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Abstract

e proposea novel compartmentalizednethodfor the
assemblyof physicalmapsfrom Pngrprinted clones.Our
assemblerexploits the presenceof geneticmarkers at the
global level to improve the accuracy of the assembly
Experimentalresults on the genomeof rice and barley
demonstate that the compartmentalizedassemblerpro-
ducessignibcantlymore accumte maps, and that it can
detectand isolate clonesthat induce chimeric contigs.

I. Intr oduction

A physical map is a linear ordering of a set of
clonesencompassing chromosomePlysical mapscan
be generatedby brst digesting clones with a restriction
enzymesuch as EcaRl, and then detectingtheir overlaps
by matchingthe lengthsof the fragments,called bands
producedby the digestion. There are two mainly used
methodsto readthe bands,namelyagarosegel-based24]
and high information contentbngerprinting(HICF) [10],
[11], [29]. In the former, digestedfragmentsare run on an
agarosegel to determinetheir sizes. In contrast,the latter
usesmultiple restriction enzymesand the fragmentsare
run on a capillary gel electrophoresis.

Physical maps have been historically one of the cor
nerstone®f genomesequencingprojects.For instancejn
clone-by-clonesequencingprst a physical map is con-
structedfrom bngerprintedtlones;then,a set of minimally
overlapping clones that span the entire genome, called
minimal tiling path (MTP) is selected;bnally, the clones
in the MTP aresequenceaneby one[14]. The clone-by-
clone methodhasbeenusedto sequenceseveral genomes

including A. thaliana[21], H. sapiens[16], and O. sativa
[9], [29]. In severalrecentwhole-genomehotgunsequenc-
ing projects, physical mapshave beenalso employed to
validate and improve the sequenceassemblieg30]. This
latter strategy has been used, e.g., in the assemblyof
M. musculug15], R. norvegicus[17], and G. gallus [25].

For very large and highly repetitve genomes physi-
cal mapsthat are augmentedwith Olandmarks®uch as
geneticmarkers or expressedsequencedags (ESTs)can
be usedfor targeted sequencingln targetedsequencing,
only a region of interestof the genomeis sequencedFor
instance,one could focus on the gene-richregions, like
in the ongoing sequencingprojects of Z. mays|[7] and
S. bicolor [8]. Physical maps are essentialnot only in
genomesequencing,but they can also provide a robust
infrastructurerequiredby mary applicationsin genomics
such as marker assistedbreeding,map basedcloning of
interestinggenes,and high throughputEST mappingjust
to namea few.

Despite an extensive corpusof algorithmic studiesin
the eighties and nineties on the problem of assembling
physical mapsfrom bngerprintingdata(see,e.g.,[6], [12],
[13]), nowadaysalmostall physical mappingprojectsrely
on a software called FingerPrintContigs (FPC)[27]. FPC
implementsan algorithm called consensudand (CB) that
constructsa physical map using a combinationof greedy
andheuristicapproachesAt the core of the CB algorithm,
clones are assignedto contigs basedon a coincidence
score calledSulstonscole, which measureshe probability
that two clonessharea given numberof restrictionfrag-
ments(bandg accordingto a simple probabilistic model
[28]. For eachcontig,thealgorithmthenbuilds aconsensus
band map, which is a coordinatesystemto which clones
areaigned. EachdistinctbandrepresenteneCB unit, and



the lengthof a clone on a CB map is the numberof its
uniquebandsalignedto the CB map.

FPCdoesnot attemptto resole all the confictsarising
in the assemblyof the physical map, but insteadprovides
interactve featureghatexpertuserscanemploy for manual
editing. As it turns out in practice,manualediting is an
inevitable stepin any physical mappingproject. The man-
ual editing is tedious,very time-consumingand requires
a signibcant expertise. Clearly, the required amount of
manualintervention dependson the initial quality of the
physical map producedby the algorithm.

In an attemptto decreasehe amountof manualwork,
i.e., in orderto producemore accuratemaps,we propose
an alternatve approachto the assemblythat exploits the
presenceof markers at the global level. Typically, FPC
is run on the entire set of Pngerprintedclones (approach
hereafter called standad method. Since Pngerprinting
dataobtainedby bandsizing from agarosegel or capillary
electrophoresisnay be inaccurate the standard method
oftenproducesmisassembledontigs.If markersare avail-
able,asit is usuallythe casein lage genomicprojects,a
compartmentalizedassemblyis possible.The main idea
is to try to assemblebrst and independentlyfrom each
other subsetof clonesthat are more likely to be truly
overlapping The marlers alow us to determinewhich
clonesare more likely to be overlapping. In the physical
mapsdiscussedn this paper the markers are obtainedby
hybridizing poolsof short oligonucleotideprobesto a BAC
clonelibrary.

Given the popularity and the trust of the scientibc
communityin FPC,our algorithmrelieson it andusesit as
asubroutine First, FPCis runindependentlypn eachsetof
BAC clonesidentibedby the probesin eachpool andthen
intermediateassembliesre meigedinto a single assembly
Second, clone-basedand contig-basedredundanciesare
removed from the meiged assembly Third, we use both
FPC and a novel agorithm of ours to mere contigs
iteratively. FPC®meige processis basedon sharedbands
betweencontigs,whereasour algorithmis basedon shared
clonesbetweencontigs. The generalstratgy behind the
design of our assembleris Obeconserative brstO.For
example, in the beginning of the assembly we meige
contigs only if we are quite sure while later we allow
riskier moves.

In the experimentalsection,we reporton the assembly
of the physical map of two plants, namelyrice and bar
ley. Real Pngerprintingdatais available for both plants.
Regarding markers, real hybridization data is available
for barley, while rice hybridization datawas simulatedin
silico. For both plants, we constructedhe physical maps

1FPC canexploit the presenceof markersonly at a local level. When
two clonessharea marker, they are memged using a higher cutoff than
the default.

usingthe standardand the compartmentalizednethod.

We comparedthe accurag of the mapsproducedby
the two methodsusing a variety of evaluations.We also
comparedthese maps to the manually edited physical
maps of rice and barlgy. Our evaluations showv that the
compartmentalizedmethod producessignibcantly more
accuratemapsthan the standardmethod. In addition, our
methodis capableof detectingandisolatingcloneswhich
induce chimeric contigsin the physical mapsconstructed
by the standardmethod.

[I. The compartmentalized method

The brst step in the compartmentalizednethodis to
run FPC independentlyon eachsubsetof clones.Clones
in eachsubset(hereaftercalled clone set3 are clonesthat
containsome geneticmarker, e.g., they are positive for a
pool of probesin some hybridization experiment.Clone
setsare not necessarilydisjoint.

As stated,our compartmentalizednethodusesFPC as
a subroutine.SinceFPCdoesnot offer al of its functional-
ities in batchmode,we instrumentedt soto enablebatch
mode processingof functions such as END-MERGER,
DQER, and REBUILD-CONTIGS. Exceptfor this, we did
not make ary other modibcationto the internal code of
FPC.FPC&key parametersuch as cutof, tolerance and
fromEnd canbe setby the userasusual.

The compartmentalizedhethodconsistsof bve phases,
asfollow.
A. Initial contig assembly
(A1) Assemble clone sets. FPC® BuUILD-CONTIGS
procedureis run on the clones of each clone set, one
by one. This step generatesa GniniO physical map (i.e.,
contigsand singletons)for eachclone set.

(A2) Concatenate physical maps. Next, we concatenate
the Ples containingthe mapscorrespondingo eachclone
setinto a single project. Recall thatin general,clone sets
are not necessarilydisjoint; however FPC cannothandle
multiple instancesof a clone with the same name. In
this phase,we renamemultiple copiesof the same clone
occurringin distinct clone setmaps, by addinga distinct
sufbx. By the end of the assembly this redundang is
removed completely (i.e., all clones are unique). This
renamingprocessis transparento the user since clones
are eventually relabeledbackto their original names.
B. Redundancy remo val

Onceall projectsare concatenateéhto a single project,
there may be redundantclones as well as redundant



contigs. In this step, this redundang is removed. Both
actionswill be repeatedn phaseC andD.

(B1) Eliminate redundant contigs. A contig is called
redundantif all of its clones (excluding Q-clones)are
completely contained in another contig. Q-clones are
clonesfor which more than 50% of their bandsdo not
align to the CB map [23]. By computing the number
of common clones betweenall contig pairs, redundant
contigsare eliminated.In particular if thereare multiple
identical contigs, only one of them is kept alive. In this
step, all Q-clonesthat belongto a redundantcontig are
moved to the singletonset.

(B2) Eliminate redundant clones.A clone is debnedto
beredundanif either(1) it isasingletonandit alsooccurs
in a contig or (2) it occursmultiple timesin the singleton
setor (3) it occursmultiple timesin the samecontig. All

redundantclonesare reducedto one clonein this step.

C. FPC processing

In this phase, the main FPC proceduresare run
iteratively on the memed project. Steps (C2)D(C6) are
repeateda few times until corvergence.For more details
on FPC functionalitiespleaserefer to [23], [27].

(C1) Resole Q-clones.We run the procedureD QER that
reducesthe numberof Q-clonesin an attemptto split the
incorrectly meiged contigs. DQER runsthe CB agorithm
on contigsthat containmore than g% of Q-clones,where
g is a usersuppliedinput parameter

(C2) Merge contigs. We execute the procedure END-
MERGER that meigestwo contigsA andB if M distinct
pairs of end clones one of which is in A and the other
in B, match eachotherwith a Sulstonscorelower than
the cutoff value.A clonein a contigis an endcloneif it
is within fromEndCB units from one of the endsof the
contig, wherefromEndis a usersuppliedinput parameter
[22]. To avoid makingwrong meigesearlyin the process,
we run END-MERGER with increasinglylower vaues of
M (6 for the prstiteration, 4 for the second,and 3 for
the following iterations).

(C3) Eliminate redundant contigs. See(B1)

(C4) Eliminate redundant clones.See(B2)

(C5) Rehuild contigs. We execute the procedure
REBUILD-CONTIGS at this point becauseEND-M ERGER

doesnot updatethe CB map (in FPCv8.0 or above [22]).
REBUILD-CONTIGS executesthe CB algorithm on the

current version of the contigs in order to improve the
clone ordering.

(C6) Resohe Q-clones.See(C1)
D. Post-pro cessing

In this fourth phasea novel agorithm to merge contigs
is usedandthe redundang presentin the physical mapis
removed completely Step (D2)-(D4) are repeateda few
timesuntil convergence.

(D1) Eliminate redundant Q-clones. A redundant
Q-clone is a Q-clone that occurs as a non-Q-clonein

another contig. The removal of redundantQ-clonesis

performedonly in this phase,since DQER resoles most
of the Q-clonesin the main processingphase.

(D2) Merge contigs. Recall that END-MERGER merges
two contigsif a given numberof their end clonesoverlap
with a Sulstonscorelower than the cutoff. However, in
the compartmentalizednethod, contigs may still share
several commonclones. Clearly, contigsthat sharemary
commonclonesshouldbe memged.Our MERGE-SIMILAR-
CoNTIGS algorithm works as follow. For all contig pairs
(c1,¢2) for which S = ¢ ! ¢, & #, the probability that
they shareclonesin S (accordingto ani.i.d. model) can
be obtainedas follows

: .
Pis s FT i ais #
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where M is the multiset of all clones, and fgs, is the
numberof copiesof thei-th elementin S in the physical
map. Given theseprobabilities and a specibedthreshold
Tp, we build a directedagyclic graphG = (V,E), where
V is the set of contigsthat shareat leastone clone with
some other contig, and E = {(u,v)|p(u,v) $ T, and
lu $ |v[}. Whenp(u,v) $ T, and|u| = |v|, sourceand
destinationof the edgeare selectedrandomly We merge
contig u$'Eo contigm(u), where

u if outdeg(v) = 0
m(argmin vy g p(u,Vv)) otherwise

MERGE-SIMILAR-CONTIGS is run until no further
meuging is possible.As in step (C2), the thresholdT, is
increasedat eachiteration until it reachesa usersupplied
maximum (O for the brst iteration, 1e-30for the second,
and le-15for the following iterations).

m(u) =

(D3) Eliminate redundant contigs. See(B1)

(D4) Eliminate redundant clones.See(B2)



(D5) Move redundant clonesto the singleton set. After
meiging contigs,theremay be still someclonesthatoccur
in multiple contigs.Sincethelocationof theseclonesin the
physicalmapis ambiguousthey are moved to thesingleton
set.

E. Finalizing

In this phase pnaladjustmentsre doneon the physical
map.We reorderthe clonesandtry to resole ary Q-clone
introducedin the lastphase.

(E1) Rebuild contigs. See(C5)
(E2) Resole Q-clones.See(C1)
F. Dataset

We usedthe genomicdataof two plants,namelybarley
andrice, to compareour compartmentalizeépproachto
the standardmethod.

For barley, HICF bngerprintingdata was obtainedas
part of our NSF funded project [20]. The total hum-
ber of BAC clones that were successfullybngerprinted
is 47,499. About a dozen researchgroups around the
world contrituted hybridizationdata,including our group.
We used OLIGOSPAWN [32] to design 12,467 36-mer
oligonucleotide(overgo) probesfrom a datasetof 53,799
barley unigenes[1]. A unigeneis obtainedas a product
of assemblingseveral ESTs. Probeswere groupedin 70
poolsof usually 192 overgoseach with a maximumof 310
overgosin a single pool. In total therewere 1,434 pools;
the vastmajority were pools containingonly oneto a few
probesprocessedy colleaguesat mary locationsusinga
variety of methods,whereasthe vast majority of probes
were containedin these70 lamge pools using a uniform
methodin ourwork [20]. Thebarley BAC library screened
against the pools of overgosis a Morex library covering
6.3genomeequialents[31]. Theaverageinsertsizeis 106
kb. The averagenumberof restriction fragments(bands)
is 92.

Sincethebarley genomehasnot beensequenceget, we
hadto resortto an organismwith a knovn genomefor our
comparatie evaluations. We used the agarosegel-based
Pngerprintingdataand the manually edited physical map
of rice obtainedfrom [2] for this purpose The Pngerprint-
ing datawasreal, but the hybridizationdatawassimulated
in silico, as explainednext. We usedagain OLIGOSPAWN
to design36-meruniqueovergo probesfrom rice unigene
dataset(build 62) obtained from NCBI [4] containing
46,381 unigenes.For about 70% of unigenes,at least
one uniqueovergo probewas designedWe generated 46
pools of rice overgo probesby randomly selecting200

probesin eachpool (exceptfor the last pool, which had
55 probes).To model the hybridization, we decidedthat
if a probe had a perfectmatchto a BAC clone with 30
or more consecutie basegout of 36), we consideredt a
positive hybridization.

In order to carry out the hybridization of rice BAC
clonesto overgo probesin silico, we obtainedthe se-
guencef rice clonesindirectly by uniquelylocatingtheir
BAC endsequenceBES)on therice genomeTherewere
59,430rice BAC clones for which BESs were available
[3], but only 65% of them had both BESs sequenced.
We BLASTed the BESs against the rice genome(fourth
release[5]) and blteredout the low-scoring BLAST hits.
If a BAC clone had at least one pair of good BLAST
hits, it wasselectedor furtheranalysis.For eachselected
BAC clone, we checled all possiblepairsof left andright
BES hits. The coordinatesvere assignednly whenthere
was only one pair for which (1) the hits were on the
same chromosome,(2) the distance betweenthem was
consistentwith the typical length of a BAC clone, and
(3) the orientationsof the aignment for the two ends
are oppositeto eachother If more than one pair met the
criteria (1-3), we declaredthat the locationof that clone
in the genomecould not be determined.Following this
procedurewe obtained26,469rice BAC clonesfor which
the sequencecould be uniquely determined.

We veribedthe correctnes®f this procedureby match-
ing the sequencesbtainedoy our methodagainstthe small
subsebf 3,413BAC clonessequencetby the International
Rice Genome SequencingProject (IRGSP). When we
alignedthe sequence®btainedby our methodagainstthe
actualsequencedBAC clonesusing MUMmer [18], only
0.8% of the sequencesurnedout to be misaligned.

The bnal datasetof clonesfor which a sequencewas
uniquelydeterminedandthe Pngerprintingdatawas avail-
able contains22,508 clones (about 10x genomeequiva-
lence). The averageinsert size of theseclonesis 145 kb
and averagenumberof bandsis 29.

lll. Experimental resultsand discussion

We applied both the standardand the compartmen-
talized methodsto rice and barley data. The tolerance
parameterused in the compartmentalizedassembleris
the same used in the standardmethod. This is because
the toleranceshould be set accordingto the quality of
Pngerprintingdata [23] and both methodsuse the same
data. The cutoff valueis also the samein both methods
becausehe cutoff only dependon genomesize [26] and
genomecomposition[23]. We set the parametersn our
experimentsbasedon the physical mappingprojectof rice
[9] andbarley [20].



TABLE |. FPC statistics of standar d, compar tmentaliz ed, and manually edited barley and rice physical
maps. 2 A Q-contig is a contig that contains at least one Q-clone. ® Number of contigs that contain

at least 15% of Q-clones.

Clones| Contigs| Singletons| Q-contigé | Q-contid
Barley (Standard) 47,449 7,127 9,634 669 60
Barley (Compartmentalized) 47,449| 7,246 13,984 433 20
Barley (Manual) 47,449| 6,579 4,355 494 6
Rice (Standard) 22,486| 1,918 860 0
Rice (Compartmentalized) | 22,486| 1,942 1,148 0
Rice (Manual) 68,531 179 2,661 0

A. FPC statistics

Table | showns some statisticsaboutthe standard,com-
partmentalized,and manually edited physical maps of
rice and barley. The manually edited physical map of
rice obtained from [2] contains more clones than the
standard/compartmentalizedapsbecausen the latter we
usedonly the subsetof clonesfor which a uniquelocation
in therice genomecouldbe determinedThephysicalmaps
of barley containmore Q-contigs(i.e. contigsthat contain
atleastone Q-clone)thanthe physical mapsof rice mostly
becauseof the bPngerprintingmethodasdiscussedn [22].

Accordingto the statisticsproducedby FPC,the com-
partmentalizedassembleproducesphysical mapswhich
contain less Q-contigs than the standard method. Since
the manualmapshave beenextensiely editedby experts,
it is not surprisingthat it containsless contigs and Q-
contigs than standard/compartmentalizedaps. We aso
obsenre that for both plants, there are more singletonsin
the compartmentalizeghhysical map. More interestingly
the singletonsetin the standardmap of rice is a subsetof
thesingletonsetin the compartmentalizechap.For barley,
about92% of the singletonsin the standardmap are also
singletonsin the compartmentalizednap.

When we concentratecur attentionon the extra sin-
gletonsin the compartmentalizednap of rice, we were
able to determinethat 78.1% of theseextra singletons
were misplacedin the standard physical map of rice
(see Section llI-B for debnitionof a misplacedclone).
This statisticsdemonstrateshat our methodis capableof
detectingand isolating problematicclones.

B. Comparativ e evaluations of the physical
maps for rice

Sincethe coordinatesf the cloneson the rice genome
for the 22,508 selectedclonesin our library are known,

more precisecomparatie evaluationsof the two methods
are possiblefor rice than barley. Next, we reporton four
evaluation metrics to comparethe mapsproducedby the
compartmentalizedind the standardmethod, as well as
the manually editedmap.

Evaluation | (Clone coordinates). We brst cluster the
clonesin eachcontig accordingto their locationsin the
genome. For each contig, two clones are assigned to
the same cluster if they are on the samechromosome
and the distance betweenthem is smaller than a given
threshold.We clusteredthe cloneswith several valuesof
the threshold (1 kb to 100 kb) and the results turned
out very similar (datanot shavn). This suggeststhat two
clonesare assignedto different clustersusually because
they are on different chromosomesln the following, we
shaw the evaluation resultshasedon clone clusteringwith
1 kb threshold.

After clusteringthe clonesin eachcontig, we compute
the cluster score which is debnedas the percentageof
clonesin the lamgestcluster For example,a cluster score
of 90% meansthat 90% of the clonesin a contig are on
the same chromosomeand relatively closeto eachother
Then, a cluster scorefor the whole map is computedas
the weightedmeanof the cluster scoresof all contigsin
the physical map, using the contig size (i.e., number of
clonesin a contig) as the weighting factor The cluster
score of eachmap is shown in Table Il. According to
the weightedclusterscore,the compartmentalizedhethod
producesbettermapsthanthe standardmethod.

Oncethe clone clusteringwas completedwe alsocom-
putedthe numberof misplacedclonesand misassembled
contigsin eachphysical map. If the large majority (70%
in this evaluation) of the clonesin a contig belong to
a single cluster then we call misplacedthe rest of the
clones. A contig is called misassembledf it contains
at least one misplacedclone. As shovn in Table ll, the



compartmentalizednethod producesa smaller number
of misplacedclones and misassembleaontigs than the
standardmethod.

A furtheranalysison misplacedclonesshoved thatthe
setof misplacedclonesin the compartmentalizedce map
is completelycontainedin the set of misplacedclonesin
the standardrice map. The compartmentalizeéissembler
isolates97.4% of the additional misplacedclonesin the
standardmap to the singleton set. This shavs that our
method can detectand isolate clones that are otherwise
misplacedby the standardmethod. Theselatter misplaced
clones are usually the main responsiblefor connecting
contigsthatshouldnot be connectedandcreatingchimeric
contigs.

We were unable to evaluate the manually edited
physical map, sincemostof the clonesin this map cannot
be uniquelylocatedin the rice genome.

Evaluation Il (Clone order). It is well known that FPC
doesnot order cloneswithin a contig very reliably [23].
Nonethelesssincewe have the coordinatesf rice clones,
we can computean ordering score for each contig. We
debnethe ordering score of a contig as the absolute
value of Pearsorgproduct-momentorrelationcoebcient
betweenthe ranking of its clonesin the genomeand the
orderof its clonesin the contig.

Therankingsof clonesin the genomeare obtainedfrom
their coordinatesf they belongto the samechromosome.
If two clonesbelongto two differentchromosomethenthe
clone with lower chromosomeiumberhaslower ranking
than the ranking of the other For this evauation, we
computeda global ordering score as the weightedmean
of the ordering score of al contigsin the physical map,
using the contig size as the weighting factor

Theresultsin Tablell show thatthe compartmentalized
method producescontigs where the clone ordering is
better than the standard method, probably due to the
smaller number of misplacedclones and misassembled
contigs.

Evaluation [l (Minimal tiling path). As mentioned
in the introduction,the minimal tiling path (MTP) of a
physical mapis a critical componenin mary genomese-
guencingprojects.Thus,the overall quality of the MTP is
agoodmetricto evaluatephysicalmaps.In this evaluation,
prstwe computedan MTP for both the standardand the
compartmentalizeghysical mapsby usingthe mostrecent
version of FPC(v8.5.3as thetime of writing) with default
parametersThen, we comparedthe numberof the MTP
clones,the coverage of the MTP cloneson the genome,
and the percentageof the consecutie MTP clones that
truly overlap on the genome.

Theresultsshavn in Tablelll illustrate that both maps

use essentiallythe same numberof clones,but the MTP
of the compartmentalizedpohysical map covers almost
1% more of the genomethan the MTP of the standard
physical map. We also obsene that in the physical map
obtained by the standard method a higher number of
the consecutie MTP clonesdo not overlap onthegenome.

Evaluation 1V (Overlapping clones).In our bPnal eval-
uation, we focus on the set of overlapping clones on
the genome.For each pair of clones that are actually
overlapping,we checkwhetherthey arein the samecontig
(countedastruepositive) or not (countedasfalse negative).
More precisely only clonesthat overlap by at least 100
kb are consideredin the evaluation. Because given the
parameteisetwe used,FPC can possiblyjoin two clones
if they overlap by at least 70% of their length (100 kb
is approximately70% of their average clone length) [23].
If one or both clonesarein the singletonset, this pair is
addedto the singletonscount.

The resultsin Table IV show that for rice athough
the true positive rate in the standard map is a little
higherthanthe compartmentalizedhap, the formersuffers
from a much higher false negatives rate. Note that the
2% additional false negatives in the standard map are
OmeedOto the singleton set by the compartmentalized
assembleras we arguedpreviously. We also obsenre that
the manually edited physical mapis much betterthanthe
compartmentalizednd the standardphysical maps.This
is not surprisinggiven that the manually edited physical
map of rice has beencuratedfor more than bve years.
Furthermore,one should keepin mind that this measure
favors physical mapswith smallernumberof contigs.In
the extremecase,a physical mapin which all cloneswere
assignedto one single contig would beat all the maps
showvn hereaccordingto this evaluation.

C. Evaluation
of barley

results for the physical map

Sincethe barley genomehas not beensequencedget,
none of the evaluations explained above can be carried
out. We wereable,however, to obtaina small datasefrom
Institute of PlantGeneticsand Crop PlantResearcH{IPK)
that gives about 140 lists of BAC clonesthat hybridized
to a single oligonucleotideprobe. Someof the poolsthat
we usedin the physical mapping consistedof only one
probe.By usingthe BACsidentibedby the probesin these
pools,we were ableto extentthe dataseto 239 lists. The
assumptionsthatall the clonesin eachlist should overlap.

For each clone set that is identipedby a probe, we
prst computedthe contig ID that contains majority of
the clonesin the set. Then for al clonesin the set, we
computedthe numberof clonesthat were either in that



TABLE Il. Global ordering and cluster score of the standard and the compar tmentaliz ed physical

maps of rice.

Clusterscore | Misplacedclones| Misassembledatontigs | Orderingscore
Standard 96.43% 675 493 0.8252
Compartmentalized 97.56% 444 356 0.8426

TABLE I1ll. A comparison among standar d, compar tmentaliz ed, and manual physical maps of rice
based on their MTPs. Olrue overlapsO represents the percentage of consecutive MTP clones that
overlap on the genome. ¢ Since we do not have coordinates for about 50% of the MTP clones, we

could not compute the actual coverage.

MTP clones | Coverage (%) | True overlaps (%)
Standard 2,791 84.90 84.31
Compartmentalized 2,792 85.24 86.94
Manual 3,365 N/AC 86.00

TABLE V. Evaluation results for standar d, compar tmentaliz ed, and manually edited physical maps
of rice (based on overlapping clones) and barley (based on genetic markers).

True positive (%) | False negative (%) | Singletons(%)
Rice (Standard) 88.91 8.53 2.56
Rice (Compartmentalized) 88.61 6.46 4.94
Rice (Manual) 92.09 7.26 0.65
Barley (Standard) 73.69 12.26 14.05
Barley (Compartmentalized 71.90 8.56 19.54
Barley (Manual) 83.91 11.11 4.98

contig (counted as true positive), or in another contig
(countedas false negative), or in the singletonset. This
evauationis very similar to the one basedon overlapping
BAC clonesperformedfor rice. However, in this casethe
datasets notasreliable.BAC clonesidentibedby thesame
probe may not necessarilybe overlapping (for instance,
if BAC clonesoverlap a repeatregion or a genefamily).
Althoughthis evaluationis notvery reliable,it is still rather
informative, sinceit is not biasedtoward any map.

The results shovn in Table IV for barley illustrate
that the compartmentalizednap hasfewer errors thanthe
standardmap. There are about 1.8% extra true positives
in the standard map, but about 3.5% more false nega-
tives than the compartmentalizednap. In other words,
the compartmentalizednethod is able to isolate some
clonesto the singleton set that are otherwise misplaced
by the standardmethod.Although the true positive rate of
the manually edited map is higher than the true positive
rateof the compartmentalizechap,the compartmentalized

map has less errors than the manually edited map. This
suggeststhat starting the manual editing processfrom
the compartmentalizechapwould reduceconsiderablythe
manualintervention.

IV. Conclusions

We proposeda novel compartmentalizedpproachto
the construction of physical maps from Pngerprinted
clones. The compartmentalizeanethod exploits globally
the presenceof genetic markers and constructs more
accuratephysical maps. Consequentlywe argue that the
compartmentalizethethodreduceshe amountof manual
editing that is an inevitable step in any physical mapping
project. Additionally, we showed that the MTP produced
from the compartmentalize@hysicalmapis morereliable,
andthat shouldhelp clone-by-clonesequencingrojects.
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