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Abstract

We proposea novel compartmentalizedmethodfor the
assemblyof physicalmapsfrom Þngerprintedclones.Our
assemblerexploits the presenceof geneticmarkers at the
global level to improve the accuracy of the assembly.
Experimentalresults on the genomeof rice and barley
demonstrate that the compartmentalizedassemblerpro-
ducessigniÞcantlymore accurate maps, and that it can
detectand isolateclonesthat inducechimeric contigs.

I. Intr oduction

A physical map is a linear ordering of a set of
clonesencompassinga chromosome.Physical mapscan
be generatedby Þrst digesting clones with a restriction
enzymesuch as EcoRI, and then detectingtheir overlaps
by matchingthe lengthsof the fragments,called bands,
producedby the digestion. There are two mainly used
methodsto readthe bands,namelyagarosegel-based[24]
and high information contentÞngerprinting(HICF) [10],
[11], [19]. 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 mapshave beenhistorically one of the cor-
nerstonesof genomesequencingprojects.For instance,in
clone-by-clonesequencing,Þrst a physical map is con-
structedfrom Þngerprintedclones;then,a set of minimally
overlapping clones that span the entire genome,called
minimal tiling path (MTP) is selected;Þnally, the clones
in the MTP aresequencedoneby one[14]. The clone-by-
clonemethodhasbeenusedto sequenceseveral genomes

including A. thaliana [21], H. sapiens[16], andO. sativa
[9], [29]. In severalrecentwhole-genomeshotgunsequenc-
ing projects,physical mapshave beenalso employed to
validate and improve the sequenceassemblies[30]. This
latter strategy has been used, e.g., in the assemblyof
M. musculus[15], R. norvegicus [17], andG. gallus [25].

For very large and highly repetitive genomes,physi-
cal maps that are augmentedwith ÒlandmarksÓsuch as
geneticmarkers or expressedsequencedtags (ESTs)can
be usedfor targeted sequencing. In targetedsequencing,
only a region of interestof the genomeis sequenced.For
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 many applicationsin genomics
such as marker assistedbreeding,map basedcloning of
interestinggenes,and high throughputEST mappingjust
to namea few.

Despitean extensive corpusof algorithmic studies in
the eighties and nineties on the problem of assembling
physicalmapsfrom Þngerprintingdata(see,e.g.,[6], [12],
[13]), nowadaysalmostall physical mappingprojectsrely
on a softwarecalledFingerPrintContigs(FPC)[27]. FPC
implementsan algorithm calledconsensusband(CB) that
constructsa physical map using a combinationof greedy
andheuristicapproaches.At thecoreof theCB algorithm,
clones are assignedto contigs basedon a coincidence
score,calledSulstonscore, which measurestheprobability
that two clonessharea given numberof restrictionfrag-
ments(bands) accordingto a simple probabilistic model
[28]. For eachcontig,thealgorithmthenbuilds aconsensus
bandmap,which is a coordinatesystemto which clones
arealigned.EachdistinctbandrepresentsoneCB unit, and



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

FPCdoesnot attemptto resolve all theconßictsarising
in the assemblyof the physical map,but insteadprovides
interactive featuresthatexpertuserscanemploy for manual
editing. As it turns out in practice,manualediting is an
inevitable step in any physical mappingproject.The man-
ual editing is tedious,very time-consumingand requires
a signiÞcant expertise. Clearly, the required amount of
manualintervention dependson the initial quality of the
physical mapproducedby the algorithm.

In an attemptto decreasethe amountof manualwork,
i.e., in order to producemore accuratemaps,we propose
an alternative approachto the assemblythat exploits the
presenceof markers at the global level1. Typically, FPC
is run on the entire set of Þngerprintedclones(approach
hereafter called standard method). Since Þngerprinting
dataobtainedby bandsizing from agarosegel or capillary
electrophoresismay be inaccurate,the standardmethod
oftenproducesmisassembledcontigs.If markersare avail-
able,as it is usually the casein large genomicprojects,a
compartmentalizedassemblyis possible.The main idea
is to try to assembleÞrst and independentlyfrom each
other, subset of clones that are more likely to be truly
overlapping. The markers allow us to determinewhich
clonesare more likely to be overlapping. In the physical
mapsdiscussedin this paper, the markersare obtainedby
hybridizing poolsof short oligonucleotideprobesto a BAC
clone library.

Given the popularity and the trust of the scientiÞc
communityin FPC,our algorithmrelieson it andusesit as
asubroutine.First,FPCis run independentlyoneachsetof
BAC clonesidentiÞedby theprobesin eachpool andthen
intermediateassembliesare mergedinto a single assembly.
Second,clone-basedand contig-basedredundanciesare
removed from the merged assembly. Third, we use both
FPC and a novel algorithm of ours to merge contigs
iteratively. FPCÕs merge processis basedon sharedbands
betweencontigs,whereasour algorithmis basedon shared
clonesbetweencontigs.The generalstrategy behind the
design of our assembleris Òbeconservative ÞrstÓ.For
example, in the beginning of the assembly we merge
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,namely rice and bar-
ley. Real Þngerprintingdata is available for both plants.
Regarding markers, real hybridization data is available
for barley, while rice hybridization datawas simulatedin
silico. For both plants,we constructedthe physical maps

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

using the standardand the compartmentalizedmethod.
We comparedthe accuracy of the mapsproducedby

the two methodsusing a variety of evaluations.We also
comparedthese maps to the manually edited physical
maps of rice and barley. Our evaluations show that the
compartmentalizedmethod producessigniÞcantly more
accuratemapsthan the standardmethod.In addition,our
methodis capableof detectingandisolatingcloneswhich
inducechimeric contigsin the physical mapsconstructed
by the standardmethod.

II. The compartmentalized method

The Þrst step in the compartmentalizedmethod is to
run FPC independentlyon eachsubsetof clones.Clones
in eachsubset(hereaftercalledclonesets) are clonesthat
containsome geneticmarker, e.g., they are positive for a
pool of probesin somehybridization experiment.Clone
setsarenot necessarilydisjoint.

As stated,our compartmentalizedmethodusesFPCas
a subroutine.SinceFPCdoesnot offer all of its functional-
ities in batchmode,we instrumentedit so to enablebatch
mode processingof functions such as END-MERGER,
DQER, and REBUILD-CONTIGS. Except for this, we did
not make any other modiÞcationto the internal code of
FPC.FPCÕs key parameterssuch ascutoff, tolerance,and
fromEndcanbe setby the userasusual.

The compartmentalizedmethodconsistsof Þve phases,
as follow.

A. Initial contig assembly

(A1) Assemble clone sets. FPCÕs BUILD-CONTIGS

procedureis run on the clones of each clone set, one
by one. This step generatesa ÒminiÓphysical map (i.e.,
contigsandsingletons)for eachcloneset.

(A2) Concatenatephysical maps. Next, we concatenate
the Þles containingthe mapscorrespondingto eachclone
set into a single project. Recall that in general,clone sets
are not necessarilydisjoint; however FPC cannothandle
multiple instancesof a clone with the same name. In
this phase,we renamemultiple copiesof the sameclone
occurringin distinct clone set maps,by addinga distinct
sufÞx. By the end of the assembly, this redundancy is
removed completely (i.e., all clones are unique). This
renamingprocessis transparentto the user, sinceclones
areeventually relabeledback to their original names.

B. Redundancy remo val

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



contigs. In this step, this redundancy is removed. Both
actionswill be repeatedin phaseC andD.

(B1) Eliminate redundant contigs. A contig is called
redundant if all of its clones (excluding Q-clones) are
completely contained in another contig. Q-clones are
clones for 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 belong to a redundantcontig are
moved to the singletonset.

(B2) Eliminate redundant clones.A clone is deÞnedto
beredundantif either(1) it is a singletonandit alsooccurs
in a contig or (2) it occursmultiple timesin the singleton
setor (3) it occursmultiple times in the samecontig. All
redundantclonesare reducedto oneclone in this step.

C. FPC pro cessing

In this phase, the main FPC proceduresare run
iteratively on the merged project. Steps (C2)Ð(C6)are
repeateda few times until convergence.For more details
on FPCfunctionalitiespleaserefer to [23], [27].

(C1) Resolve Q-clones.We run the procedureDQER that
reducesthe numberof Q-clonesin an attemptto split the
incorrectlymergedcontigs.DQER runs the CB algorithm
on contigsthat containmore thanq% of Q-clones,where
q is a user-suppliedinput parameter.

(C2) Merge contigs. We execute the procedureEND-
MERGER that mergestwo contigsA andB if M distinct
pairs of end clones, one of which is in A and the other
in B , match eachother with a Sulstonscorelower than
the cutoff value.A clone in a contig is an end clone if it
is within fromEndCB units from one of the endsof the
contig, wherefromEndis a user-suppliedinput parameter
[22]. To avoid makingwrong mergesearly in the process,
we run END-MERGER with increasinglylower values of
M (6 for the Þrst iteration, 4 for the second,and 3 for
the following iterations).

(C3) Eliminate redundant contigs. See(B1)

(C4) Eliminate redundant clones.See(B2)

(C5) Rebuild contigs. We execute the procedure
REBUILD-CONTIGS at this point becauseEND-MERGER

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

current version of the contigs in order to improve the
cloneordering.

(C6) Resolve Q-clones.See(C1)

D. Post-pro cessing

In this fourth phase,a novel algorithm to mergecontigs
is usedandthe redundancy 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-clones is
performedonly in this phase,sinceDQER resolves most
of the Q-clonesin the main processingphase.

(D2) Merge contigs. Recall that END-MERGER merges
two contigsif a given numberof their endclonesoverlap
with a Sulstonscore lower than the cutoff. However, in
the compartmentalizedmethod, contigs may still share
several commonclones.Clearly, contigs that sharemany
commonclonesshouldbe merged.Our MERGE-SIMILAR-
CONTIGS algorithm works as follow. For all contig pairs
(c1, c2) for which S = c1 ! c2 "= #, the probability that
they shareclonesin S (accordingto an i.i.d. model) can
be obtainedas follows

p(c1, c2) =

! |S|
i = 1

" f Si
2

#
.
" |M |! 2|S|

|c1 |+ |c2 |! 2|S|

#

" |M |
|c1 |+ |c2 |

#

where M is the multiset of all clones, and f Si is the
numberof copiesof the i -th elementin S in the physical
map. Given theseprobabilities and a speciÞedthreshold
Tp, we build a directedacyclic graphG = (V, E), where
V is the set of contigsthat shareat leastone clone with
some other contig, and E = { (u, v)|p(u, v) $ Tp and
|u| $ |v|} . When p(u, v) $ Tp and |u| = |v|, sourceand
destinationof the edgeare selectedrandomly. We merge
contig u to contig m(u), where

m(u) =
$

u if outdeg(v) = 0
m(argmin (u,v ) " E p(u, v)) otherwise

MERGE-SIMILAR-CONTIGS is run until no further
merging is possible.As in step(C2), the thresholdTp is
increasedat eachiterationuntil it reachesa user-supplied
maximum(0 for the Þrst iteration, 1e-30 for the second,
and1e-15for the following iterations).

(D3) Eliminate redundant contigs. See(B1)

(D4) Eliminate redundant clones.See(B2)



(D5) Move redundant clonesto the singleton set.After
merging contigs,theremay bestill someclonesthatoccur
in multiplecontigs.Sincethelocationof theseclonesin the
physicalmapisambiguous,they aremoved to thesingleton
set.

E. Finalizing

In this phase,Þnaladjustmentsare doneon thephysical
map.We reordertheclonesandtry to resolve any Q-clone
introducedin the lastphase.

(E1) Rebuild contigs. See(C5)

(E2) Resolve Q-clones.See(C1)

F. Dataset

We usedthegenomicdataof two plants,namelybarley
and rice, to compareour compartmentalizedapproachto
the standardmethod.

For barley, HICF Þngerprintingdata was obtainedas
part of our NSF funded project [20]. The total num-
ber of BAC clones that were successfullyÞngerprinted
is 47,499. About a dozen researchgroups around the
world contributed 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 usually192overgoseach,with a maximumof 310
overgos in a single pool. In total therewere 1,434 pools;
the vastmajority werepoolscontainingonly oneto a few
probesprocessedby colleaguesat many locationsusinga
variety of methods,whereasthe vast majority of probes
were containedin these70 large pools using a uniform
methodin our work [20]. Thebarley BAC library screened
against the pools of overgos is a Morex library covering
6.3genomeequivalents[31]. Theaverageinsertsizeis 106
kb. The averagenumberof restriction fragments(bands)
is 92.

Sincethebarley genomehasnotbeensequencedyet,we
hadto resortto anorganismwith a known genomefor our
comparative evaluations. We used the agarosegel-based
Þngerprintingdataand the manually editedphysical map
of rice obtainedfrom [2] for this purpose.TheÞngerprint-
ing datawasreal,but thehybridizationdatawassimulated
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
oneuniqueovergo probewas designed.We generated146
pools of rice overgo probes by randomly selecting200

probesin eachpool (except for the last pool, which had
55 probes).To model the hybridization, we decidedthat
if a probe had a perfect match to a BAC clone with 30
or moreconsecutive bases(out of 36), we consideredit a
positive hybridization.

In order to carry out the hybridization of rice BAC
clones to overgo probes in silico, we obtained the se-
quencesof rice clonesindirectly by uniquelylocatingtheir
BAC endsequences(BES)on therice genome.Therewere
59,430 rice 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 Þlteredout the low-scoringBLAST hits.
If a BAC clone had at least one pair of good BLAST
hits, it wasselectedfor furtheranalysis.For eachselected
BAC clone,we checked all possiblepairsof left andright
BES hits. The coordinateswereassignedonly whenthere
was only one pair for which (1) the hits were on the
samechromosome,(2) the distancebetweenthem was
consistentwith the typical length of a BAC clone, and
(3) the orientationsof the alignment 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
procedure,we obtained26,469rice BAC clonesfor which
the sequencecould be uniquelydetermined.

We veriÞedthecorrectnessof this procedureby match-
ing thesequencesobtainedby ourmethodagainstthesmall
subsetof 3,413BAC clonessequencedby theInternational
Rice Genome SequencingProject (IRGSP). When we
alignedthe sequencesobtainedby our methodagainst the
actualsequencedBAC clonesusing MUMmer [18], only
0.8% of the sequencesturnedout to be misaligned.

The Þnal datasetof clonesfor which a sequencewas
uniquelydeterminedandtheÞngerprintingdatawasavail-
able contains22,508 clones(about 10x genomeequiva-
lence).The averageinsert size of theseclones is 145 kb
andaveragenumberof bandsis 29.

III. Experimental results and 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
Þngerprintingdata [23] and both methodsuse the same
data.The cutoff value is also the same in both methods
becausethe cutoff only dependson genomesize [26] and
genomecomposition[23]. We set the parametersin our
experimentsbasedon thephysicalmappingprojectof rice
[9] andbarley [20].



TABLE I. FPC statistics of standar d, compar tmentaliz ed, and manually edited barle y and rice physical
maps. a A Q-contig is a contig that contains at least one Q-clone . b Number of contigs that contain
at least 15% of Q-clones.

Clones Contigs Singletons Q-contigsa Q-contigb

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 8 0

Rice (Compartmentalized) 22,486 1,942 1,148 5 0

Rice (Manual) 68,531 179 2,661 0 0

A. FPC statistics

Table I shows somestatisticsaboutthe 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/compartmentalizedmapsbecausein the latter we
usedonly thesubsetof clonesfor which a uniquelocation
in thericegenomecouldbedetermined.Thephysicalmaps
of barley containmore Q-contigs(i.e. contigsthat contain
at leastoneQ-clone)thanthephysicalmapsof rice mostly
becauseof the Þngerprintingmethodasdiscussedin [22].

According to the statisticsproducedby FPC,the com-
partmentalizedassemblerproducesphysical mapswhich
contain less Q-contigs than the standardmethod. Since
the manualmapshave beenextensively editedby experts,
it is not surprising that it containsless contigs and Q-
contigs than standard/compartmentalizedmaps.We also
observe that for both plants, thereare more singletonsin
the compartmentalizedphysical map. More interestingly,
the singletonset in the standardmap of rice is a subsetof
thesingletonsetin thecompartmentalizedmap.For barley,
about92% of the singletonsin the standardmap arealso
singletonsin the compartmentalizedmap.

When we concentratedour attentionon the extra sin-
gletons in the compartmentalizedmap of rice, we were
able to determinethat 78.1% of these extra singletons
were misplaced in the standard physical map of rice
(see Section III-B for deÞnition of a misplacedclone).
This statisticsdemonstratesthat our methodis capableof
detectingand isolatingproblematicclones.

B. Comparativ e evaluations of t he physical
maps for r ice

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

moreprecisecomparative evaluationsof the two methods
are possiblefor rice than barley. Next, we report on four
evaluation metrics to comparethe mapsproducedby the
compartmentalizedand the standardmethod, as well as
the manuallyeditedmap.

Evaluation I (Clone coordinates). We Þrst 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 same chromosome
and the distancebetweenthem 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 shown). This suggeststhat two
clonesare assignedto different clustersusually because
they are on different chromosomes.In the following, we
show the evaluation resultsbasedon cloneclusteringwith
1 kb threshold.

After clusteringthe clonesin eachcontig, we compute
the cluster score which is deÞnedas the percentageof
clonesin the largestcluster. For example,a cluster score
of 90% meansthat 90% of the clonesin a contig are on
the samechromosomeand relatively closeto eachother.
Then, a cluster scorefor the whole map is computedas
the weightedmeanof the cluster scoresof all contigs in
the physical map, using the contig size (i.e., numberof
clones in a contig) as the weighting factor. The cluster
score of each map is shown in Table II. According to
the weightedclusterscore,the compartmentalizedmethod
producesbettermapsthan the standardmethod.

Oncethecloneclusteringwas completed,we alsocom-
putedthe numberof misplacedclonesand misassembled
contigs in eachphysical map. If the large majority (70%
in this evaluation) of the clones in a contig belong to
a single cluster then we call misplacedthe rest of the
clones. A contig is called misassembledif it contains
at least one misplacedclone. As shown in Table II, the



compartmentalizedmethod producesa smaller number
of misplacedclones and misassembledcontigs than the
standardmethod.

A furtheranalysison misplacedclonesshowed that the
setof misplacedclonesin thecompartmentalizedrice map
is completelycontainedin the set of misplacedclonesin
the standardrice map. The compartmentalizedassembler
isolates97.4% of the additional misplacedclonesin the
standardmap to the singleton set. This shows that our
methodcan detectand isolate clones that are otherwise
misplacedby the standardmethod.Theselattermisplaced
clones are usually the main responsiblefor connecting
contigsthatshouldnot beconnectedandcreatingchimeric
contigs.

We were unable to evaluate the manually edited
physical map,sincemostof the clonesin this mapcannot
be uniquely locatedin the rice genome.

Evaluation I I (Clone order). It is well known that FPC
doesnot order cloneswithin a contig very reliably [23].
Nonetheless,sincewe have the coordinatesof rice clones,
we can computean ordering score for eachcontig. We
deÞne the ordering score of a contig as the absolute
value of PearsonÕs product-momentcorrelationcoefÞcient
betweenthe ranking of its clonesin the genomeand the
orderof its clonesin the contig.

Therankingsof clonesin thegenomeare obtainedfrom
their coordinatesif they belongto the samechromosome.
If two clonesbelongto two differentchromosomesthenthe
clone with lower chromosomenumberhaslower ranking
than the ranking of the other. For this evaluation, we
computeda global ordering score as the weightedmean
of the ordering score of all contigs in the physical map,
using the contig sizeas the weighting factor.

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

Evaluation III (Minimal tiling path). As mentioned
in the introduction, the minimal tiling path (MTP) of a
physical mapis a critical componentin many genomese-
quencingprojects.Thus,the overall quality of the MTP is
a goodmetricto evaluatephysicalmaps.In this evaluation,
Þrst we computedan MTP for both the standardand the
compartmentalizedphysicalmapsby usingthemostrecent
versionof FPC(v8.5.3as the time of writing) with default
parameters.Then, we comparedthe numberof the MTP
clones,the coverage of the MTP cloneson the genome,
and the percentageof the consecutive MTP clones that
truly overlap on the genome.

The resultsshown in TableIII illustratethat both maps

useessentiallythe samenumberof clones,but the MTP
of the compartmentalizedphysical map covers almost
1% more of the genomethan the MTP of the standard
physical map. We also observe that in the physical map
obtained by the standard method a higher number of
theconsecutive MTP clonesdo not overlap on thegenome.

Evaluation IV (Overlapping clones). In our Þnal 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 thesamecontig
(countedastruepositive) or not (countedasfalsenegative).
More precisely, only clones that overlap by at least 100
kb are consideredin the evaluation. Because,given the
parametersetwe used,FPC canpossiblyjoin two clones
if they overlap by at least 70% of their length (100 kb
is approximately70% of their averageclone length) [23].
If one or both clonesare in the singletonset, this pair is
addedto the singletonscount.

The results in Table IV show that for rice although
the true positive rate in the standard map is a little
higherthanthecompartmentalizedmap,theformersuffers
from a much higher false negatives rate. Note that the
2% additional false negatives in the standard map are
ÒmovedÓto the singleton set by the compartmentalized
assembler, as we arguedpreviously. We also observe that
the manuallyeditedphysical map is much betterthan the
compartmentalizedand the standardphysical maps.This
is not surprisinggiven that the manually edited physical
map of rice has beencuratedfor more than Þve years.
Furthermore,one should keep in 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
shown hereaccordingto this evaluation.

C. Evaluation results for the physical map
of barley

Since the barley genomehasnot beensequencedyet,
none of the evaluations explained above can be carried
out. We wereable,however, to obtaina small datasetfrom
Instituteof PlantGeneticsandCrop PlantResearch(IPK)
that gives about140 lists of BAC clones that hybridized
to a single oligonucleotideprobe.Someof the pools that
we used in the physical mappingconsistedof only one
probe.By usingtheBACsidentiÞedby theprobesin these
pools,we wereableto extent the datasetto 239 lists. The
assumptionis thatall theclonesin eachlist shouldoverlap.

For each clone set that is identiÞedby a probe, we
Þrst computedthe contig ID that contains majority of
the clones in the set. Then for all clonesin the set, we
computedthe numberof clones that were either in that



TABLE II. Global ordering and cluster score of the standar d and the compar tmentaliz ed physical
maps of rice .

Clusterscore Misplacedclones Misassembledcontigs Orderingscore

Standard 96.43% 675 493 0.8252

Compartmentalized 97.56% 444 356 0.8426

TABLE III. A comparison among standar d, compar tmentaliz ed, and manual physical maps of rice
based on their MTPs. ÒTrue overlapsÓ represents the percenta ge of consecutive MTP clones that
overlap on the genome . c Since we do not have coor dinates 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 IV. Evaluation results for standar d, compar tmentaliz ed, and manually edited physical maps
of rice (based on overlapping clones) and barley (based on genetic marker s).

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
evaluation is very similar to the onebasedon overlapping
BAC clonesperformedfor rice. However, in this casethe
datasetis notasreliable.BAC clonesidentiÞedby thesame
probe may not necessarilybe overlapping (for instance,
if BAC clonesoverlap a repeatregion or a genefamily).
Althoughthisevaluationisnotvery reliable,it is still rather
informative, sinceit is not biasedtoward any map.

The results shown in Table IV for barley illustrate
that the compartmentalizedmaphasfewer errors thanthe
standardmap. There are about 1.8% extra true positives
in the standardmap, but about 3.5% more false nega-
tives than the compartmentalizedmap. In other words,
the compartmentalizedmethod is able to isolate some
clones to the singleton set that are otherwisemisplaced
by the standardmethod.Although the true positive rateof
the manually editedmap is higher than the true positive
rateof thecompartmentalizedmap,thecompartmentalized

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

IV. Conclusions

We proposeda novel compartmentalizedapproachto
the construction of physical maps from Þngerprinted
clones.The compartmentalizedmethodexploits globally
the presenceof genetic markers and constructs more
accuratephysical maps.Consequently, we argue that the
compartmentalizedmethodreducesthe amountof manual
editing that is an inevitable step in any physical mapping
project. Additionally, we showed that the MTP produced
from thecompartmentalizedphysicalmapis morereliable,
and that shouldhelp clone-by-clonesequencingprojects.
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