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Abstract

Recently, it has beenshownthat there shouldex-
ist a block-like structure in humangenome, and thus
only limited haplotypediversity can be obtained. In
this paper, we proposea fixed-diversity strategy to
find out the suitableblock diversity andblock bound-
aries. Thediversity value in oneblock is definedas
d � 1 � ∑n

i � 1
�
xi � 2, wherexi denotesthefrequencyratio

of the ith kind of haplotypewithin theblock andn de-
notesthenumberof distincttypesof haplotype. Wefig-
ure out that oncea putativeblock stretchesacrossthe
primary block boundaries,the diversity will increase
rapidly. Andthesecondaryblock boundaryeffectsoc-
cur whentwo typesare merged or split into different
types. The thresholdin our algorithm is decidedby
thetwo detectionsof theprimaryandsecondaryblock
boundaryeffects.We obtaina reasonablediversity of
chromosome21 SNPdata with our algorithm. Our
partition resultshowshighly concurrencepropertyto
thehaplotypedatadownloadedfromNCBI website.
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1 Introduction

SinceHumanGenomeProject(HGP) finished,we
areeagerto know whatmakesusdifferentratherthan
what we are in common. As a geneticmarker, SNP
(singlenucleotidepolymorphism)datacanbeusedto
capturehumandiseasetraitsbecauseof its abundance
and low diversity. In recentresearchresults, it has
beenshown that thereis a block-like structurein hu-
mangenome,andonly limited haplotypediversitycan
beobserved.

SNP occursaboutevery thousandsof basepairs,
andthereis a specialphenomenonat theseloci. Only
two kindsof possiblenucleotidesmay appearat each
SNP site. The one with higher frequency is called
major allele andanotheris calledminor allele. The
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Figure1: SNPhaplotypeexpression.

frequency of majorallele is usuallyhigherthan90%.
Becausethereareonly two possiblenucleotides,SNP
datacan be easily describedas binary numbers,e.g.�
true, false� , � on, off � or

�
0, 1� . Figure1 shows an

exampleof binarynumberrepresentation.
Thenumerousnumberof SNPdatamakethemuse-

ful in associationstudy and also lead the hardness
to retrieve the informationinside. Mendeliangenetic
model demonstratesthe principle of segregationand
the principle of independentassortment. That phe-
nomenonof continuousalleletendsto beinheritedto-
getheris different from classicalgenetics.Alleles of
closeSNPsitestendto beinheritedtogether, andthus
linkage disequilibrium(LD) occurrs.A setof associ-
atedSNPallelesin a region of a chromosomethatal-
waysinherit togetheris calleda haplotype. TheInter-
nationalHapMapProjectstartedin October2002and
its aim is to develop a haplotypemap of the human
genome[1]. Recentreportshaveshown thatSNPdata
tendsto beakey to humangenomediseaseassociation
studyandevolution [7,10,13,17].

Hot andcold spotsof recombinationphenomenon
have beendiscoveredin several studiesvia different
waysof observationor calculation[4–6]. Becauseof
thenon-randomcrossoverin meiosisprocess,thelink-
agedisequilibriumis formedsothatthereexistsblock-
likestructurein ourgenome,asshown in Figure2. Be-
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Figure2: Limited diversity phenomenonin recombi-
nation.

sides,only limited haplotypediversitycanbeobserved
within eachblock [12,16,18].

Thepropertyof limited diversityin DNA sequence
within one race is also stated in many researches
[12,16,18]. Patil et al. found that thereexists lim-
itedhaplotypediversityin humanchromosome21,and
four most frequently haplotypesoccupy about 80%
haplotypesin population[14]. Defining the threshold
of diversity needsa greatknowledge,andit is some-
how subjective. Differenthaplotypeblock definitions
make it difficult to studythemechanismbasedon the
formationof haplotypeblock structure[4]. It is hard
to judgewhetherit is right or wrong in usingdiffer-
ent criterion of a block, thus we are going to usea
moreobjective view to definethethresholdof accept-
ablehaplotypediversity.

Sincewe know that thereshouldbe limited haplo-
typediversityin eachblock,only a few kindsof com-
mon haplotypescanaccountfor a bulk percentageof
population[8,9,14,15]. Themeasurementof thehap-
lotypediversitybecomesanimportantsubject.

In Section2, we will provide an overview on type
classificationprocessand diversity calculation. Our
approachto inferencethehaplotypeblockswill bede-
scribedin Section3. In Section4, we will present
someexperimentalresults. We finish this paperwith
discussionsof whatwe have learnedaboutthehaplo-
type block inferenceproblemso far andwhat the re-
mainderissuesarein Section5.
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Figure 3: Example for compatible haplotypes.
(a)Threehaplotypesh1, h2 andh3. (b)Thehaplotypes
thatarecompatibleto thetypes.

2 Preliminaries

In thissection,wefirst briefly describehow to clas-
sify thehaplotypesinto severaldifferenttypes.By us-
ing thetypeclassificationprocess,wecancalculatethe
diversityvaluesof thegivenhaplotypes.After all, we
will give the definition of the haplotypeblock inger-
enceproblem.

Beforecalculatingthe diversity within a block re-
gion, we have to classify the haplotypesinto several
differenttypes,wherewithin a type,all haplotypesare
compatibleto eachother. Two haplotypesaresaidto
be compatibleif eachallele positionof the two hap-
lotypesarethe same,exceptthe positionsof missing
data(denotedby ’ � ’). In Figure 3(a), pair (h1, h2)
is compatibleandpair (h2, h3) is alsocompatible. It
is clearthatpair (h1, h3) is not compatibledueto the
third SNPallele.

Whenwesayahaplotypeis compatiblewith atype,
it meansthatthehaplotypeis compatiblewith all hap-
lotypesin this type. SeeFigure3. For example,h1 is
compatiblewith type B, but it is not compatiblewith
typeA. On theotherhand,h2 is compatiblewith both
typeA andtypeB. If a haplotypebelongsto a type,it
mustbecompatiblewith this type.

Accordingto the definition of a type, we cannow
classifythehaplotypesinto differenttypes.Figure4 il-
lustratestheconceptof classificationin theblock. It is
clearthattherearethreedistincttypes,

�
10110
 01110


10011� , wherethedarkersquaredenotesthemajoral-
lele andit is representedas1. Thuswe canobtainthe
frequency of eachtype from the classificationresult.
For example, the frequency ratio of

�
10110
 01110


10011� is
�
0� 7
 0� 2
 0� 1 � , respectively.

After the frequency of eachtype is obtained,the
entirediversity thencanbecalculatedfrom thesefre-
quencies. The diversity value is definedas d � 1 �
∑n

i � 1
�
xi � 2, wherexi representsthe frequency ratio of

theith kind of haplotypewithin theblock,n represents
thenumberof distincttypesof haplotype.Thevalueof
d is theprobabilitythat two haplotypeschosenat ran-
domfrom a block aredifferentfrom eachother. This
diversity calculationformula appliesthe ideaof gene
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Figure 4: Classificationof haplotypes. (a)Theclas-
sified typesof haplotypes.(b)The frequency ratio of
eachtype.

diversity formulaproposedby Li [11]. Take Figure4
asanexample,thediversityof theblock is calculated
asd � 1 � 0� 72 � 0� 22 � 0� 12 � 0� 46.

The problemwe are going to solve is to find the
suitableblock diversityvaluein SNPdata,andto in-
ferencethe block boundaries.Becausethereis only
limited diversityin eachblock,whenwe aregiventhe
SNPdatashown in Figure5(a),we try to partitionthe
sequenceinto blockssuchthat thediversitiesof these
blocksarelimited. Figure5(b) shows oneof thepos-
siblepartitionsof thegiveninputdatain Figure5(a).

Accordingto the previous researchesandanalysis
on SNPdata,wehave following assumptions:

Assumption 1. When we computethe diversitiesof
theputative blocksinsidea haplotype,thediver-
sity shouldincreaseslowly. Onceaputativeblock
crossesthe haplotypeboundaries,the diversity
will increaserapidly.

Assumption 2. Thediversitiesof thedifferenthaplo-
typesshouldbeveryclose.To simplify thedesign
of our algorithm,we assumethat all haplotypes
areof thesamediversityvalue.

3 A Fixed-diversity Strategy to Inference
the Haplotype Blocks

The fundamentalprocedureof our fixed-diversity
approachis to partition blocks with different diver-
sities. We increasethe diversity gradually and ob-
serve how the numberof blockschanges.For exam-
ple,whenthediversityis fixedat 0.55for partitioning
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Figure 6: The partition result with diversity fixed at
0.55. di representsthediversityof theblock from po-
sition1 to i. With diversityfixedat0.55,theblocksize
canbeenlargeduntil position5.

blocks,we try to enlargetheblock sizeaslargeaswe
couldbut the diversityof the entireblock cannot ex-
ceed0.55.Figure6 describesanexampleof partition-
ing blockwith diversityfixedat 0.55.

3.1 Primary Block Boundary Effects

Theboundariesarecalledprimaryboundariesif the
diversitybetweentwo adjacentboundariesis bounded
by the given threshold. Take Figure 5 as an exam-
ple. Solid linespartition theSNPsequencesinto sev-
eralblocks,andthediversityof eachblock is limited.
Thus,thesesolid linesaretheprimaryboundaries.Be-
causethere is no relationshipbetweentwo adjacent
blocks,onceaputativeblockcrossestheprimaryblock
boundaries,thediversitywill increaserapidly. In Fig-
ure 7, bi stretcheswithin two adjacentprimary block
boundaries.Thus the diversity calculatedfrom bi is
lessthanor equalto theprimarydiversityin thisblock.
Oncethe block lengthextendsto bk, the diversity in
bk will be much larger than that in bi . Enlarge the
blocklength,thetypesin blockwill branchfrom larger
groupsinto smallerones,the behavior can be repre-
sentedby a treerelationin Figure8.

Oncea putative block stretchesacrossthe primary
blockboundary, it will causearapiddiversityincrease.
This is themostimportantpropertyof block structure
in DNA sequence,andit is why we canusediversity-
basedalgorithm to capturethe appropriatediversity
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Figure5: An exampleof haplotypeblock ingerenceresult. (a)Theorigional input SNPdata. (b)Onepossible
ingerenceresult(with fixeddiversity0� 5).
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Figure 7: The conceptof SNP data with diversity
0.405. Different color representsdifferent types in
eachblock. Verticalsolid linesaretheprimary block
boundaries.Theputativeblocksarebi , bk andbm.
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Figure8: Treerelationrepresentationfor theputative
blocks.

with SNPdata.

Our fixed-diversityapproachis asfollows. We try
to partitiontheblockswith somefixeddiversityvalues
0.05, 0.1, 0.15, ..., 0.95. In other words, eachtime
we increase0.05 in diversity value and observe the
changeof total numberof blocks. With a fixeddiver-
sity valueµ, we scanthe input sequenceslinearly and
calculatetheaccumulateddiversityη at eachposition.
Whenη ( µ, wefind apossibleboundary, which is the
line betweentheprecedingandcurrentpositions.The
changeof η is rapid whenoneblock stretchesacross
theblockboundary. Then,wecancalculatedthenum-
ber of blockspartitionedwith µ, which is denotedas
Φµ. If ) Φµi * 1 � Φµi ) is large,thepossibilitythatµi is a
gooddiversityvalueis high. We canusethefirst order
differentiationchart to representthe degreeof differ-
ence.Largedifferencewill triggerapeakin thechart.

SeeFigure 9. Assumethat thereis a set of SNP
datawith block diversity µopt

� 0� 63. Therewill not
triggerapeakatotherdiversities,suchas0.55and0.6.
Sinceour algorthmlinearly scanstheinput sequences
from the left to the right, either0.55 or 0.6 possibly
partitionstheblock whentheprimaryblock boundary
is encountered.Otherwise,oneblock mayincreaseits
diversityvalueandmayexceed0.55or 0.6if theblock
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Figure 9: Conceptof partition resultswhen fixed at
differentdiversities.

includesthe boundary. Thus, the differenceof Φ0 , 55

andΦ0 , 6 is not large.
Similarly, thedifferenceof Φ0 , 65 andΦ0 , 7 will not

triggera peak,because0.65is only a little largerthan
µopt , andtheboundariesfoundby 0.65arecloseto pri-
mary boundaries.Whenwe set the fixed diversity at
0.7, the slight diversity differencewill not make the
block lengthstretchto next primary block boundary.
The block boundariescreatedby 0.7 will locatenear
themcreatedby 0.65,thusthedifferenceof Φ0 , 65 and
Φ0 , 7 is not large.Theconceptof theadjacentdiversity
resultsis shown in Figure9. We obtainan important
conclusion: Wherethereis a block, thereis a rapid
diversitychange.

3.2 Secondary Block Boundary Effects

Whenthefixeddiversityis acrosstheprimaryblock
boundarydiversity, therewill be a force in diversity
increasing. The force formed by diversity gap will
trigger a peakin the first order differentiationchart.
Diversity gap not only occurswhen the entire block
diversity meets,but also occurswhen two types of
haplotypeare mergeedtogether. This kind of diver-
sity gapscausedby two typesmerging arecalledsec-
ondaryblock boundary. Take mergeddiversitygapas
an example. If eachblock only containsthreediffer-
ent types,the possiblesecondaryblock structuresare
pointedout in Figure10. Thedottedlinesindicatethat
if we extendblock from the first position to the next
position,therewill occura diversitygapat thoseposi-
tions.

Accordingto theconceptstatedabove, thefirst or-
derdifferentiationchartwill ariseatthepositionswhen
the diversity meetsthe specialdiversity value where
two or morehaplotypestendto mergetogetheror split
from oneanother. For instance,supposethat in each
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Figure10: An exampleof secondaryblockboundaries.
Solid lines representprimary block boundaries,and
the dottedlines representthe secondaryblock struc-
ture.Differenttextureof haplotypepointsoutdifferent
typesof haplotypewithin eachsecondaryblocks.
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Figure11: Theblocknumbervarianceandthefirst or-
derdifferentiationchartonartificial datawith diversity
0.405.

block, 15 individuals are with type A, 3 individuals
arewith typeB and2 individualsarewith typeC.Then
thediversityin theblockis 1 � � 15

20 � 2 � � 3
20 � 2 � � 2

20 � 2 �
0� 405.Thereshouldbeanrapidarisein thefirst order
differentiationchartatdiversity0.45,since0.405is the
primary diversity and it can be detectedfrom 0.4 to
0.45.If we mergetypesA andB, wewill getdiversity
1 � � 155 3

20 � 2 � � 2
20 � 2 � 0� 18, which will causea sec-

ondaryblockboundary. Thus,it will triggerlargevari-
anceon thenumberof blocksat diversity0.2. If types
A andC aremergedtogether, thediversityis 0.255and
it will be detectedwhendiversity reaches0.3. Merg-
ing of typeB andC, wecanobtaindiversity0.375and
we candetectit whendiversity reaches0.4. Our ex-
perimentsalsoreveal thesesecondaryblock structure
effectsin Figure11.

Thesecondaryblockboundariesareformedby dif-
ferentcombinationsof typemerging. It is possiblethat
two combinationsof mergedtypesof haplotypesshare
thesamediversityof thesecondaryblockstructure,or
it mayequalsto thediversityof theprimaryblock,thus
thenumberof peaksin first orderdifferentiationchart
maybelessthanthenumberof differentcombinations.

Whenwe enlargetheblock lengthto crossthepri-
maryblockboundaries,it will generateadiversitygap,
while secondaryblock structureboundariesonly gen-
eratesmallpeaks.Thus,therearesomesmallpeaksin
thefirst orderdifferentiationchart.

3.3 Dealing with Missing Data

Without missingdata,we cancalculatethe diver-
sity within eachblock easily. The SNPdatawe use
for analysiswasdownloadedfrom PerlegenSciences,
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Figure12: An exampleof inputSNPdatawith tenper-
sons,wheren representsthe amountof missingdata
in eachsequence.(a)Theorigional ten input SNPse-
quences.(b)ThereorderedSNPdatawith theclassifi-
cationprocedure.

Inc. [2]. We reconstructthe dataandobtainthe SNP
sequencesfor twenty persons.Therearemany miss-
ing datain the SNPsequences,thuswe needto deal
with them.We tried severalwaysto dealwith missing
dataandencounterdifferentproblems.Themethodwe
adoptcangetrid of thesesideeffectsthatoccurredin
othermethods.Whenwe find onehaplotypeis com-
patiblewith morethanonetypesin the classification
process,we saythis haplotypeis ambiguous.

In ouralgorithm,whenweexecutetheclassification
procedure,weneedto reordertheinputSNPsequences
accordingto theamountof themissingdata.Theone
with fewermissingdatawill beprocessedby theclas-
sificationprocedurefirst. For example,Figure12, il-
lustratesthereorderingof teninput SNPsequences.

After inputsequenceshavebeenreordered,weper-
form the classificationprocedure,which assignseach
haplotype(sequence)a type. BecauseP1 is thefirst se-
quence,sothatthereis no typeat thebeginning.Clas-
sification procedureassignsP1 to one new type, say
typeA. Next, thetypeof P3 is to bedecided.Sinceno
typeis compatiblewith P3, weassignthishaplotypeto
a new type, saytype B. Whena haplotypeh is to be
determined,we examineall existing typesto checkif
thereexists any typecompatiblewith h. If no type is
compatiblewith h, we build up a new type.

We usea frequency table to store the numberof
haplotypescompatiblewith eachtype. Thefrequency
tableis shown in Table1.

Obviously, P5 is an ambiguoushaplotypebecause
it is compatiblewith two types. Our algorithm allo-
catethis haplotypeto type B becausetype B hasthe
highestfrequency in all typescompatiblewith P5. The

Table1: Thefrequency tableafterperformingtheclas-
sificationprocedureon the input SNPdatashown in
Figure12.

Type Compatibleindividuals Numberof individuals

TypeA P1,P2,P6 3
TypeB P3,P4,P10,P7,P5 5
TypeC P9,P8,P5 3
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I
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Figure 13: Inter-haplotypeand intra-haplotype. hi

representsone haplotype and bi representsone
block. Intra-haplotypesregionsarethe regionsinside
h1 
 h2 
 h3 
 h4 andh5. Inter-haplotypesare the regions
between
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h1 
 h2 � , � h2 
 h3 � , � h3 
 h4 � and

�
h4 
 h5).

allocation idea is basedon the report that few com-
monhaplotypesconstruct80%of thegeneticdiversity
amongthesamples[14].

4 Experimental Results

In this section, we first define the penalty func-
tions to evaluatethe simulation resultsof our algo-
rithm. Then, we brifly describethe testingdataand
show whattheexperimentalresultsare.

4.1 Evaluation Functions

SNPsthat lie closeto eachother along the DNA
moleculeconstructa haplotypeblock andthey tendto
be inheritedtogether. SNPvariantsthat are far from
eachotheralongtheDNA moleculetendto be in dif-
ferent haplotypeblocks and are less likely to be in-
heritedtogether. Accordingto thisdefinitionof haplo-
type,wecanusethepropertiesto evaluateourpartition
result with respectto other randompartition results.
More clearly, we cansaythattwo adjacenthaplotypes
tendto locatein differentblocks,while onewholehap-
lotypetendsto locatewithin oneblock.

Wedefineinter-haplotypeandintra-haplotypefirst.
Inter-haplotypeis the relation betweentwo adjacent
haplotypes,and intra-haplotypeis the region within
eachhaplotypeitself, asillustratedin Figure13.

Wewouldliketo know whetheroneintra-haplotype
locateswithin one block, and whethertwo adjacent
haplotypesor two inter-haplotypeslocate at differ-
ent blocks. If blocks are set to be larger, two inter-
haplotypeswill locatein thesameblock. To evaluate
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Figure14: Someblockpartitionresults.(a)Haplotypes
locateingwithin largerblocks.(b)Haplotypeslocating
within smallerblocks. (c)Haplotypeslocatingacross
blocks with higher penalty. (d)Haplotypeslocating
acrossblockswith lowerpenalty.

this phenomenon,we useadjacentpenalty, denotedas
adj to evaluateit. Thefunctionadj is definedas

∑M
hi N hi O 1PRQ haplotypeslocatingin oneblock

adj
�
hi 
 hi 5 1 �

adj
�
hi 
 hi 5 1 � � 0: hi andhi O 1 locatein differentblocks.

1: hi andhi O 1 locatein thesameblock.

For example,in Figure14(a)and14(b),eachintra-
haplotype locates in only one block. It is obvi-
ously that we prefer the result of Figure 14(b), be-
causethat haplotypeslocating in one block is not
due to larger block size. When we use adjacent
penaltyto evaluatethem,we checkthe adjacenthap-
lotypes,

�
h1 
 h2 � , � h2 
 h3 � , � h3 
 h4 � and

�
h4 
 h5). The

adjacentpenaltyof Figure 14(a) is equal to 3 while
in Figure 14(b), only one inter-haplotypelocatesin
the sameblock. The adjacentpenaltyratio is equal
to adjacent penalty

numberof haplotypeslocate in oneblock which canbe re-
gardedasthedegreeof largerblock size.Largeradja-
centpenaltyratiomeansthattheblocksarepartitioned
too large, so that two adjacenthaplotypesusually lo-
catein thesameblock.

If blocksaresetto besmaller, thetestinghaplotypes
will not locatewithin only oneblock. Crosspenaltyis
definedasfollows:

∑
hi Q haplotypesnot locatingin oneblock

cross
�
hi � �

cross
�
hi � � Thenumberof blockshi crosses

The crosspenalty of Figure 14(c) is equal to 8,
and Figure 14(d) has corss penalty 6. We define

0Mbps 14.3Mbps 28.5Mbps 44.6Mbps

chromosome 21

haplotype data
S

SNP Data

overlapped region

Figure15: Theoverlappedregionof thehaplotypeand
SNPdatain chromosome21.

crosspenaltyratio to representsthedegreeof partition
the block in a small one. The crosspenaltyratio is
defined as crosspenalty

numberof haplotypesnot locating within oneblock .
The crosspenaltyratio is usedto find out how small
theblocksarepartitioned.With thetwo evaluationfuc-
tions, it is easyto judgewhetherit is a suitableblock
result.

4.2 Testing Data

We usethehaplotypedatadownloadedfrom NCBI
website[3] to evaluatethe performanceof our parti-
tion results. Chromosome21 spans44.6Mbpslong,
the SNP data we adopt locatesat the region from
the beginning of chromosome21 to 28.5Mbps,and
the haplotypewe use to evaluatepartition resultsis
in the rangefrom 14.3Mbpsto the endof this chro-
mosome.Figure15 representsthesedifferentranges
clearly. We focuson theoverlappedregion andevalu-
atetheperformancefor differentpartitionresults.The
overlappedregion in Figure 15 contains9911 SNPs
and 840 haplotypes. Dealing with missing data by
ourfixed-diversityapproach,weobtained2593blocks
in the overlappedregion. We will checkthe relation-
shipbetweenpartitionedboundariesandthehaplotype
data.

4.3 Statistics of Partition Result

We scannedthe SNPsof chromosome21 andob-
tained the entire diversity located at 0.5. Table 2
shows the statisticsof our partition resultversusran-
dom partition results. We canseethat both adjacent
penaltyratio and crosspenaltyratio of randompar-
tition with 2593 blocks are higher than our method.
Statisticsshows that while haplotypelocatesin one
block, blocks with randompartition are too large so
that22.7%inter-haplotypesarecrowdedin oneblock.
Thecrosspenaltyratioshowsthatblockswith random
partitionhasworseresultthanours,haplotypeslocat-
ing overa blockstendsto span4.41blocks,while our
partitionmethodonly 4.298.

We also presentthe randompartition resultswith
different block numbers. When we partition the en-
tire sequenceinto 1000T 2000or 2000T 3000blocks
randomly, the adjacentpenalty ratio are higher than



Table2: Statisticsof our resultandrandompartitionresults.

penalty our randompartitionblocks
functions result 2593 1000T 2000 2000T 3000 3000T 4000

haplotypeslocatein oneblock 344 366.8 460.6 377.0 314.1
adjacentpenalty 61 83.20 169.85 91.15 49.45

adjacentpenaltyratio 0.177 0.227 0.364 0.239 0.157
haplotypesnot in oneblock 496 473.2 379.4 463.0 526.0

crosspenalty 2132 1149.1 1298.4 2024.4 2729.4
crosspenaltyratio 4.298 4.410 3.402 4.356 5.185

that of our method. Becausethe blocks may be
too large, adjacenthaplotypestend to locate in one
block. The crosspenalty ratio of randompartition
with 2000T 3000 and 3000T 4000 blocks are higher
thanthat of our method. Becausethe blocksmay be
too small, onehaplotypespansmorethanoneblock.
Accordingto thestatisticsshown in Table2, we have
moreconfidencethatourmethodis reasonable.

We alsocalculatethenumberof SNPsin eachhap-
lotype.Thestatisticsshows thatwhenwepartitionthe
2593blocksrandomly, almostno block containsmore
than30 SNPs.Adoptingour fixed-diversityapproach,
therecanbe54 SNPsin oneblock at most.Thestatis-
ticsof numbersof SNPsin oneblockis shown in Table
3.

5 Conclusion

Most of the existing SNP partition methodsare
basedon compressingthe storagesize. However, in
thispaper, wefocusontheentireprimaryblockbound-
ary structure.Theresultstatisticsshows thatour main
ideais feasibleandsuitablefor our block structureas-
sumption.Thepositionsof boundariesareinfluenced
by the missingdata,andthe missingdatais the main
nondeterministicfactorin solving theboundaryparti-
tion problem.

Several factorsmay affect the partition result,and
we point out the main reasonsthatwe may not parti-
tion theblock in theright way from thepoint of view
of SNP dataand haplotypedata. The missingSNP
datais surelythemostdifficulty of theproblem.From
theaspectof SNPdata,theblock structureis stronger
within one race. But, the SNP datawe downloaded
from NCBI websitemay containmorethanonerace,
thus the block structuremay not be very clear. Fur-
thermore,theSNPdatais gatheredby a largenumber
of biologicalexperiments,theremayexist experiment
errorswhile acquiringtheseSNPdata.Fromthehap-
lotype datapoint of view, the haplotypewe usedin

verificationmay containsdifferentraces,or the relia-
bility of haplotypedatais suspected.Therestill needs
a lot of efforts to make it progressof thisproblem.We
believe, after the uncertaintyof haplotypepropertyis
dissolved, therewill be a betterway in solving this
problem.
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