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ABSTRACT

Partitionsof sequentiatiataexist eitherper seor asa resultof se-
guencesggmentationalgorithms. It is oftenthe casethatthe same
timeline is partitionedin mary differentways. For example,dif-
ferentsegmentationalgorithmsproducedifferent partitionsof the
sameunderlyingdatapoints. In suchcaseswe are interestedn
producingan aggreate partition, i.e., a sggmentationthat agrees
asmuchaspossiblewith the input sggmentations.Eachpartition
is de ned asa setof continuousnon-overlappingsegmentsof the
timeline. We shav that this problemcan be solved optimally in
polynomial time using dynamic programming. We also propose
fastergreedyheuristicsthatwork well in practice.We experiment
with our algorithmsandwe demonstrateheir utility in clustering
the behaior of mobile-phoneusersand combiningthe resultsof
differentsegmentatioralgorithmson genomicsequences.

Categoriesand Subject Descriptors: F.2.2[ANALYSIS OF AL-

GORITHMS AND PROBLEM COMPLEXITY] : Nonnumeri-
cal AlgorithmsandProblemsG.3[PROBABILITY AND STATIS-

TICS]: Timeseriesanalysis H.2.8[ DATABASE MAN AGEMENT] :

Databasé\pplications—Data mining
General Terms: Algorithms, ExperimentationTheory

1. INTRODUCTION

Analyzingsequentiatlatahasreceied considerablattentionin
the datamining community To thataim mary algorithmsfor ex-
tractingdifferentkinds of usefulinformationandrepresentatioof
sequentialdatahave beenproposed. For example,in time-series
mining andanalysis a majortrendis towardsthe inventionof seg-
mentationalgorithms Theseare algorithmsthat take asinput a
sequencef pointsin RY, andgive asoutputa partition of the se-
guencento contiguousandnon-o/erlappingpiecesthatarecalled
se@gments The ideais thatthe variation of the datapointswithin
eachsggmentis as small as possible,while at the sametime the
variationof the dataacrosdifferentsegmentsis aslarge aspossi-
ble. The pointsin eachsegmentcanthenbeconciselysummarized,
producinga compactrepresentationf the original sequencehat
compressethedataathand,andrevealstheir underlyingstructure.
Theresultingrepresentatiodepend®bviously onthede nition of
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Figure 1: Segmentationaggregationthat takesinto considera-
tion only the segmentinformation.

themeasureof variation. Therearemary differentsuchmeasures,
resultingin differentvariantsof the basicsegmentationproblem.
Numeroussggmentatioralgorithmshave appearedn theliterature
andthey have proved usefulin time-serieanining [4, 16, 21, 34],
ubiquitouscomputing[19] andgenomicsequenceanalysiqg14, 27,
32].

The multitude of segmentationalgorithmsand variation mea-
suresraisesnaturally the question,given a speci ¢ datasetwhat
is the sggmentationthat bestcaptureshe underlyingstructureof
the data?We try to answerthis questionby adoptinga democratic
approachhatassumethatall sggmentationgound by differental-
gorithmsarecorrect,eachonein its own way. Thatis, eachoneof
themrevealsjust one aspectof the underlyingtrue segmentation.
Therefore we aggregatethe informationhiddenin the sggmenta-
tions by constructinga consensusutputthatreconcilesoptimally
the differencesamongthe given inputs. We call the problemof

nding sucha segmentation the segmentationaggregation prob-
lem.

The key idea of this paperlies in proposinga different view
on sequenceegmentation. We sggmenta sequencevia aggrea-
tion of alreadyexisting, but probablycontradictingsegmentations.
Therefore,the input to our problemis m differentsggmentations

that agreesas muchas possiblewith the given m segmentations.
We de ne adisagreemertietweertwo sggmentationsS andS® as
a pair of points(x; y) suchthat S placesthemin the samesey-
ment,while S° placesthemin differentsegments or vice versa.|f
Da (S;S% denoteshe total numberof disagreementbetweenS
andS?, thenthgseymentatioraggrejationasksfor segmentatiors
thatminimizes [, Da(Si; 8). Ourde nitions generalizgo the
continuouscase whereeachsegmentationis a partition of a con-
tinuoustimelineinto segments. The discretecasecanbe mapped
to the continuoushy mappingpointsto elementaryntervals of unit
length.



As aconcreteexample, considermsequencef length6 andthree
segmentationsof this sequenceS;, S; andS; asshawn in Fig-
ure 1. Eachsegmentationis de ned by a setof boundaries.For
example,sggmentationS; hasboundaried 0; 2; 4; 6g. A pair of
boundaries, andi + 1 de nesasegymentthatcontainsall pointsin
(i; i + 1]. For sgmentationS; the rst andsecondsegmentscon-
tain only a single point (point 1 and 2 respectiely), the third seg-
mentcontainspoints3 and4, andthe lastsegmentcontainspoints
5and6. ThesgymentatiorS in thebottomis theoptimalaggrejate
segmentationfor S;, S; andSsz. Thetotal costof S is 3, sinceit
hasonedisagreemenwith sggmentatiorS; andtwo disagreements
with sggmentatiorSs.

In this paper we study the segmentationaggreation problem
both theoreticallyand experimentally Our contritutions can be
summarizedsfollows.

We formally de ne the sggmentationaggregation problem.
Ourde nitions aregeneraknoughto includethe partition of
bothdiscreteandcontinuougimelines.We considervarious
distanceunctions,andwe studytheir properties.

We shaw thatthe problemcanbe solved optimally in poly-

nomial time using a dynamic-programminglgorithm. We

prove that the compleity of the algorithm dependon the
numberof uniqguesegmentatiorpointsusedby all segmenta-
tions,andnotonthenumberof inputpoints(thelengthof the
timeline). We also proposegreedyheuristicsthat although
notexact,they aresigni cantly fasterallowing usto dealef-

ciently with large datasets.Experimentalevidenceshavs

thatthelossof accurag dueto thoseheuristicsis neggligible

in mostof thecases.

We apply the segmentationaggr@ation framevork to sev-

eral problemdomainsandwe demonstratéts practicalsig-

ni cance. We experimentwith haplotypedatafor producing
a consensus$iaplotypeblock structure.We also experiment
with real dataof mobile phoneusers,andwe usesegmenta-
tion aggr@ationfor clusteringandpro ling theseusers.Fur-

thermorewe demonstrat¢hatsegmentatioraggregationcan
beusedto alleviateerrorsin sggmentatioralgorithmsthatare
causedlueto errorsor missingvaluesin someof thedimen-
sionsof multidimensionatime series.

In the next sectionwe give somecandidateapplicationdomains
for sggmentatioraggr@ation. In Section3 we formally de ne the
segmentationaggregation problemandthe disagreemendlistance
betweensggmentationsandin Section4 we describeexact and
heuristicalgorithmsfor solvingit. Section5 providesexperimental
evidenceof the framevork's utility. In Section6 we give alterna-
tive formulationsof the segmentationaggreation problemandin
Section7 we discussthe relatedwork. We concludethe paperin
Section8.

2. APPLICATION DOMAINS

Sgymentationaggrgation can prove usefulin mary scenarios.
We list someof thembelow.

Analysis of genomicsequences: A motivating problemof impor-
tant practicalvalueis the haplotypeblodk structue problem. The
“block structure”discovery in haplotypeds consideredneof the
mostimportantdiscoveriesfor the searchof structurein genomic
sequencef’]. To explainthis notion,considercollectionof DNA
sequencesvern marker sitesfor apopulationof individuals.Con-
sideramarlersiteto bealocationontheDNA sequencassociated
with somevalue. This valueis indicative of the geneticvariation

of individualsin thislocation. The “haplotypeblock structure”hy-
pothesisstatesthat the sequencef markers canbe sggmentedin
blocks, so that, in eachblock mostof the haplotypesof the pop-
ulation fall into a small numberof classes. The descriptionof
thesehaplotypesanbeusedfor furtherknowledgediscovery, e.g.,
for associatingpeci ¢ blockswith speci ¢ genetic-in uencedlis-
ease$l7].

Fromthe computationapoint of view, the problemof discover-
ing haplotypeblocksin geneticsequencesanbeviewed asthatof
partitioninga multidimensionalsequencénto segmentssuchthat
eachsegmentdemonstratelow diversityalongthedifferentdimen-
sions.Differentsegmentatioralgorithmshave beerappliedto good
effect on this problem. However, thesealgorithmseitherassume
differentgeneratre modelsfor thehaplotypesr optimizedifferent
criteria. As aresult,they outputblock structureghatare,to some
extend (small or great)different. In this setting,the segmentation
aggregationassumeshatall modelsandoptimizationcriteriacon-
tain useful information aboutthe underlyinghaplotypestructure,
andaggregategsheirresultsto obtaina singleblock structurethatis
hopefullya betterrepresentatioof the underlyingtruth.

Segmentationof multidimensional categorical data: The seay-
mentationaggrgationframevork givesa naturalway of segment-
ing multidimensionalcateyorical data. Although the problem of
segmentingmultidimensionahumericaldatais rathernatural,the
segmentationproblemof multidimensionalcateyorical sequences
hasnot beenconsideredvidely, mainly becausesuchdataarenot
easyto handle.Consideran 1-dimensionakequencef pointsthat
take nominal valuesfrom a nite domain. In suchdata,we can
naturallyde ne a sggmentasconsecutie pointsthattake the same
value.For example thesequencaaabb b cc, has3 sggmentga
aa, b bbandcc). Whenthe numberof dimensiondn suchdata
increaseshe correspondingegmentatiorproblemsbecomesnore
complicatedandit is not straightforvard how to sggmentthe se-
guenceusingcorventionalsegmentationalgorithms. Similar dif -
cultiesin usingoff-the-shelfsggmentatioralgorithmsappeamhen
the multidimensionadataexhibit a mix of nominalandnumerical
dimensionsHowever, eachdimensionhasits own clearsegmental
structure We proposeo segmenteachdimensiorindividually, and
aggr@atetheresults.

Robust segmentationresults: Segmentatioraggrgationprovides
a concretanethodologyfor improving segmentatiorrobustnesdy
combiningthe resultsof differentsggmentatioralgorithms,which
may usedifferentcriteriafor the sggmentationpr differentinitial-

izationsof the segmentationmethod. Note alsothat most of the
segmentationalgorithmsare sensitve to erroneousor noisy data.
Suchdatathougharevery commonin practice.For example,sen-
sorsreportingmeasurementever time may fail (e.g., run out of

battery),genomicdatamayhave missingvalues(e.g.,dueto insuf-
cient wet-labexperiments).Traditional segmentationalgorithms
shaw little robustnesdo suchscenarios.However, whentheir re-
sultsarecombinedyia aggregation,the effect of missingor faulty
datain the nal segmentatioris expectedo bealleviated.

Clustering segmentations:Segmentatioraggrgationgivesa nat-
uralwayto clustersegmentationsin suchaclustering.eachcluster
is representetly theaggrgjatesegmentationjn the sameway that
themeanrepresenta setof points. Thecostof theclusteringis the
sumof the aggregationcostswithin eachcluster Commonlyused
algorithmssuchas k-meanscan be adaptedn this setting. Fur

thermore the disagreementdistanceis a metric. Hence,we can
apply variousdistance-basedata-miningtechniquego sggmenta-
tions,andprovide approximatiorguaranteefor mary of them.



Summarization of event sequencesAn importantine of research
hasfocusedon mining eventsequencefl, 18, 22, 29]. An event
sequencesonsistsof a setof eventsof certaintype that occur at
certainpoints on a given timeline. For example, considera user

a mobile phoneusermaking phonecalls, or transferringbetween
differentcells. Having the actiity timesof the speci c userfor a
numberof differentdaysone could raisethe question:How does
the user's activity on an average day look like? Onecanconsider
the time points at which eventsoccuras sggmentboundaries.In
thatway, forming the pro le of theusers daily activity is mapped
naturallyto a segmentatioraggregationproblem.

Privacy-preserving segmentations:Considerthe scenariowvhere
therearemultiple parties,eachhaving a sequencele ned over the
sametimeline. The partieswould liketo nd ajoint sggmentation

of the timeline, but they arenot willing to sharetheir sequences.

(Alternatively, eachparty might have a sggmentationmethodthat
is too sensitve to be shared.)A privag/-preservingsegmentation
protocolfor sucha scenariois asfollows: eachparty computesa
segmentatiorof their sequencéocally andsendshe segmentation
to onepartythataggr@atesthelocal segmentations.

3. THE SEGMENTATION AGGREGATION
PROBLEM

3.1 ProblemDe nition

LetT beatimelineof boundedength.In orderto make ourde -
nitionsasgenerakspossiblewe considetthe continuousase We
will assumehatT is therealunitintenal (0; 1]. For the purpose
of expositionwe will sometimestalk aboutdiscretetimelines. A
discretetimelineT of sizeN canbethoughtof asthe unitinterval
discretizednto N intervalsof equallength.

A segmentationP is a partition of T into continuousintervals

pi 2 T arethe breakpoints(or boundarie} of the segmentation
andit holdsthatp; < pi+1 for alli's. We will alwaysassumehat
po = Oandp = 1. Wede ne thei-th sggmentp; of P to bethe
intenal pi = (pi 1;pi]- Thelengthof P, de ned asjPj = 7, is
thenumberof sggmentsin P. Notethatthereis anoneto onemap-
ping betweenboundariesand sgments. We will often alusethe
notationandde ne a sggmentationasa setof sggmentsinsteadof
a setof boundariesIn thesecasesve will alwaysassumehatthe
segmentsde ne a partition of thetimeline, andthusthey uniquely
de ne asetof boundaries.

For asetof m sggmentationds;:::; Pm wede ne th@'runion
segmentatiorto betheseggmentatiorwith boundaried) = 1, P;.
Let S bethespaceof all possiblesggmentationsandletD beadis-
tance function betweentwo segmentationsP and Q, with
D:S S ! R. AssumethatfunctionD captureshow differ-
entlytwo sgmentationpartitiontimelineT . Givensuchadistance
function, we de ne the SEGMENTATION AGGREGATION problem
asfollows:

PROBLEM 1 (SEGMENTATION AGGREGATION). Givena set
of m segmentations,; P2;:::; Pm of timeline T, and a distance
functionD betweerthem, nd a sgmentation$ 2 S that min-
imizesthe sumof the distancedrom all the input sgmentations.
Thatis,

a X
—arggysn. D(S;Pm):

i=1

P
Wede neC(8) =
segmentation.

. D(S;Pm) to bethecostof theaggregate

Note that Problem1 is de ned independentlyof the distance
function D usedbetweensegmentations.We focus our attention
on the disagreemendiistanceD » , which we formally describein
thenext subsectionOthernaturalalternatie distanceunctionsare
discussedn Section6. Theresultswe prove for D4 hold for those
alternatvesaswell.

3.2 The Disagreementdistance

In this sectionwe formally de ne thenotionof distancebetween
two segmentations Our distancefunctionis basedon similar dis-
tancefunctionsproposedor clustering[15] andranking[8]. The
intuition for the distancefunctionis drawn from the discretecase.
Given two discretetimeline segmentationsthe disagreemendlis-
tanceis the total numberof pairsof pointsthatareplacedinto the
samesggmentin onesegmentationwhile placedin differentseg-
mentsin the other We now generalize¢hede nition to the contin-
uouscase.

for every u; thereexist sggmentspx andg suchthatu;  px and
U ¢.WedeneP(ui) = kandQ(u;) = t, to bethelabeling
of intenval u; with respecto segmentationd® andQ respectiely.
Similar to the discretecase,we de ne a disagreemenivhentwo
sggmentsu;, andu; receve the samelabelin one sggmentation,
but differentin the other The disagreemenis weightedby the
productof the segmentlengthsjui jju; j. Intuitively, thelengthcap-
turesthenumberof pointscontainedn theinterval, andtheproduct
the numberof disagreementbetweenrthe points. This notioncan
be madeformal usingintegrals, but we omit the technicaldetails.
In the discretecasepointscanbethoughtof asunitintenals.

Formally, the disagreementlistanceof P and Q on segments
ui;u; 2 U isde nedasfollows.

8

2juijjuij; if P(ui) = P(uj) andQ(ui) & Q(u;)
deio (Uisup) =
©0; otherwise

Naturally the overall disagreementlistancebetweentwo seg-
mentationss de ned asfollows.

Da(P;Q) = dpq (Uis ;)

(ujsuj)2U U
It is rathereasyto prove thatthe distancefunctionD o is amet-
ric. This propertyis signi cant for applicationssuchasclustering,

where good worst-caseapproximationboundscan be derived in
metricspaces.

3.3 Computing disagreementdistance

For two segmentationd® andQ with *, and"q numberof seg-
mentsrespectrely, the distanceD A (P; Q) canbe computedtriv-
ially in time O ("p + “q)? . Next we shaw thatthis canbe done
evenfasterin timeO (*p + "4). Furthermorepuranalysishelpsin
building intuition on the generalaggr@ation problem. This intu-
ition will beusefulin thefollowing sections.

We rst de ne thenotionof potentialenegy.

DEFINITION 1. Letv T beanintervalin timelineT thathas
lengthjvj. We de ne thepotentialenegy of theinterval to be:

_ivi?

E(W) = S5 1)

orQ(ui) = Q(u;) andP (ui) & P(u;)



p g. We de ne the potentialenegy of P to be
X
E(P) = E(pi):

pi2P

The potentialenegy computeghe potentialdisagreementthat
theinterval v cancreate.To betterunderstandhe intuition behind
it we resortagainto the discretecase.Let v beaninterval in the
discretetime line, andlet jvj be the numberof pointsin v. There
arejvj(jvj 1)=2 distinct pairs of pointsin v, all of which can
potentiallycausadisagreementwith othersegmentations.

Eachof the discretepointsin theintenal canbethoughtof asa
unit-lengthelementangubinteral andtherearejvj(jvj 1)=2 pairs
of thosein v, all of which arepotentialdisagreementConsidering
thecontinuousaseis actuallyequivalentto focusingon very small
(insteadof unit length) subinterals. Let their lengthbe " with
" << 1. In this casethe potentialdisagreementsausedy all the
"-lengthintervalsin v are:

1 Y VPR Y LY

2 2 2
when" ! 0.1
Thepotentialenegy of asegmentatiorP isthesumof thepoten-
tial enegiesof the sggmentsit contains.Intuitively, it captureghe
numberof potentialdisagreementdueto pointsplacedn thesame

segmentin P, while in differentseggmentsin othersegmentations.

Giventhis de nition we canshav thefollowing basiclemma.

LEMMA 1. LetP andQ betwo segmentationand U betheir
union sggmentation.ThedistanceD A (P; Q) canbe computedy
thefollowing closedformula

Da(P;Q) = E(P) E(U)+E(Q) EM) (2
= E(P)+E(Q) 2E(U):

ProoF. Forsimplicity of expositionwe will presentheproofin
thediscretecaseandtalk in termsof points(ratherthanintenals),
thoughthe extensionto intenals is straightforvard. Considerthe
two seggmentationd andQ anda pair of pointsx;y 2 T. For
somepointx let P(x), andQ(x) betheindex of the segmentthat
containsx in P andQ respectiely. By de nition, the pair (x; y)
introducesadisagreemerit oneof thefollowing two casess true:

Casel: P(x) = P(y) andQ(x) 6 Q(y),
Case2: Q(x) = Q(y) andP(x) 6 P(y).

In Equation2, we canseethatthetermE (P) givesall the pairsof
pointsthatarein the samesegmentsin sggmentatiorP . Similarly,
theterm E (U) givesthe pairsof pointsthatarein the sameseg-
mentsin theunionsegmentatiorJ. Theirdifferencegivesthenum-
ber of pairsthatarein the samesegmentin P but not in the same
segmentin U. However, if for two pointsx; y it holdsthatP (x) =
P (y) andU(x) 6 U(y), thenit hasto bethatQ(x) 6 Q(y), since
U is the unionsggmentationof P andQ. Therefore the potential
differenceE (P) E(U) countsall thedisagreementdueto Case
1. Similarly, the disagreementdueto Case2 are countedby the
termE(Q) E(U). Therefore Equation2 givesthetotal number
of disagreementsetweersggmentation®® andQ. [

Lemmal allows usto computethe disagreementbetweenwo
sggmentation® andQ of size’, and’ 4 respectrely in timeO(" p+
“a)-

1\We can obtainthe sameresultby integration, however, we feel
thatthis helpsto betterunderstandheintuition of thede nition.

4. AGGREGATION ALGORITHMS

In this sectionwe give optimal and heuristicalgorithmsfor the
SEGMENTATION AGGREGATION problem.First, we shaw thatthe
optimal sggmentationaggreation containsonly segmentbound-
ariesin the union sgmentation. Thatis, no nev boundariesare
introducedin the aggr@atesegymentation.Basedon this obsera-
tion we canconstructa dynamic-programminglgorithm(DP) that
solvestheproblemexactly evenin thecontinuoussetting.If n isthe
size of the union seggmentation,the dynamic-programminglgo-
rithm runsin time O(n?m). We alsoproposefastergreedyheuris-
tic algorithmsthatrunin time O (n(m + logn)) and,asshavn in
the experimentakection,give high-qualityresultsin practice.

4.1 Candidate segmentboundaries

The following theoremestablisheshe fact that the boundarieof
the optimal aggr@ationare a subsetof the boundariesappearing
in U. The proof of the theoremappearsn the full versionof the
paper

THEOREM 1. LetS;;S;:::Sm bethem input sgmentations
to the sggmentatioraggregation problemfor theD a distance and
let U betheir union segmentation.For the optimal aggregate sey-
mentationS, it holdsthat$ U, thatis, all the sgmentbound-
ariesin S belongin U.

The consequencesf the theoremaretwofold. For the discrete
versionof the problem,wheretheinput segmentationsarede ned
overdiscretesequencesf N points,Theoreml restrictsthesearch
spaceof output aggregations. Thatis, only 2" (insteadof 2V )
segmentationsrevalid candidateaggrgations. Furthermorethis
pruning of the searchspaceallows us to mapthe continuousver
sionof theproblemto adiscretecombinatoriakearctproblem,and
to apply standardalgorithmictechniquedor solvingit.

4.2 The ppalgorithm

We now formulatethedynamic-programminglgorithmthatsolves
optimally the sggmentationaggreationproblem. We rst needto

Considera candidateaggr@ate sggmentationA U, and let
C(A) denotethe costof A, thatis, the sum ofﬁiistancesnf A to
all input sggmentations. We write C(A) = i Ci(A), where
Ci(A) = Da(A; S), the distancebetweenA and segmentation
Si . Theoptimalaggrejatesegmentatioris the segmentatiorS that
minimizesthe costC(S). '

We alsode ne aj -restrictedsegmentationA’ to beacandidate
segmentationsuchthat the next-to-lastbreakpointis restrictedto
be the pointu; 2 U. Thatis, the sgmentationis of the form
Al = fap;:::;a 1;a g, wherea ; = uj. SegmentationA
containsuj , anddoesnot containary breakpointu, > u;, except
for thelastpoint of the sequenceTo avoid confusionwe notethat
althougha j -restrictedsegmentationis restrictedto selectbound-
ariesfrom the rst j boundarieof U, it doesnot necessarilhave
lengthj + 1, but rather ary length” j + 1is possible. We
useAl to denotethe setof all j -restrictedsegmentationsand S!
to denotethe one with the minimum cost. Note thatforj = 0O,

9 = fuo;ung consistsof asinglesegment. Abusingslightly the
notation,for j = n, wherethe next-to-lastandthe last segmenta-
tion breakpointscoincideto be u, , we have thatS” = $, thatis,
the optimalaggr@atesegmentation.

Let A beacandidatesggmentationandlet ux 2 U beabound-
ary point suchthatuy 2 A. We de ne the impactof ux to A



to be the change(increaseor decreasejn the costthatis caused
by addingbreakpointuk to the A, thatis, p(A; ux) = C(A [
fucg) C(A). Wehavethatl (A;ux) =  li(A; uk), where
li(Ajup) = Ci(A[ fukg) Ci(A).

We cannow prove thefollowing theorem.

THEOREM 2. The cost of the optimal solution for the SEG-
MENTATION AGGREGATION problem can be computedusing a
dynamic-pogrammingalgorithm (DP) with the following recur
sion.

c(¥)= 0mkigj c(8") + 1(8 ;u)) (3)

PRrROOF. For the proof of correctnes# sufces to shawv thatthe
impactof addingbreakpoinu; to ak-restrictedseggmentatioris the
samefor all A* 2 A¥. Recursion3 calculateshe minimum-cost
aggr@ationcorrectly sincethetwo termsappearindn thesumma-
tion areindependent.

ary valueb, let Pre(Q;b) = fgq 2 Q : g < bg bethesetof
breakpointsn Q thatprecedegointb. Considerak-restrictedsey-
> ;a9 u.
We will prove thattheimpactl (A¥; u;) is independenof the set
Pre(A*;uk). Sincethea: 1 = uy for all sgymentationsn A,
we havethatl (A¥; u; ) is invariantin A¥.

For proving theabave claimit is enoughto shaw thatl; (AX; uj)
is independenbf Pre(AX: ux) for every input segmentationS; .
Let U¥ be the union of sggmentationS; with the segmentation
AX. UsingLemmal we have thatC; (AX) = E(A¥) + E(Si)
2E (UF). Thereforewe needto shav thatthechangen the poten-
tial of A, S; andUf is independenof Pre(AX; uy).

Adding boundarypointu; to A¥ hasobviously no effect onthe
potentialof S;. In orderto studythe effect on the potentialof A,
andUf we considerthe generalquestionof how the potential of
a sggmentationchangesvhenaddinga new breakpoint.Let Q =

sequenc&) afterthe additionof breakpointh. Assumethatb falls
in sggmentg = (g 1;q]. Theadditionof b splits the intenal
¢ into two sgments 1 = (g 1;bland > = (b;q] suchthat
i%i=j 1i+ ] 2j. Wecanthink of Q° asbeingcreatedby adding
s@gments 1, and , andremoving sggmentg; . Sincethe potential
of a sgmentationis the sum of the potentialsof its intervals, we
have that

E(Q) E(Q) = E(@)+E(1)+E(2)
_ jg4f L 1j? o 2}
2 2 2

I 2d: 4

Considemow theseggmentatiorA¥. Addingu; to segmentation
AX splitsthe lastsegmenta: into two sub-sgments.From Equa-
tion 4 we know that the changein potentialof AX dependonly
on the lengthsof thesesub-sgments. Sincetheselengthsarede-
terminedsolelyby thepositionof theboundarya: 1, thepotential
changes independenof Pre(A*; uy).

For sgymentatiorJ, we needto considetwo caseslf u 2 S,
thentheadditionof u; to A¥ doesnotchangeU¥, sincethebound-
ary point wasalreadyin the union. Therefore thereis no change
in potential. If uj 62S;, thenwe needto add breakpointu; to
segmentationUX. Assumethat the breakpointu; falls in u, =
(u¢ 1;ut]. Thechangdn the potentialof U* dependonly onthe
lengthsof sub-interals into which the segmentu; is split. How-
ever, sinceu; > Ui, andsincewe know thatuy 2 U, we have
thatu; 1  uk. Thereforethechangedn potentialis independent
of Pre(Uik ; Uk ), andhenceindependenof Pre(Ak Jug) O

Computingtheimpactof every pointcanbedonein O(m) time
(constantime is neededor eachS;) andthereforethe total com-
putation neededfor the evaluation of the dynamic-programming
recursionis O(nm).

4.3 The Greepy algorithm

Thedynamic-programminglgorithmproducesnoptimalsolu-
tion with respecto the disagreementdistanceput it runsin time
quadraticin the sizen of the union sggmentation. This malesit
impracticalfor large datasetsWe thereforeneedto considerfaster
heuristics.

In this sectionwe describea greedybottom-up(GREEDY BU)
approacho sggmentationaggrgation. (Theideain the top-davn
greedyalgorithmGREEDY TD is similarbut thedescriptioris omit-
teddueto lack of space.)The algorithmstartswith the unionseg-
mentationU. Let A; = U denotethisinitial aggrgatesegmenta-
tion. At thet-th stepof the algorithmwe identify the boundaryb
in A; whoseremoval causegshe maximumdecreasén the costof
thesegmentation By remaving bwe obtainthenext aggrgjateseg-
mentationA.1 . If noboundarythatcausesostreductionexists,
thealgorithmstopsandit outputsthe segmentatiorA; .

At somestept of thealgorithm,let C(A:) denotethecostof the
aggregatesegmentationA pconstructedso far. As in Section4.2,
we have that C(A;) = i Ci(Ar). For eachboundarypoint
b 2 A, we needto storethe impact of removing b from A¢,
thatis, the changen C(A+). This may be negative, meaningthat
the cost decreasesor positive, meaningthat the costincreases.
We dengtethis impactby I (b) andasbefore,it canbe written as
I(b) = li(b).

We will hov shav how to computeand maintainthe impactin
anefcient manner We will shav thatat ary stepthe impactfor
a boundarypoint b canbe computedby looking only at local in-
formation: the sggmentsadjacento b. Furthermorethe removal
of b affectstheimpactonly of the adjacentoundariesn A:, thus
updatesarealsofast.

Forthecomputatiorof | (b) we make useof Lemmal. LetA: be
theaggr@atesegmentatioratstept, andlet S; denoteoneof thein-
putsggmentationsAlso, let U; denoteheunionsegmentsbetween
A: andS;. WehavethatCi(At) = E(S)) + E(At) 2E(U;).
Similar to Section4.2, we can computethe impact of remaving
boundaryb by computingthe changein potential. The potential
of S; remainsobviously unafected. We only needto considerthe
effectof bonthepotentialsE (A¢) andE (U;).

Assumethatb = a; is thej -th boundarypoint of A;. Remao/-
ing a; causesgmentsa; anda;+1 to be memged,creatinga nev
sggmentof sizeja; j + jaj+1 ] andremoving two sggmentsof size
jajj andja;+1 j. Therefore the potentialenegy of the resulting
segmentatiomA+1 is

jaaj)?  jaj® jaaj’
2 2 2
E(A) + jajjjaj+ ]

E(Aw) E(A) + U81*

The boundaryb thatis removed from A, is alsoa boundarypoint
of Ui. If b 2 S;, thenthe boundaryremainsin U; even after it
is removed from A¢; thus, the potentialenegy E (U;) doesnot
changeThereforetheimpactis | (b) = jajjjaj +1 j

Considemow the casethatb 62S;. Assumethatb = uy is the
k-th boundaryof U. Therefore,it separateshe segmentsu, and
uk+1 . The potentialenegy of U; increasedy juxjjuk+1 j. Thus
theimpactof bis1i(b) = jajjjaj+1] 2jukjjuk+ j.

Thereforethecomputatiorof I (b) canbedonein constantime
with the appropriatedatastructurefor obtainingthe lengthsof the
segmentsadjacento b. Goingthroughall input sggmentationwe



cancompute (b) in time O(m).

Computingtheimpactof all boundarypointstakestime O(nm).
Updatingthe costsin a naive way would resultin an algorithm
with costO(n?m). However, we do not needto updateall bound-
ary points. Sincethe impactof a boundarypoint dependsnly on
the adjacentsggments,only the impactvaluesof the neighboring
boundarypointsareaffected.If b= a; , weonly needto recompute
theimpactfor a; 1 anda;+1 , which canbe donein time O(m).

Thereforeusinga simpleheapto storethebene tsof thebreak-
points,we areableto computethe aggr@atesegmentatiorin time
O(n(m + logn)).

5. EXPERIMENTS

In this sectionwe experimentallyevaluateourmethodologyFirst,
on a setof generatediatawe shav thatboth DP and GREEDY al-

gorithmsgive resultsof high quality. Next, we shav theusefulness

of our methodologyin differentdomains.

5.1 Comparing aggregationalgorithms

For this experimentwe generatesggmentationdatasetsas fol-
lows. First we createa randomsegmentationof a sequenceof
length 1000 by picking a randomsetof boundarypoints. Then,
we usethis sggmentationasa basisto createa datasepf 100 seg-
mentationgo beaggregyated.Eachsegmentationis generatedrom
the basisasfollows: eachsegmentboundaryof the basisis kept
identicalin the outputsegmentationwith probability (1  p), or
it is alteredwith probability p. Therearetwo typesof changes
boundaryis subjectto: deletionandtranslocation In the caseof
translocationthe new location of the boundaryis determinedby
thevariancelevel (v). For smallvaluesof v theboundaryis placed
closeto its old location,while for largevaluesit is placedfurther.

Figure 2 shaws the ratio of the aggregation costsachieved by
GREEDY TD andGREEDY BU with respecto theoptimalDP algo-
rithm. It is apparenthatin mostof thecaseshegreedyalternaties
give resultswith costvery close(almostidentical)to the optimal.
We mainly shaw theresultsfor p > 0:5, sincefor smallervalues
of p theratio is alwaysequalto 1. Figure 3 shaws the distance
(measuredising D a ) betweenthe aggregation producedby DP,
GREEDY TD and GREEDY BU andthe basisseggmentatiorusedfor
generatinghedatasetsTheseresultsdemonstrat¢hatnotonly the
quality of the aggre@ationfound by the greedyalgorithmsis close
to thatof the optimal, but alsothatthe structue of the algorithms'
outputsis very similar. All the resultsare averagesover 10 inde-
pendentruns.

5.2 Experimentswith haplotype data

The basicintuition of the haplotype-blockproblemas well as
its signi cance in biological sciencesand medicinehave already
beendiscussedhn Section2. Herewe shav how the sggmentation-
aggr@ationmethodologycanbe appliedin this setting. The main
problemwith thehaplotypeblock-structurgproblemis thatalthough
numerousstudieshave con rmed its existence the methodologies
thathave beenproposedor nding theblocksareinconclusve with
respecto the numberandthe exactpositionsof theirboundaries.

Themainline of work relatedto haplotype-blocldiscorery con-
sistsof a seriesof segmentatioralgorithms.Thesealgorithmsusu-
ally assumedifferent optimization criteria for block quality and
segmentthe datasothatblocksof goodquality areproduced.Al-
thoughonecanarguefor or againsteachoneof thoseoptimization
functions we againadopttheaggr@ationapproachThatis, we ag-
gregatethe resultsof the differentalgorithmsusedfor discovering
haplotypeblocksby doing segmentatioraggreation.

For the experimentswe usethe publisheddatasebf [7] andwe

Aggregate block structure of the Daly et. al dataset
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Figure4: Block structur e of real haplotype data

aggr@atethe sgmentationgproducecby thefollowing ve differ-
entmethods:

1. Daly etal.: Thisis theoriginal algorithmfor nding blocks
usedin [7].

2. htSNP This is a dynamic-programminglgorithmproposed
in [35]. Theobjective functionusesthe htSNPcriterionpro-
posedn [30].

3. DB: Thisisagainadynamic-programminglgorithm,though
for a differentoptimizationcriterion. The algorithmis pro-
posedn [35], while theoptimizationmeasurés thehaplotype-
diversity proposeddy [20].

4. MDB: ThisisaMinimum DescriptionLength(MDL) method
proposedn [3].

5. MDyn: Thisis anotheMDL-basedmethodproposedy [23].

Figure 4 shaws the block boundariesfound by eachone of the
methods.The solid line shavs the block boundariegound by do-
ing segmentatiomaggregationon the resultsof the aforementioned
ve methods.Theaggr@atesegmentatiorhas11 segmentbound-
aries,while the input sgmentationshave 12, 11; 6; 12 and 7 sey-
mentboundariesespectiely, with 29 of thembeingunique.Note
thatin theresultof the aggregation,block boundarieshatarevery
closeto eachotherin somesegmentationmethods(for example
htSNP)disappeaandin mostcaseghey arereplacedby a single
boundary Additionally, the algorithmdoesnot always nd bound-
ariesthat arein the majority of the input sggmentations.For ex-
ample,the eighthboundaryof theaggr@ationappearsn only two
input sggmentationsnamelytheresultsof Daly etal. andhtSNP

5.3 Robustnessexperiments

In this experimentwe demonstratthe usefulnessf the segmen-
tationaggreationin producingrobustsegmentatiorresults,insen-
sitive to theexistenceof outliersin thedata.Consideithefollowing
scenariowheremultiple sensorsare sendingtheir measurements
to a centralsener. It canbethe casethatsomeof the sensorsnay
fail at certainpointsin time. For example,they may run out of
batteryor reporterroneouvaluesdueto communicatiordelaysin
thenetwork. Sucha scenariccause®utliers(missingor erroneous
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Figure 2: Performanceratio of greedyalgorithms with respectto the optimal DP result.
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Figure 3: Disagreementsof the aggregatesegmentationwith the ground truth segmentation,usedfor generatingthe data.

data)to appearTheclassicasegmentatioralgorithmsaresensitve
to suchvaluesand usually produce‘unintuitive” results. We here
shav thatthe sggmentationaggreationis insensitve to the exis-
A tenceof missingor erroneoudatavia the following experiment.
£ 8 First, we generatea multidimensionalsequenceof real numbers
N AN o that hasan a-priori known segmentalstructure. We x the num-
ber of sgmentsappearingn the datato bek = 10, andall the
- dimensionshave the samesegmentboundaries.All the pointsin
| /_/\_/\ a sggmentare normally distributed aroundsomerandomlypicked
mean 2 [9;11]. Onecanconsidereachdimensionto correspond
# of erroncous dimensions #of erroneous blocks to datacomingfrom a differentsensar We reportthe resultsfrom
adatasethathas1000datapoints,and10 dimensions.
Figure 5: Disagreementsof Sagq and Spiing With the true under- Standargegmentatiormethodssegmentall dimensiongogether
lying segmentationSpasis. We do the sameusingthe varianceof the sggmentsto measurghe
quality of the segmentation. We segmentall the dimensionsto-
getherusingthestandaraptimaldynamic-programminglgorithm
for sequencaseggmentation4]. We denoteby Spasis the sggmenta-
tion of this dataobtainedby this dynamic-programminglgorithm.
Then,we simulatethe erroneousiataasfollows: rst we pick a
speci ¢ subsebf dimensionon which we inserterroneouslocks

# of erroneous blocks = 5 # of erroneous dimensions = 5

&

Disagreements with S_basis
S
<

Disagreements with S_basis

S_blind i t i t of data. The cardinality of the subsetvariesfrom 1 to 10 (all di-
mensions).An erroneouslock is a setof consecutie outlier val-
ues. Outlier valuesarerepresentedty Os in this example. We use
smallblocksof lengthatmost4 andwe insertl 10 suchblocks.

S basis H—H— : I : This meanghatin the worst casewe have at most4% faulty data

points.

We segmentthis noisy dataseusingthe standardsegmentation
algorithm describedabore that blindly segmentsall dimensions
together We denoteby Sping the segmentationproducedby the
S_AGG f f H f dynamic-programmingegmentatioralgorithmonthismodi ed dataset.
We also experimentwith the aggr@ation approach.We seggment
eachdimensionseparatelyn k = 10 segmentsandthenwe aggre-
gatetheresults.We denoteby S,ggtheresultingaggr@atesegmen-
tation.

Figure5 reportsghedisagreementd a (Sagg Sbasig @ndD a (Suiind,
Shasi9 Obtainedwhenwe x the numberof erroneousblocksin-
sertedin eachdimensionandvary the numberof dimensionghat

0 200 400 600 800 1000

Figure 6: Anecdoteillustrati ve of the insensitivity of the aggre-
gation to the existenceof outliers in the data.
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Figure 7: Clustering of a single user's loggeddays into three
clustersand the cluster representaties.

arefaulty, andvice versa. Thatis, we try to comparethe number
of disagreementisetweerthe sggmentationproducecby aggre@a-
tion andby blindly segmentingall the dimensiongogetherto the
segmentationthat would have beenobtainedif the erroneousiata
wereignored. Our claim is that a “correct” sggmentationshould
be ascloseaspossibleto Spasis Figure5 indeeddemonstratethat
the aggr@ation resultis muchcloserto the underlyingtrue seg-
mentation,andthusthe aggrgation algorithmis lesssensitve to
the existenceof outliers. Figure 6 furtherveri es this intuition by
visualizingthe sgmentationSpasis Sagg@andSying for thecaseof 5
erroneouslimensionsontainingb blocksof consecutie outliers.

5.4 Experimentswith reality-mining data

The reality-mining dataset containsusageinformation of 97
mobilephoneuserd9]. A largepercentagef theseusersareeither
student{mastersstudentsfreshmengraduatestudentspr faculty
(professorsstaf) of theMIT MedialLaboratorywhile therestare
incomingstudentsaatthe MIT Sloanbusinessschool,locatedadja-
centto thelaboratory Thecollectedinformationincludescall logs,
Bluetoothdevicesin proximity, cell tower IDs, applicationusage,
and phonestatus(suchaschaging andidle) etc. The dataspans
a period from Septembe2004 to May 2005 We mainly focus
our analysison the datarelatedto the callspanof eachuser The
callspandatahasinformationrelatedto the actualtimeseachuser
placesa phonecall.

From this datawe producesegmentationsasfollows: for each
user and eachday during which he hasbeenlogged,we take the
startingtimesreportedn the callsparandwe consideithemasseg-
mentboundarie®nthetimelineof theday For example auserthat
is loggedfor 30 days,produces30 differentsggmentationspnefor
eachday

5.4.1 Identifyingsingleuser's patterns

In our rst experimentwe clusterthedaysof asingleuser Since
eachdayis representedsa seggmentatiorof the 24-hourtimeline,

clusteringthe dayscorrespondso clusteringthesesggmentations.

We usedistanceD o for comparingthe differentdays. The def-
inition of sggmentationaggregation allows naturallyto de ne the
“mean” of a sggmentatiorclusterto be the aggre@ationof the seg-
mentationgthat are groupedtogetherin the cluster We canthen

2The interested reader can nd the datasetsat http://
reality.media.mit.edu/

clustering of users in 10 clusters

Figure 8: The clustering structur e of the reality-mining user
data

readily apply the classicalk-meansalgorithmto the spaceof seg-
mentations.

Figure 7 shaws the clusteringof the daysof a singleuser(who
is classi ed asa professoiin thedatasetpver a periodof 213 days
startingfrom Septembe2004 to May 5th 2005 (not all daysare
recorded). The plot on the top shavs the clusteringof the days.
The daysarearrangedsequentiallyandthe differentcolors corre-
spondto differentclusters.lt is apparenthatatthebeginningof the
recordedperiodthe patternsof the userarequite differentfrom the
patternsobsened at later pointsin the study More speci cally, all
theinitial daysform asingleratherhomogeneousluster From[9]
we take theinformationthatduringthis periodthe MediaLab sub-
jectshadbeenworking towardsthe annualvisit of thelaboratorys
sponsorslt hadbeenpreviously obseredthatthis hadaffectedthe
subjects'schedules.lt is possiblethat our methodologycaptures
this pattern.Therestof Figure7 shawvs therepresentatesof each
cluster We obsenre thatthe representatiesareratherdistinctcon-
sistingof pro les wheretheuserausetheir phoneeitherin morning
hours,or in eveninghours,or both.

5.4.2 Finding groupsof similar useis

In the secondexperimentwe try to build clustersof usersthat

shav similar patterngn their actiities. For this, we build the pro-
le of eachuser by aggreatingall the dayshe hasbeenlogged

for. Next, we clustertheuserpro les, usingthek-meansalgorithm
for segmentationsasdiscussedh thepreviousparagraphFigure8
givesvisual evidenceof the existenceof someclustersof usersin
the dataset. The plot shaws the distancesbetweenuserpro les,
in termsof disagreemendistance. The rows andthe columnsof
the distancematrix have beenrearrangedso that usersclustered
togetherareputin consecutie rows (columns).Thedarlker thecol-
oring of a cell at position(i; j ) the moresimilar usersi andj are.
Therearesomeevidentclustersin thedatasetlik e for examplethe
one consistingof usersat positionsl 10, 33 38, 39 54,
55 68and69 77. Notethattheclustercontaininguserss5 68
is characterizedotonly by strongsimilarity betweerits members,
but additionallya strongdissimilarityto almostevery otheruserin
thedataset.

From thesegroups,the third one, consistingof rows 39 54,
seemdo bevery coherentWe furtherlooked at the peopleconsti-
tuting this groupandfoundoutthatmostof themarerelated(being
probablystudents}o the Sloanbusinesschool.More speci cally,
the academic/professionabsitionsof the peoplein the cluster as



reportedn the datasetareasfollows.

sloan, mlUrop, sloan, sloan, sloan, sloan,
1styeargrad, sloan, 1styeargrad, migrad,
sloan, sloan, sloan, staff, sloan, sloan

Similarly, the relatively large and homogeneougroupformed by
linesl 10 consistanostlyfrom staf andprofessors.

The clusterof userss5 68, althoughquite homogeneouand
distinctfrom the restof the datasetjt containsa ratherdiverseset
of people,at leastwith respectto their positions. However there
may be anothetink thatmalestheir phone-usagpatternssimilar,
andseparatethemfrom therestof theusers.

6. ALTERNATIVE DISTANCE FUNCTIONS

In this sectionwe discussalternatve formulationsof the SEG-
MENTATION AGGREGATION problem. The differencesaredueto
the alternatve distancefunctionsthat can be usedfor comparing
segmentations.

6.1 Entropy Distance

The entopy distancebetweentwo seggmentationgjuanti es the
informationone sggmentatiorrevealsaboutthe other In general,
the entrogy distancebetweentwo randomvariablesX andY that
take valuesin domainsX andY respectiely is de ned as

Du(X;Y) = HXjY)+H(YjX);

whereH ( j ) istheconditionalentropy functionand

Prix;yllogPrixjyl:  (5)

x2X y2Y

HXjY) =

For segmentationshis can be applied as follows. Let Q =

whereQ(x) = i for x 2 g . Assumingthatx is dravn uniformly
at random,we have thatPr[Q(x) = i] = jgj. In plainterms,
eachsegmentis choserwith probability proportionalto its length.
Giventwo segmentation®) andP we de ne thejoint distribution
of therandomvariablesQ andP asP[i; j] = jg \ p;j, thatis, the
probabilitythatarandomlychoserpointfallsin theintersectiorof
the sgmentsg andp;. We cannow de ne the entrofy distance
Du (P; Q) betweersegmentationsysingEquation5.

The entropy distanceis alsoa metric. Computingthe entropy
distancebetweentwo segmentationscan be donein linear time.
The main idea of this lineartime algorithm is a decomposition
of Dy (P; Q) similar to the decompositiorof D a (P; Q) shaved
in Lemmal (Equation2), usingthe conceptof potentialenegy.
For the entropy distancethe potentialenegy of segmentatiorP is
E(P)= H(P).

Furthermoresolvingthe SEGMENTATION AGGREGATION prob-
lem(Probleml)for Dy canalsobedoneoptimallyusingadynamic-
programmingalgorithm. This algorithmis a variation of the DP
algorithmdiscussedn Section4. The recursionof the algorithm
is againbasedon thefactthataddinga new breakpointhasonly a
local effect on the costof the sggmentation.The detailsof the al-
gorithmsfor theentrofy distanceareomitteddueto lack of space.

6.2 Boundary Mover's Distance

The BoundaryMover's Distance(D g ) comparegwo segmen-
tationsP andQ consideringnly thedistance®etweertheirbound-
ary points. Let the boundarypointsof P andQ befpo;:::;p',g

P

3Thenameis inspiredby the EarthMover's Distance[31].

with respecto Q to be

Dg(PjQ) = minjpi g

pi2p
Two naturalchoicedorr isr = 1andr = 2. Forr = 1theBound-
ary Mover's distanceemplagys the Manhattardistancebetweerthe
segmentboundarieswhile for r = 2 it usesthe sum-of-squares
distance.
The SEGMENTATION AGGREGATION problemfor distanceD g

mentationS of atmostt boundariesuchthat:
8= argmin De (Si | S):

Notethatin thisalternatve de nition of thesegmentatioraggre-
gationproblemwe have to restrictthe numberof boundarieghat
canappeaiin the aggrgation. Otherwise the optimal 8 will con-
tain the union of boundarieghatappeatin P andQ — sucha seg-
mentationwill have total costequalto 0. Onecaneasilyseethat
this alternatve de nition of the sggmentatioraggreationproblem
canalsobesolvedoptimallyin polynomialtime. More speci cally,
theproblemof nding thebestaggregationwith at mostt segment
boundariess equivalentto one-dimensionatlusteringthatcanbe
solved using dynamic programming. For the mapping,consider
the boundarieof the input segmentationgo be the pointsto be
clustered andthe boundariesof the aggregationto be the cluster
representaties. We notethatfor thecaser = 1 the boundarieof
theaggregatesggmentatiorareagainasubsebf theunionsegmen-
tation.

7. RELATED WORK

Relatedvork on segmentatioralgorithmsandtheir practicalutil-
ity hasalreadybeendiscussedn Sectionl. Thoughthesealgo-
rithmsarerelatedto ourwork, our goalhereis notjustto proposea
new segmentatioralgorithmbut to aggre@atethe resultsof existing
algorithms.

Thereexists a considerableamountof work for building indi-
vidual, systemor network temporalpro les that can be usedin
anomalyor misusedetectionpredictionof mobile-phonaisersetc.,
asfor examplein [11, 26, 24, 28]. Thesemethodsapproactthe
problemfrom a differentview point and sggmentationsare not a
centralconceptin this approach.Thoughwe explore the applica-
bility of segmentationaggreationin clusteringusersand build-
ing userpro les, performing exhaustve experimentson pro le-
building is beyond the scopeof this paper Exploring the rela-
tionshipof our methodto otherpro ling methodss aninteresting
questionfor futurework.

Most relatedto our work are other aggreation problemsthat
have beenextensiely studied. The notion of aggrgationhasre-
cently emegedin several data-miningtasks. The problemof ag-
gregatingclusteringshasbeenstudiedunderthe namesof cluster
ing aggregation[15], consensuslustering[2, 25] and clusteren-
sembleq12, 33]. Rankingaggreationhasbheenstudiedfrom the
viewpointsof algorithmicg[2], WebsearcH[8], databasefL0], and
machindearning[13]. A third importantgroupof aggregatingdata
mining resultsis formedby voting classi ers suchasbagging[5]
andboosting[6].

Our work is similar in spirit, sincewe arealsotrying to aggre-
gateresultsof existing data-miningalgorithms.However, although
the sggmentationproblemhasreceved considerablettentionby
the data-miningcommunity to the bestof our knowvledge,the seg-
mentationaggr@ationproblemhasnot beenpreviously studied.



8. CONCLUDING REMARKS

We have presented novel approacho sequenceseggmentation,
thatis basedntheideaof aggregatingexisting sggmentationsThe
utility of segmentatioraggrgationhasbeenextensvely discussed
via a setof useful potentialapplications. We have formally de-

ned the sggmentationaggreation problemand shaved someof

its interestingproperties.From the algorithmic point of view, we

shavedthatwe cansolve it optimally in polynomialtime usingdy-

namicprogramming.Furthermorewe designecandexperimented
with greedyalgorithmsfor the problem,which althoughnot opti-

mal, in practicethey arebothfastandgive resultsof high quality

(almostasgoodastheoptimal). Thepracticalutility of theproblem
andtheproposedlgorithmshasbeenillustratedvia a broadexper

imental evaluationthatincludesapplicationsof the framewvork on

genomicsequenceandusers'mobile-phonelata.We additionally
demonstratedhat segmentationaggreation is a noiseand error

insensitve segmentatiormethodthat canbe usedto provide trust-

worthy sggmentatiorresults.
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