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Abstract

Clusteringthe time seriesgeneexpressiondatais anim-
portanttaskin bioinformaticsresearctandbiomedicalap-
plications. Recently someclusteringmethodshave been
adaptear proposedHowever, someconcernstill remain,
suchastherobustnes®f theminingmethodsaswell asthe
quality andtheinterpretabilityof the mining results.

In this paper we tacklethe problemof effectivelyclus-
tering time seriesgene expressiondata by proposingal-
gorithm DHC, a density-based hierarchical clustering
method. We usea density-base@pproacho identify the
clusterssuchthatthe clusteringresultsare of high quality
androbustnessMoreover, Theminingresultis in theform
of adensitytree which uncorersthe embeddedlustersin
a dataset. The innerstructuresthe bordersandthe out-
liers of the clusterscan be further investigated using the
attractiontree which is anintermediateesultof the min-
ing. By thesetwo trees,the internalstructureof the data
setcanbevisualizedeffectively. Our empiricalevaluation
using somereal-world datasetsshowv that the methodis
effective, robustandscalable.lt matcheghe groundtruth
providedby bioinformaticsexpertsverywell in thesample
datasets.

1

DNA microarraytechnology{11, 12] hasmadeit now pos-
sible to monitor simultaneouslythe expressionlevels for
thousandsof genesduring important biological process
[15] andacrosscollectionsof relatedsampled1]. It is of-
tenanimportanttaskto nd geneswith similar expression
patterngco-expressedjenesfrom DNA microarraydata.
First, co-expressedgenesmay demonstratea signi cant
enrichmenfor functionanalysisof thegened2, 17,6, 13].
We may understandhe functionsof somepoorly charac-
terizedor novel genesbetterby testingthemtogethemwith
the geneswith known functions. Second,co-expressed
geneswith strongexpressionpatterncorrelationsmay in-
dicateco-regulation and help uncover the regulatory ele-
mentsin transcriptionakegulatorynetworks[17]. Cluster
technigueswyhich areessentialn datamining procesdor
exploring naturalstructureandidentifying interestingpat-

Intr oduction

ternsin underlyingdata have provedto beusefulin nding
co-expressedjenes.

In clusteranalysispnewishesto partitionthegivendata
setinto groupsbasedon the given featuressuchthat the
dataobjectsin the samegroup are more similar to each
otherthanthedataobjectsin othergroups.Variouscluster
ing algorithmshave beenappliedon geneexpressiondata
with promisingresults[6, 17,16,4, 13]. However, asindi-
catedn somepreviousstudieqe.g.,[8, 16]), mary corven-
tional clusteringalgorithmsoriginatedirom non-biological

elds may suffer from someproblemswhenmining gene
expressiondata,suchas having to specifythe numberof

clustersjackingof robustnesso noisesandbeingweakto

handleembeddealustersandhighly intersectectlusters.
Recently somespeci cally designedalgorithmsfor clus-
tering geneexpressiondatahave beenproposedaiming at

thoseproblemg8, 4].

Distinguishing'rom otherkindsof data,geneexpression
datausually have several characteristics.First, geneex-
pressiordatasetsareoftenof smallsize(in the scaleof
thousandsfomparingto someotherlarge databasege.g.
multimediadatabaseandtransactiordatabases)A gene
expressiondatasetoften canbe held into main memory
Secondfor mary dedicatednicroarrayexperimentspeo-
ple areusuallyinterestedn theexpressiorpatternof only
a subsef all the genes.Othergenepatternsareroughly
considerednsigni cant, andthusbecomenoise.Hence,n
the geneexpressiondataanalysis,peopleare muchmore
concernedvith theeffectivenessandinterpretabilityof the
clusteringresultsthantheef ciency of the clusteringalgo-
rithm. How to group co-expressedyenestogethermean-
ingfully and extract the useful patternsintelligently from
noisydatasetsaretwo majorchallengegor clusteringgene
expressiordata.

In this paper we investigate the problemsof effectively
clustering gene expressiondata and make the following
contrikutions. First, we analyzeandexaminea goodnum-
ber of existing clustering algorithmsin the context of
clusteringgeneexpressiondata, and clearly identify the
challenges. Second,we develop DHC, a density-based,
hierarchical clusteringmethodaiming at geneexpression
data.DHC is adensity-basedpproactsothatit effectively
solvessomeproblemghatmostdistance-baseapproaches



cannothandle. Moreover, DHC is a hierarchicaimethod.
The mining resultis in the form of atreeof clusters.The
internal structureof the datasetcan be visualizedeffec-
tively. At last,we conductanextensive performancestudy
on DHC andsomerelatedmethods.Our experimentalre-
sultsshav thatDHC is effective. Themining resultsmatch
thegroundtruth givenby the bioinformaticsexpertsnicely
onrealdatasets.Moreover, DHC is robustwith respecto
noiseandscalablewith respecto databassize.

The remainderof the paperis organizedasfollows. In
Section2, we analyzesomeimportantexisting clustering
methodsn the context of clusteringgeneexpressiordata,
andidentify the challenges.In Section3, we discussthe
densitymeasuremerfor density-basedlusteringof gene
expressionanddevelopalgorithmDHC. Theextensve ex-
perimentalresultsarereportedin Section4. The paperis
concludedn Section5.

2 RelatedWork

Various clusteringalgorithmshave beenappliedto gene
expressiondata. It hasbeenproved that the clusteringis
helpfulto identify groupsof co-expressedjenesandcorre-
spondingexpressionpatterns.Neverthelessseveral chal-
lengesarise. In this section,we identify the challengedy
abrief surney of sometypical clusteringmethods.

2.1 Partition-based Algorithms

K-means[17] and SOM (Self Organizing Map) [16] are
two typical partition-basedclustering algorithms. Al-
thoughuseful,thesealgorithmssuffer the following draw-
backsaspointedout by [8, 14]. First, both K-meansand
SOMrequiretheuserso providethenumberof clustersas
aparameterSinceclusteringis usuallyanexplorative task
in theinitial analysisof geneexpressiordatasets suchin-
formationis often unavailable. Another disadwantageof
the partition-base@pproachess thatthey force eachdata
objectinto a cluster which makesthe partition-basedp-
proachesensitve to outliers.

Recently somenew algorithmshave beendevelopedfor
clusteringtime-serieggeneexpressiondata. They partic-
ularly addressedhe problemsof outliersandthe number
of clustersdiscussedbove. For example,Ben-Doret al.
[4] introducedtheideaof a “corruptedclique graph” data
modelandpresente@ heuristicalgorithmCAST (for Clus-
ter Af nity SearchTechniquepasednthedatamodel.In
[8], theauthorsdescribeda two-stepprocedurgAdapt)to
identify one clusterwhile the rst stepis to estimatethe
clustercenter  andthesecondstepis to estimatehera-
dius of thecluster Once  and aredetermined,
aclusteris de ned as

. Both algorithmsextract clustersfrom the dataset
one after anotheruntil no more clusterscan be found.
Therefore the algorithmscanautomaticallydeterminethe
numberof clustersandgenesmotbelongingto ary cluster

areregardedas outliers. However, the criteronfor clus-
tersde ned by thosealgorithmsare eitherbasedon some
glabal parameteror dependenbn someassumptionof

the clusterstructureof the dataset. For example, CAST
usesanafnity thresholdparameter to controlthe avaer

age pairwise similarity betweenobjectswithin a cluster
Adaptassumeshatthe clusterhasthe sameradiusin each
directionin the high-dimensionabbjectspace.However,

the clusteringresultsmay be quite sensitve to differenct
parametesettingsand the assumptiondor clusterstruc-
ture may not alwayshold. In particular CAST and Adapt
may not be effective with the embeddedlustersand the
highly intersectedtlustersyespectiely.

2.2 Hierarchical Clustering

A hierarchicaklusteringalgorithmdoesnot generatea set
of disjoint clusters. Instead,it generatesa hierarcly of
nestedclustersthat canbe representedy a tree, calleda
dendogram Basedbnhow thehierarchicadecomposition
is formed,hierarchicaktlusteringalgorithmscanbefurther
dividedinto agglomeative algorithms(i.e., bottom-upap-
proachese.g.,[6]) anddivisive algorithms(top-davn ap-
proachese.g.,[2, 13]). In fact, the hierarchicalmethods
areparticularlyfavoredby thebiologistsbecasu¢hey may
give moreinsightsto the structureof the clustersthanthe
othermethods.

However, the hierarchical methodsalso have some
dravbacks.First,it is sometimesubtleto determinevhere
to cut the dendrogramand derive clusters. Usually this
stepis doneby domainexperts'visualinspection.Second,
it is hardto tell theinnerstructureof aclusterfrom theden-
drogramge.g.whichobjectis themedoidof theclusterand
which objectsare the bordersof the cluster Last, mary
hierarchicaimethodsare consideredacking of robustness
anduniquenes§l6]. They maybesensitve to theorderof
inputandsmallperturbationgn thedata.

2.3 Density-basedclustering

Density-basecalusteringalgorithms[7, 9, 3]characterize
the datadistribution by the densityof eachdataobject.
Clusteringis the procesf identifying denseareasin the
objectspace.Coventionaldensity-basedpproachessuch
as DBSCAN [7], classify a dataobject asone of the
coresof a clusterif hasmorethan neighbors
within neighborhood . Clustersareformedby connecting
neighboringcore' objectsandthose’non-core' objectsei-
thersene asthe boundaie®f clustersor becomeoutliers.
Sincethe noisesof thedatasetaretypically randomlydis-
tributed,thedensitywithin aclustershouldbesigni cantly
higherthanthatof thenoises.Therefore density-basedp-
proacheshave the advantageof extractingclustersfrom a
highly noisy ervironment,which is the caseof time-series
geneexpressiordata.

However, the performanceof DBSCAN is quite sensi-
tive to the parametersf objectdensity namely



and . For acomplex dataset,the appropriatgparameters patternsbut not on the absolutemagnitudes. The corre-

are hardto specify Our experimentalstudy hasdemon-
stratedthat DBSCAN tendsto reusltin eitheralargenum-
ber of trivial clustersor a few huge clustersmemged by
several smalleronesfor time-serieggeneexpressiondata.
Otherdensity-basedpproachege.g. Optics[3] andDen-

clue [9]) are more robust to their algorithm parameters.

However, none of the exsited density-basedlgorithms
provide a hierarchialclusterstrucuturenhich givespeople
athoroughpictureof the datadistribution andhelp people
understandhe relationshipbetweenthe clustersand the
dataobjectswell.

2.4 What arethe challenges?

Basedntheaboreanalysisto conducteffective clustering
analysisover geneexpressiordata,we needto developan
algorithmmeetingthefollowing requirements.

First, theclusteringresultshouldbe highly interpretable
and easyto visualize. As geneexpressiondatais com-
plicated theinterpretabilityandvisualizationbecomevery
important.Secondtheclusteringmethodshouldbeableto
determinethe numberof clustersautomatically Geneex-
pressiordatasetsareusuallynoisy. It is hardto guesshe
numberof clusters.A methodadaptve to thenaturalnum-
ber of clustersis highly preferable. Third, the clustering
methodshouldbe robustto noise,outliers,andthe param-
eters.It iswell recognizedhatthegeneexpressiordataare
usually noisy andthe rules behindthe dataare unknawn.
Thus,themethodshouldberobustsothatit canbe usedas
the rst stepto explorethevaluablepatternsLastly but not
atleasttheclusteringmethodshouldbeableto handleem-
beddedclustersandhighly intersecteclusterseffectively.
Thestructureof geneexpressiordatais oftencomplicated.
It is unlikely thatthedataspacecanbeclearlydividedinto
severalindependentlusters.Instead the usermay be in-
terestedn boththeclustersandtheconnection@mongthe
clusters.The clusteringmethodshouldbe ableto uncover
thewhole picture.

3 The Algorithms

In this section,we proposeDHC, analgorithmmining the
clusterstructureof a datasetasa densitytree. First, we
dicusshow to de ne the densityof objectsproperly and
thenwe develop the algorithm. The algorithm works in
two steps.First, all objectsin a datasetareorganizedinto
anattractiontree Then,the attractiontreeis summarized
asclustersanddenseareasanda densitytreeis derivedas
thesummarystructure.

3.1 De nition of density

When clusteringgeneexpressiondata, we wantto group
geneswith similar expressionpatterns. Thus, we choose
thecorrelationcoefcient, whichis capableof catchingthe
similarity betweentwo vectorsbasedon their expression

lation coefcient for two dataobjects and ina -

dimensionspaces de ned as

where isthe scalarofdataobject and isthe
meanof the scalarsof dataobject . Notethatthecorre-
lationcoefcient rangedetweenlandl. Thelargerthe
value,themoresimilarthey arewith eachother

We de ne thedistancebetweerobjects and as
_ if
otherwise

Givenaradius , the neighborhoodbf  w.rt. ina
-dimensionspaceforms a hypersphere . The setof
objectsin the hypersphereis . The
volumeof the hyperspherds — . We
ignore the global constantcoefcient —— and de ne

To preciselydescribehedistribution of neighborsf ob-
ject , wedivide into a seriesof hypershells such
thateachhypershell occupiesexactly a unit volume. The
ideais demonstrate¢h Figurel.

RadiusTablaVeightTable

%ﬂ‘ :
1 [
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Figurel: Hyperspherandhypershellw.r.t object

Theradiusof the  hypershellis

Then,we have

By hypershells,the neighborhoof s discretized
andformsa histogram , whereeachbin  containsthe
objectsfalling into hypershell . Foreach ,we
de ne aweightof the contritution from  to the density
of

Now, we arereadyto de ne thedensityof anobject



In our density de nition, we do not simply setup a
threshold and countthe numberof dataobjectswithin
neighborhood asthe density On the contrary we dis-
cretize the neighborhoodof object into a seriesof
hypershellsand calculatethe densityof an objectasthe
sumof contritutionsfrom individual hypershells. Thus,
our de nition avoids the dif culty of choosinga good
globalthreshold andaccuratelyre ect the neighbordis-
tribution aroundthe speci ¢ object.

3.2 Building an attraction tree

As the rst stepof the mining, we organizeall objectsin
the datasetinto a hierarcly basedon their density The
resultingstructurds calledanattractiontree sincethetree
is built by consideringthe attractionamongobjectsin a
dataset. Intuitively, anobjectwith high density“ attracts’
someotherobjectswith lower density We formalizethe
ideasasfollows.
The attraction betweentwo data objects and
( ) in a -d spaceis de ned asfollows, where
is thedimensionalityof the objects.

The attractionis saidfrom  to
, denotedas . In the casethattwo
objectsare tie, we can arti cially assign for

. Thus,anobject is attractedby a setof ob-

i

jects whosedensitiesarelargerthanthatof | i.e.,

. We de ne
theattractorof astheobject with thelargest
attractionto ,i.e.,

The processof determiningthe attractorof eachdata

objectis asfollows. For eachdataobject , we initial-
ize ‘'sattractorasitself. Thenwe searchfor and
compareheattractionfor each to . Finally

the winnerbecomeghe attractorof . The only special
casds thathasthelargestdensity where will
beempty In thiscaseweset  'sattractorasitself.
The attractionrelation from an objectto another(i.e.,
) is a partial order Basedon this order we can
derive an attraction tree Eachnodehasan object
suchthat
if
otherwise.

The tree constructionprocesds asfollows. First, each

dataobject is a singletonattractiontree . Then,we
scanthe datasetonce.For eachdataobject ,we nd its
attractor . Weinsert asachildof . Thustheorigi-

nal singletonclustertreesmeigewith the othersduringthe

scanningprocess.Whenthe scanningprocesss over, all

dataobjectsform anattractiontreere ecting theattraction
hierarcly. One specialcasehereis whoseattractor
is itself. Thecorrespondingttractiontree cannotbea
child of ary others.Instead, istherootof theresulting
attractiontree. All otherdataobjectsareits descendants.

3.3 Deriving adensitytree

The attractiontree constructedn Section3.2 includesev-
ery objectin the dataset. Thus,thetreecanbebusty. To
identify the really meaningfulclustersandtheir hierarchi-
cal structureswe needto identify the clustersand prune
thenoiseandoutliers. This is doneby a summarizatiorof
clustersanddenseareasn theform of a densitytree.

Therearetwo kinds of nodesin a densitytree,namely
the collection nodesandthe clusternodes. A collection
nodeis aninternalnodein the treeandrepresents dense
areaof thedataset. A clusternoderepresents clusterthat
will notbedecomposetlurther Eachnodehasthemedoid
of thedenseareaor the clusterasits representatie.

Figure 2 is an exampleof a densitytree. At the root
of thetree,the whole datasetis regardedasa densearea,
anddenotedhsaroot(collection)node . Thisdensearea
consistof two densesub-aread,e., and . Thedense
sub-areasanbefurtherdecomposetb ner sub-densar
eas,i.e., , . DHC recursvely splits the densesub-
areasuntil the sub-areasneetsometerminationcriteron.
The sub-areast the leaf level arerepresentedby cluster
nodesn thedensitytree. Eachclusternodecorrespondso
oneclusterin the dataset.

Figure2: A densitytree.

How to derive a densitytree from an attraction tree?
The basicideais that, rst, we have the whole datasetas
onedenseareato split, then,we recursvely splitthedense
areaauntil eachdensesub-areaontainsonly onecluster

To determinethe clusters, the denseareasand the
bridgesbetweerthem,we introducetwo parameterssimi-
larity threshold andminimumnumberof objectthreshold

. Foranedge in an attractiontree, where

is the parentof , the attractionsub-tree is a
densesub-areaf andonly if (1)

and(2) . In otherwords,

a denseareais identi ed if andonly if thereare at least

objectsin theareaandthe similarity betweerthe



centerof the areaandthe centerof the higherlevel areais
nomorethan .

Once the dense areas are identi ed, we can de-
rive the density tree using the denseareasand their
centersattraction relation stored in the attraction tree.
The algorithm is presentedin Figure 3.  Function

derives the density tree from the

attractiontree We maintain a queue
to recursvely split the denseareas. The

is initialized with only oneelement,.e., the

. For eachiteration,we extractanelement

from the which representshe denseareato
split. Thenwe call thefunction to identify sub-dense
areasn f cannotefurtherdivided,
function returns unchangedIn this case,

wewill serializethe arealist of dataobjectsand
recordit in the clusterlist . Otherwise, will
returna squaretype nodewith split sub-areassits chil-
dren. In this casewe put all of the childrenascandidate
split areasand put theminto . The iteration
stopswhenthe is empty i.e.,nomoresubar-
eascanbesplit.

3.4 Why is DHC effective and ef cient?

By measuringhe densityfor eachdataobject,DHC cap-
tures the natural distribution of the data. Intuitively, a
groupof highly co-expressedjeneswill form adensearea
(cluster),andthe genewith the highestdensitywithin the
group becomeghe medoidof the cluster Theremay be
mary noiseobjects. However, they distribute sparselyin

the object spaceand cannotshov a high degree of co-

expressionandthushave low densities.

In summary DHC has somedistinct adwantagesover
some previously proposedmethods. Comparingto k-
meansand SOM,DHC doesnot needa parameterabout
the numberof clustes, and the resultingclustes are not
affectedbyoutliers. Ontheonehand by locatingthedense
areasin the objectspace DHC automaticallydetectsthe
numberof clusters. On the other hand, since DHC uses
the expressiorpatternof the medoidto representhe aver-
ageexpressionpatternsof co-expressedjenesthe result-
ing clusterswill notbecorruptedby outliers.

Comparingto CASTand Adapt, DHC can handlethe
embeddedclustess and highly intersectedclustes uni-
formly. Figure 4 shavs an example. Figure 4(a) illus-
tratestwo embeddedlusters,and Figure 4(b) shawvs two
highly intersectectlusters. In both gures, let bethe

whole data set, and be the two clustersin

and and  bethe medoidsof and . Suppose
. After the process

and processin bothsituationsthefollow-

ingthreefactshold: (1)  will betherootof theattraction
tree of the dataset, sinceit hasa higherdensitythanary
otherdataobjects;(2)  will betherootof asubtreehat
containsthe dataobjectsbelongingto  , since isthe
medoidof  and(3) will be attractedby somedata

Proc deriveDensityTee( )
splitQueue.add( )
while (IsplitQueue.isEmpty())
spTree= splitQueue.etract()
parentTee= spTree.parent
node= splitTree(spTee)
if (parentTee==NULL) then root=node
else parentTee.addChild(node)
end if
if (node.typee= CLUSTERTYPE)then
¢ = node.serialize()
clusters.add(c)
else // node.type==COLLECTIONTYPE
for eachchild of nodedo
chTree.parent node
node.remee(chTee)
splitQueue.add(chEe)
end for
end if
end while
End Proc

struct  MaxCut(t,p,dist)
tree=t; parent= p; distance= dist
end Struct MaxCut
Func splitTree(tree)
®nished=false;
currentDistance MAXDISTANCE
While (! ®nished)
cut=®ndMaxCut(tree,currentDistance)
if (cut==null )then ®nished= true
else
currentDistancezut.distance
if (splitable( .tree,tree)}hen
cut.parent.remea(cut.tree)
®nished=true
end if
end if
end while
if (cut==null )then
else
collection= new DensityTree(collection)
collection.addChild(cut.tree)
collection.addChild(tree)
return
end if
End Func

return tree

Figure3: Algorithm DHC.

(a) Embeddectluster (b)Highly intersectedtluster

Figure4: An exampleof embeddedlusterandhighly in-
tersectedluster

object andbecomeoneof the childrenof . Figure
5(a) demonstratethe generatedhttractiontree. After the
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(a) Attractiontree. (b) Deriveddensitytree.

Figureb5: Attractiontreeandderiveddensitytreeof  and

process, will beidenti ed asa dense
areaandsplit away from the attractiontreefrom edge
The derived densitytreeis demonstratedy Figure5 (b).
As canbeseentheembeddedlustersandintersectedlus-
tersaretreateduniformly.

Moreover, theresultof DHC can be visualizedas a hi-
erarchical structue. Comparingto somecorventionalhi-
erarchialapproachesthe two tree approach(densitytree
andattractiontree)is easierto understandFirst, the den-
sity tree summarizeghe clusterstructureof the dataset,
sothereis no needto cutthe dendrogramSecondjnstead
of putting all dataobjectsat the leaf level, DHC putsthe
medoidat the treeroot to representhe “core” of the clus-
ter. Other dataobjectsin the attractiontree are directly
or indirectly attractedto the medoidlevel by level. The
levels of the dataobjectsre ect the similarity of the data
objectsw.r.t. the medoid. The lower level an dataobject
stays thefartherit locatesfrom the“core”. Thereforethe
attractiontreefor eachclusterclearly discloseghe inner
clusterstructure. Third, dueto the low densitiesoutliers
areattractedchttheleavelevel of theattractiontree. A post-
pruningprocessanbe appliedto discardthe outliers. We
canleavetheuserto setthe prunethresholdandthusretain
the e xibility of judgingtheoutliers.

4 Experimental Results

WetestalgorithmDHC onrealdatasets.Limited by space,
we only reportthe resultson two typical realgeneexpres-
siondatasets:(1) thelyer's Data[10], whichcontainggene
expressiorievelsof humangenesn responséo serum
stimulationover timepoints;and(2) theCho'sData[5],
which hashbeenpreprocessetb remaove duplicategenes
andgenegeakingduring multiple phaseslt contains
geneexpressionpatternsduring the cell cycle of the bud-
ding yeastS. cerevisiae Thosetwo datasetsarepublicon
theweb andhave becomesort of the benchmarldatasets
for clusteringanalysisof geneexpressiordata.

In [6], Eisenet al. partitionedthe lyer's datasetinto

clustersaccordingto the geneexpressionpatterns.In
[5], Choetal. listedthe functionally characterizedjenes
whosetranscriptsdisplay periodic uctuation. Five puta-

tive true clusters which arethe setsof early G1-peaking,
late G1-peaking,S peaking, peakingandM peaking
genesarereportecathttp: //171.65.26.52yeastcell_cycle/
functional categories.html. We usethe above partition as
the groundtruth to testand comparethe performanceof
DHC with thoseof otherclusteringalgorithms.

The algorithmsare implementedon a Sunworkstation
with a MHz CPUand MB mainmemory

4.1 Experiments on the attraction treesand
the densitytrees

Figure6 is thedensitytreegeneratedy DHC onthelyer's
dataset. It contains8 clusters(i.e., the leaf nodeswith
framesin the gure). We comparethe clusterswith the
groundtruth. Eachclustercorrespondso a clusterin the
groundtruth. We will provide moredetailedresultslater.
To illustrate the attractiontree, we plot Figure 7, which
shaws the attractionsub-treeof cluster . Theclustercon-
tains13 geneswhile gene517is themedoidof thecluster
As shavnin the gure, genesatthesecondevel (i.e.,gene

) aredirectly attractecby gene
andothergenesareindirectly attractedoy gene517. The
leaf nodesin thetreerepresenthe genesforming the bor
derof thecluster

Figure6: Thedensitytreeof the lyer's Data.

9517

g511 g506  g502

Figure7: A attractionsubtreeof cluster inthelyer'sdata.

Figures6 and7 alsodemonstratéow the clusteringre-
sultsin DHC canbe visualizedat two levels. The higher
level, the densitytree, shavs a comprehense picture of



the clusterstructurein the dataset. Whena useris inter-
estedin a clusteror a densearea,shecango to the lower
level, thecorrespondingttractionsubtreewhichdiscloses
the innercluster structuresof dataobjects. The medoid
of the cluster which representshe expressionpatternof
thewhole cluster sitsattheroot of the attractionsub-tree.
Whenthetreelevel goesdown, dataobjectslocatefarther
andfartheraway from the medoidof thecluster

4.2 Identication of interesting patterns
from noisy data

As mentionedabove, a goodclusteringalgorithmfor gene
expressiondata must be robust to noise and be able to
automaticallyextractimportantgenesandinterestingpat-
ternsfrom noisydatasets.As discussedh Section2, most
distance-basedlgorithmsmay corruptwith thenoise,i.e.,
the averagepro les of clustersdeviate from true interest-
ing patterns Onedistinctfeatureof DHC is thatit captures
thecoreareaof aclusterthathasasigni cantly higherden-
sity thannoise. The experimentalresultssuggesthat the
densitytreestructureremainsrobustandtheroot of the at-
tractionsubtredor eachclusterstill preciselyidenti es the
correspondingpatternof interestthoughin a highly noisy
ervironment(e.g., fold noisespresents).

In this experiment,we measurethe patternsidenti ed
from theoriginal lyer's data. Then,we addonefold, three
fold andeightfold noiseqpermutatiorof realgeneexpres-
siondata)to the dataset. We computethe averagepro les
of the  clustersgiven by the groundtruth asthe stan-
dard patterns andtesteachclusteringmethodthe ability
to identify thosestandardgatterns.

Suppose is the set of resulting
clustersfrom algorithm , and is
the setof standardyeneexpressiornpatternsn the ground
truth. First, we computethe average pro le for each
cluster , and nd the mostsimilar standardpattern
that  matches. If a setof averagepro les , ,

, matcheghe samestandardpattern , we select
the one with the highestsimilarity with as 'sesti-
mate pattern Then, we examinethe similarity between
eachstandardpattern  andits estimatepattern If

, we call the standardpattern
is identi ed by the estimatepattern

In Figure8, we highlighttheidenti ed patternsn bold.
Thevalueof eachcell is the similarity betweereachstan-
dard patternandits estimatepatternw.r.t. differentclus-
tering algorithms. meansthe numberof standard
patterngdenti ed by the algorithm. For the original data,
our algorithmidenti ed all patternsexcept and
wasnot identi ed by ary other clusteringalgorithms,ei-
ther wasonly barelyidenti ed by K-means. When
noiserateincreasesthe behaior of distance-basedlgo-
rithms becomeworse,andlessand lessstandardoatterns
canbeidenti ed. However, DHC successfullyidenti es
signi cant andinterestingpatterngeliably.

4.3 The robustnesso the parameters

In thefollowing experimentsyve testthe robustnes®f our
algorithmagainstdifferentsettingsof parametersOur al-
gorithmhastwo parameterghesimilarity threshold and
the minimum numberof objectsthreshold . We
testthe mining resultsw.r.t. variousparametesettingson
Cho'sdata.

Firstwetestthenumberof resultedclustersunderawide
rangeof paramtersettings.Our experimentshavs thatthe
numberof clustergeportedby DHC doesnotchangemuch
whenwe changethe value of the similarity threshodand
theminimumnumberof objectthreshold Next, we testthe
quality of the mining resultin termsof FM index w.r.t. the
parametersettings.As shovn in Figure9, the FM index
valuesarenot sensitve to theparametesettings.Thesere-
sultsstronglycon rmed thatDHC is robustw.r.t. theinput
parameters.
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Figure9: Thesensitvity of clusteringresultsw.r.t. thein-
putparameters.

4.4 Scalability

We testthe scalabilityof ouralgorithmby addingnoiseso
the lyer's data. The experimentalresultsshav that DHC
canprocess geneexpressionsn about sec-
onds. It veri es that DHC is scalablein processindarge
geneexpressiordatasets.Limited by spacethedetailsare
omittedhere.

5 Conclusions

Clusteringtime seriesgeneexpressiondatais an impor-
tant task in bioinformaticsresearchand bio-medicalap-
plications. Although somemethodshave beenadaptecbr
proposedecently severalchallengesemain,includingthe
interpretabilityand visualizationof the clusteringresults,
the robustnesf the mining resultsw.r.t. noise,outliers,
andglobalparametersandhandlingclusterswith arbitrary
shapeandstructures.

In this paper we proposeDHC, a density-basedthierar
chicalclusteringnethod.DHC rst organizesall objectsn
a datasetinto an attractiontree accordingto the density-
basedconnectity. Then, clustersand denseareas(i.e.,
collectionsof clusters)areidenti ed.



Noise Fold Methods Noise Fold Methods
SOM [ K-Means | CAST [ DHC SOM [ K-Means | CAST [ DHC
C1l 0.980 0.972 0.954 | 0.992 C1l 0.879 0.965 0.953 | 0.992
C2 0.990 0.948 0.887 0.957 C2 0.992 0.994 0.696 0.957
C3 -1.0 -1.0 0.997 | 0.984 C3 0.973 -1.0 0.994 | 0.984
C4 0.978 0.995 0.968 0.979 C4 0.985 0.973 0.925 0.979
0 C5 -1.0 -1.0 -1.0 -1.0 1 C5 -1.0 0.886 -1.0 -1.0
C6 -1.0 0.964 0.983 0.974 C6 -1.0 0.932 0.986 0.974
C7 0.951 -1.0 -1.0 0.966 C7 -1.0 -1.0 -1.0 0.966
Cc8 -1.0 0.962 0.999 | 0.970 Cc8 0.985 0.961 0.986 | 0.970
C9 0.893 0.910 0.729 -1.0 C9 -1.0 -1.0 0.844 -1.0
C10 -1.0 0.930 0.995 | 0.973 C10 -1.0 -1.0 0.975 | 0.973
IPN 4 7 6 8 IPN 4 5 6 8
C1 0.978 0.985 0.938 | 0.992 C1 0.981 -1.0 0.671 | 0.992
C2 0.972 0.963 0.853 0.957 C2 0.976 0.938 0.947 0.957
C3 -1.0 -1.0 0.991 -1.0 C3 -1.0 0.936 0.950 -1.0
C4 0.955 -1.0 0.987 0.979 C4 -1.0 0.950 0.980 0.979
3 C5 -1.0 0.860 -1.0 -1.0 8 C5 -1.0 -1.0 0.920 -1.0
C6 -0.860 0.371 0.969 0.974 C6 -1.0 0.844 0.987 0.974
C7 -1.0 0.941 -1.0 0.966 C7 0.937 -1.0 -1.0 0.966
C8 -1.0 -1.0 0.986 0.970 C8 0.881 0.889 0.994 0.970
C9 0.597 0.875 0.537 | 0.905 C9 -1.0 -1.0 0.860 | 0.905
C10 0.791 0.365 0.977 | 0.973 C10 0.813 -1.0 0.895 | 0.973
IPN 3 3 6 8 IPN 3 3 6 8

Figure8: Patternidenti®cationfrom the noise-addedyer's Data.

As veri ed by our empiricalevaluation,DHC is clearly
more robust than sometypical methodsproposedprevi-
ously in termsof handling noise, outliers, structuresof
the clusters,anduserspeci ed parametersMoreover, the
clusteringresultsfrom DHC ts the groundtruth better
than most of the previously proposedmethodsin mary
cases.As adistinctfeature,the mining resultsfrom DHC
canbevisualizedandinterpretedsystematicallyAll these |11
featureamake DHC a desirablemethodfor bioinformatics
dataanalysis.
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