiblecorfigurations
in eachof the rows. For eachrow we add a constrant,
depending whetherit is a (0,1) configuation, (1,0) or
(1,1). Sinceonly thegendypesaregiven in mary cases
one cannotpredict the actual constraints.The algorithm
usesthe corstraints that can be predictedin orde to
construtall possibletrees.

Since the data does not perfectly fit the modd, we
chargethatalgorithmby decidingthata constrainis valid
only if thereis enoudp evidene for the constraim, that
is, theremustbe enoudp rows thatimply that constrant.
In our experimants, if at least2% of the rows imply the
constraim thenwe conside the constraintas valid. This
resultsin amorerelaxedmodé sincewe remove someof
theconstraints.

Maximum Likelihood Model for Local Haplotype Recon-
struction  We chaosethe “best” solutionfrom the setof
canddate solutiors thatroughlyfit the perfectphylogery
modelusinga maximumlik elihoodmodel. Themaximum
likelihood mode estimatesthe likelihood of obseving
thepopulationof gendypesgiventhe predictechagotype
frequerties. Our likelihood modd assumesa Hardy-
Weinbeg equlibrium, that is, randomand indepewnlent
mating.

Given a population of n individuals, we dende the
two hapldypes of the ith individud asi:; andi,. We
use the notation f(i;) to denotethe frequery of the
haplotype 7, in the popdation. The likelihood of a

hapldype ; is %’;) The likelihood for eachgendype
of anindividud is simply the prodict of the likelihoods
of their two hagotypes % The likelihood of a
canddatesolutionfor a populationof genotysis

Iyt o

This mode is consistehwith previous maximumlike-
lihood modelsfor choasing haplotyges from gendypes
(Excoffier & Slatkin (1995); Hawley & Kidd (19%);
Long et al. (1995); Fallin & Schork (2000; Stephens
et al. (2001)).Thesealgorithmsareusingvarious method
(suchasMCMC or theEM algorithm)to find alocal max-
ima of thelikelihoodfunction. Theideain our algorithm
is to save time by not trying to reacha local maxima,but
ratherusethe solutionsgiven by the perfect phylogery
procalure as candidate solutions,and picking the best
oneout of them.In Gusfield(2003)it is shavn thatthe
numter of possilbe solutionsthatfit the perfectphylogery
modé is bounad by 2™ wherem is thenumberof SNPs.
Sincem is quite small in practice,andsincein practice
muchlessthan2™ solutiors arefound, we areableto do
thatby enumerting over all possiblesolutions.

We believe that this explains the running time and
the accurag of our algorithm. Our method usesthe
perfectphylogery to speedup the algorithm,but usesthe
maximum likelihood appro&h in order to increasethe
sensitvity. We notethatit is possibleto take the resultof
algorithmanduseit asa seedto PHASE Stephent al.
(2007, whichis amethodbase on Markov ChainMonte
Carlo.Assumingthatouralgorithmgivesasolutionwhich
is closeto a local maxima,we exped it to speedup the
runnirg time of PHASE,andgetmoreaccuateresults.

Resolving Missing Data Missingdatais resohedafterthe
algorithmresolhes heteroggousgenotys. For this, we
usea simple extension of Eskin et al. (2003 in which
the decisionfor the relationshipshetweenSNPsignores
missing data. We then apgy the maximum likelihood
modé over the possiblesolution given by the perfect
phylogery procedue. To computethis solution,we only
usethegendypeswhich donothave ary missingdata.We
thenresole the missingdataby choasingthe mostlikely
SNPbasednthemaximumlik elihoodmodel.Effectively,
weresohethemissingdataby chosingthe SNPto match
thecommonhaplotypes.

Computing Block Partitions from Genotypes Our method
predictsblock partitionsdirectly from the gerotype data.
We first definea setof canddate blocks. Given a maxi-
mum block length,we slide a window acrossthe datafor

eachblock lengthto defineour candidae blocks.For each
canddate block, we apply the local haplotypeprediction
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algorithmto predid the haplotyges. Our algorithmaccu
ratelypredictshaplotypesonly if thereis limited diversity
within ablock. To ensureaccuacy of our predidions, we
discardall canddateblocksthathave morethanfive com-
mon haplotyps. For eachremainingcandidate block, we
determinghenumbe of represatative SNPsThisis done
by enumerting over all subsetof the SNPsin the block
andcheclng to seeif they distinguishbetwea the com-
monhapldypes.

To compue the block bowndariesfor the haplotypes,
we useastraightforvarddynamic programmiig technique
similar to the one presatedin Zhanget al. (2002. The
main differerceis thatin our setting,thereis no missing
datasinceit is resoledby thelocal predictionalgorithm.
Note that the block partition in Daly et al. (2001) does
not assignseveral SNPsto blocks.We caneasilymodify
the dynamic programmiig algorithmto optimizea block
partitionwhereseveral SNPsareallowedto beleft out.
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