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Abstract

Clusteringthe time seriesgeneexpressiondatais an im-
portanttaskin bioinformaticsresearchandbiomedicalap-
plications. Recently, someclusteringmethodshave been
adaptedor proposed.However, someconcernsstill remain,
suchastherobustnessof theminingmethods,aswell asthe
qualityandtheinterpretabilityof themining results.

In this paper, we tackletheproblemof effectivelyclus-
tering time seriesgeneexpressiondata by proposingal-
gorithm DHC, a density-based,hierarchical clustering
method. We usea density-basedapproachto identify the
clusterssuchthat theclusteringresultsareof high quality
androbustness.Moreover, Theminingresultis in theform
of a densitytree, whichuncoverstheembeddedclustersin
a dataset. The inner-structures,the bordersandthe out-
liers of the clusterscanbe further investigatedusing the
attractiontree, which is anintermediateresultof themin-
ing. By thesetwo trees,the internalstructureof the data
setcanbevisualizedeffectively. Our empiricalevaluation
usingsomereal-world datasetsshow that the methodis
effective, robustandscalable.It matchesthegroundtruth
providedby bioinformaticsexpertsverywell in thesample
datasets.

1 Intr oduction

DNA microarraytechnology[11,12] hasmadeit now pos-
sible to monitor simultaneouslythe expressionlevels for
thousandsof genesduring important biological process
[15] andacrosscollectionsof relatedsamples[1]. It is of-
tenanimportanttaskto �nd geneswith similarexpression
patterns(co-expressedgenes)from DNA microarraydata.
First, co-expressedgenesmay demonstratea signi�cant
enrichmentfor functionanalysisof thegenes[2, 17,6,13].
We mayunderstandthe functionsof somepoorly charac-
terizedor novel genesbetterby testingthemtogetherwith
the geneswith known functions. Second,co-expressed
geneswith strongexpressionpatterncorrelationsmay in-
dicateco-regulationandhelp uncover the regulatoryele-
mentsin transcriptionalregulatorynetworks [17]. Cluster
techniques,which areessentialin datamining processfor
exploring naturalstructureandidentifying interestingpat-

ternsin underlyingdata,haveprovedto beusefulin �nding
co-expressedgenes.

In clusteranalysis,onewishesto partitionthegivendata
set into 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-
catedin somepreviousstudies(e.g.,[8, 16]),many conven-
tionalclusteringalgorithmsoriginatedfrom non-biological
�elds may suffer from someproblemswhenmining gene
expressiondata,suchashaving to specify the numberof
clusters,lackingof robustnessto noises,andbeingweakto
handleembeddedclustersandhighly intersectedclusters.
Recently, somespeci�cally designedalgorithmsfor clus-
teringgeneexpressiondatahave beenproposedaimingat
thoseproblems[8, 4].

Distinguishingfromotherkindsof data,geneexpression
datausually have several characteristics.First, geneex-
pressiondatasetsareoftenof smallsize(in thescaleof ���

thousands)comparingto someotherlarge databases(e.g.
multimediadatabasesandtransactiondatabases).A gene
expressiondatasetoften canbe held into main memory.
Second,for many dedicatedmicroarrayexperiments,peo-
pleareusuallyinterestedin theexpressionpatternsof only
a subsetof all thegenes.Othergenepatternsareroughly
consideredinsigni�cant, andthusbecomenoise.Hence,in
the geneexpressiondataanalysis,peoplearemuchmore
concernedwith theeffectivenessandinterpretabilityof the
clusteringresultsthantheef�ciency of theclusteringalgo-
rithm. How to groupco-expressedgenestogethermean-
ingfully andextract the usefulpatternsintelligently from
noisydatasetsaretwomajorchallengesfor clusteringgene
expressiondata.

In this paper, we investigatetheproblemsof effectively
clusteringgeneexpressiondata and make the following
contributions.First,we analyzeandexaminea goodnum-
ber of existing clustering algorithms in the context of
clusteringgeneexpressiondata,and clearly identify the
challenges. Second,we develop DHC, a density-based,
hierarchical clusteringmethodaimingat geneexpression
data.DHC isadensity-basedapproachsothatit effectively
solvessomeproblemsthatmostdistance-basedapproaches
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cannothandle. Moreover, DHC is a hierarchicalmethod.
Themining resultis in the form of a treeof clusters.The
internal structureof the dataset canbe visualizedeffec-
tively. At last,weconductanextensiveperformancestudy
on DHC andsomerelatedmethods.Our experimentalre-
sultsshow thatDHC is effective. Theminingresultsmatch
thegroundtruthgivenby thebioinformaticsexpertsnicely
on realdatasets.Moreover, DHC is robustwith respectto
noiseandscalablewith respectto databasesize.

The remainderof thepaperis organizedasfollows. In
Section2, we analyzesomeimportantexisting clustering
methodsin thecontext of clusteringgeneexpressiondata,
andidentify the challenges.In Section3, we discussthe
densitymeasurementfor density-basedclusteringof gene
expression,anddevelopalgorithmDHC.Theextensiveex-
perimentalresultsarereportedin Section4. Thepaperis
concludedin Section5.

2 RelatedWork

Variousclusteringalgorithmshave beenappliedto gene
expressiondata. It hasbeenproved that the clusteringis
helpful to identify groupsof co-expressedgenesandcorre-
spondingexpressionpatterns.Nevertheless,several chal-
lengesarise.In this section,we identify thechallengesby
abrief survey 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 thefollowing draw-
backsaspointedout by [8, 14]. First, both K-meansand
SOMrequiretheusersto providethenumberof clustersas
aparameter. Sinceclusteringis usuallyanexplorative task
in theinitial analysisof geneexpressiondatasets,suchin-
formation is often unavailable. Another disadvantageof
thepartition-basedapproachesis that they forceeachdata
objectinto a cluster, which makesthe partition-basedap-
proachessensitive to outliers.

Recently, somenew algorithmshavebeendevelopedfor
clusteringtime-seriesgeneexpressiondata. They partic-
ularly addressedthe problemsof outliersandthe number
of clustersdiscussedabove. For example,Ben-Doret al.
[4] introducedthe ideaof a “corruptedcliquegraph”data
modelandpresentedaheuristicalgorithmCAST(for Clus-
terAf�nity SearchTechnique)basedonthedatamodel.In
[8], theauthorsdescribeda two-stepprocedure(Adapt) to
identify oneclusterwhile the �rst stepis to estimatethe
clustercenter��� andthesecondstepis to estimatethera-
dius ��� of thecluster. Once ��� and ��� aredetermined,
a clusteris de�ned as �����
	���
�������������������� �"!#�$�%�'&

���)( . Both algorithmsextract clustersfrom the dataset
one after anotheruntil no more clusterscan be found.
Therefore,thealgorithmscanautomaticallydeterminethe
numberof clusters,andgenesnotbelongingto any cluster

are regardedas outliers. However, the criteron for clus-
tersde�ned by thosealgorithmsareeitherbasedon some
glabal parametersor dependenton someassumptionsof
the clusterstructureof the dataset. For example,CAST
usesanaf�nity thresholdparameter� to control theavaer-
agepairwisesimilarity betweenobjectswithin a cluster.
Adaptassumesthattheclusterhasthesameradiusin each
directionin the high-dimensionalobjectspace.However,
the clusteringresultsmay be quite sensitive to differenct
parametersettingsand the assumptionsfor clusterstruc-
turemaynot alwayshold. In particular, CAST andAdapt
may not be effective with the embeddedclustersand the
highly intersectedclusters,respectively.

2.2 Hierarchical Clustering

A hierarchicalclusteringalgorithmdoesnot generatea set
of disjoint clusters. Instead,it generatesa hierarchy of
nestedclustersthat canbe representedby a tree,calleda
dendrogram. Basedonhow thehierarchicaldecomposition
is formed,hierarchicalclusteringalgorithmscanbefurther
dividedinto agglomerativealgorithms(i.e.,bottom-upap-
proaches,e.g.,[6]) anddivisive algorithms(top-down ap-
proaches,e.g., [2, 13]). In fact, the hierarchicalmethods
areparticularlyfavoredby thebiologistsbecasuethey may
give moreinsightsto thestructureof theclustersthanthe
othermethods.

However, the hierarchical methods also have some
drawbacks.First,it is sometimessubtletodeterminewhere
to cut the dendrogramand derive clusters. Usually, this
stepis doneby domainexperts'visualinspection.Second,
it is hardto tell theinnerstructureof aclusterfrom theden-
drogram,e.g.whichobjectis themedoidof theclusterand
which objectsare the bordersof the cluster. Last, many
hierarchicalmethodsareconsideredlackingof robustness
anduniqueness[16]. They maybesensitiveto theorderof
inputandsmallperturbationsin thedata.

2.3 Density-basedclustering

Density-basedclusteringalgorithms[7, 9, 3]characterize
the datadistribution by the densityof eachdata object.
Clusteringis theprocessof identifying denseareasin the
objectspace.Coventionaldensity-basedapproaches,such
as DBSCAN [7], classify a dataobject * as one of the
coresof a clusterif * hasmorethan +-,/.10��2	 neighbors
within neighborhood3 . Clustersareformedby connecting
neighboring'core' objectsandthose'non-core'objectsei-
therserve astheboundaiesof clustersor becomeoutliers.
Sincethenoisesof thedatasetaretypically randomlydis-
tributed,thedensitywithin aclustershouldbesigni�cantly
higherthanthatof thenoises.Therefore,density-basedap-
proacheshave theadvantageof extractingclustersfrom a
highly noisyenvironment,which is thecaseof time-series
geneexpressiondata.

However, the performanceof DBSCAN is quite sensi-
tive to theparametersof objectdensity, namely, +4,/.10��2	
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and 3 . For a complex dataset,theappropriateparameters
arehard to specify. Our experimentalstudyhasdemon-
stratedthatDBSCANtendsto reusltin eithera largenum-
ber of trivial clustersor a few hugeclustersmerged by
several smalleronesfor time-seriesgeneexpressiondata.
Otherdensity-basedapproaches(e.g. Optics[3] andDen-
clue [9]) are more robust to their algorithm parameters.
However, none of the exsited density-basedalgorithms
provideahierarchialclusterstrucuturewhichgivespeople
a thoroughpictureof thedatadistribution andhelppeople
understandthe relationshipbetweenthe clustersand the
dataobjectswell.

2.4 What are the challenges?

Basedontheaboveanalysis,toconducteffectiveclustering
analysisover geneexpressiondata,we needto developan
algorithmmeetingthefollowing requirements.

First, theclusteringresultshouldbehighly interpretable
and easyto visualize. As geneexpressiondata is com-
plicated,theinterpretabilityandvisualizationbecomevery
important.Second,theclusteringmethodshouldbeableto
determinethenumberof clustersautomatically. Geneex-
pressiondatasetsareusuallynoisy. It is hardto guessthe
numberof clusters.A methodadaptive to thenaturalnum-
ber of clustersis highly preferable.Third, the clustering
methodshouldberobustto noise,outliers,andtheparam-
eters.It iswell recognizedthatthegeneexpressiondataare
usuallynoisy andthe rulesbehindthe dataareunknown.
Thus,themethodshouldberobustsothatit canbeusedas
the�rst stepto explorethevaluablepatterns.Lastlybut not
at least,theclusteringmethodshouldbeableto handleem-
beddedclustersandhighly intersectedclusterseffectively.
Thestructureof geneexpressiondatais oftencomplicated.
It is unlikely thatthedataspacecanbeclearlydividedinto
several independentclusters.Instead,theusermaybe in-
terestedin boththeclustersandtheconnectionsamongthe
clusters.Theclusteringmethodshouldbeableto uncover
thewholepicture.

3 The Algorithms

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

3.1 De�nition of density

Whenclusteringgeneexpressiondata,we want to group
geneswith similar expressionpatterns.Thus,we choose
thecorrelationcoef�cient, whichis capableof catchingthe
similarity betweentwo vectorsbasedon their expression

patternsbut not on the absolutemagnitudes.The corre-
lation coef�cient for two dataobjects * � and *

� in a � -
dimensionspaceis de�ned as
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ideais demonstratedin Figure1.
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Figure1: Hypersphereandhyper-shellw.r.t object *��
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In our density de�nition, we do not simply set up a
threshold3 andcount the numberof dataobjectswithin
neighborhood3 as the density. On the contrary, we dis-
cretize the neighborhoodof object * � into a seriesof
hyper-shellsandcalculatethe densityof an objectas the
sumof contributionsfrom individual hyper-shells. Thus,
our de�nition avoids the dif�culty of choosinga good
global threshold3 andaccuratelyre�ect theneighbordis-
tributionaroundthespeci�c object.

3.2 Building an attraction tr ee

As the �rst stepof the mining, we organizeall objectsin
the dataset into a hierarchy basedon their density. The
resultingstructureis calledanattractiontree, sincethetree
is built by consideringthe attractionamongobjectsin a
dataset. Intuitively, anobjectwith high density“attracts”
someotherobjectswith lower density. We formalizethe
ideasasfollows.

The attractionbetweentwo data objects *

6

and *��

( *

6

�

� *�� ) in a R -d spaceis de�ned as follows, where
R is thedimensionalityof theobjects.
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The processof determiningthe attractorof eachdata
object is as follows. For eachdataobject * � , we initial-
ize * � 's attractorasitself. Thenwe searchfor
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beempty. In this case,weset *
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's attractorasitself.
The attractionrelation from an object to another(i.e.,
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� ) is a partial order. Basedon this order, we can
derive an attraction tree � . Eachnodehasan object *
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The treeconstructionprocessis asfollows. First, each
dataobject * � is a singletonattractiontree � � . Then,we
scanthedatasetonce.For eachdataobject * � , we �nd its
attractor*

� . We insert � � asa child of *

� . Thustheorigi-
nalsingletonclustertreesmergewith theothersduringthe

scanningprocess.Whenthe scanningprocessis over, all
dataobjectsform anattractiontreere�ecting theattraction
hierarchy. One specialcasehereis *

2�M

whoseattractor
is itself. Thecorrespondingattractiontree �

2�M

cannotbea
child of any others.Instead,*

2�M

is therootof theresulting
attractiontree.All otherdataobjectsareits descendants.

3.3 Deriving a density tr ee

Theattractiontreeconstructedin Section3.2 includesev-
ery objectin thedataset. Thus,the treecanbebushy. To
identify thereally meaningfulclustersandtheir hierarchi-
cal structures,we needto identify the clustersandprune
thenoiseandoutliers.This is doneby a summarizationof
clustersanddenseareasin theform of a densitytree.

Therearetwo kinds of nodesin a densitytree,namely
the collection nodesand the clusternodes. A collection
nodeis an internalnodein thetreeandrepresentsa dense
areaof thedataset.A clusternoderepresentsaclusterthat
will notbedecomposedfurther. Eachnodehasthemedoid
of thedenseareaor theclusterasits representative.

Figure 2 is an exampleof a densitytree. At the root
of the tree,thewholedatasetis regardedasa densearea,
anddenotedasaroot(collection)node

���

. Thisdensearea
consistsof two densesub-areas,i.e.,

�

6

and �

6

. Thedense
sub-areascanbefurtherdecomposedto �ner sub-densear-
eas,i.e., ��� ,

�

� . DHC recursively splits the densesub-
areasuntil the sub-areasmeetsometerminationcriteron.
The sub-areasat the leaf level are representedby cluster
nodesin thedensitytree.Eachclusternodecorrespondsto
oneclusterin thedataset.

A2

C3 C4

A0

A1 C1

C2

Figure2: A densitytree.

How to derive a densitytree from an attraction tree?
Thebasicideais that, �rst, we have thewholedatasetas
onedenseareato split, then,werecursively split thedense
areasuntil eachdensesub-areacontainsonly onecluster.

To determinethe clusters, the denseareasand the
bridgesbetweenthem,we introducetwo parameters:simi-
larity threshold3 andminimumnumberof objectthreshold

+-,/.10��2	 . For an edge * � *

� in an attractiontree,where
*�� is the parentof *

� , the attractionsub-tree�

�
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3 . In otherwords,
a denseareais identi�ed if andonly if thereareat least

+-,/.10��2	 objectsin theareaandthesimilarity betweenthe
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centerof theareaandthecenterof thehigherlevel areais
nomorethan 3 .

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

� 
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 derives the density tree from the
attraction tree

�
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 to recursively split the denseareas. The
	�� ��,/����� 
�� 
 is initialized with only oneelement,i.e., the

�

� � �N��� � ,�P . ��� 
 
 . For eachiteration,weextractanelement
from the 	�� ��,/��� � 
 � 
 which representsthe denseareato
split. Thenwecall thefunction 	�� ��,/� to identify sub-dense
areasin 	�� ��,/� ��� 
 
 . If 	�� ��,/� ��� 
 
 cannotbefurtherdivided,
function 	�� ��,/� returns 	�� � , � ��� 
 
 unchanged.In this case,
wewill serializethe 	�� ��,/� ��� 
 
 arealist of dataobjectsand
recordit in theclusterlist � ���
	���
 ��	 . Otherwise,	�� ��,/� will
returna squaretype nodewith split sub-areasas its chil-
dren. In this case,we put all of the childrenascandidate
split areasand put them into 	�� ��,/����� 
�� 
 . The iteration
stopswhenthe 	�� � , ��� � 
�� 
 is empty, i.e., no moresubar-
eascanbesplit.

3.4 Why is DHC effective and ef�cient?

By measuringthedensityfor eachdataobject,DHC cap-
tures the natural distribution of the data. Intuitively, a
groupof highly co-expressedgeneswill form a densearea
(cluster),andthegenewith thehighestdensitywithin the
groupbecomesthe medoidof the cluster. Theremay be
many noiseobjects. However, they distribute sparselyin
the object spaceand cannotshow a high degree of co-
expression,andthushave low densities.

In summary, DHC hassomedistinct advantagesover
some previously proposedmethods. Comparing to k-
meansand SOM,DHC doesnot needa parameterabout
the numberof clusters, and the resultingclusters are not
affectedbyoutliers. Ontheonehand,by locatingthedense
areasin the objectspace,DHC automaticallydetectsthe
numberof clusters. On the other hand,sinceDHC uses
theexpressionpatternof themedoidto representtheaver-
ageexpressionpatternsof co-expressedgenes,the result-
ing clusterswill notbecorruptedby outliers.

Comparingto CASTand Adapt, DHC can handlethe
embeddedclusters and highly intersectedclusters uni-
formly. Figure 4 shows an example. Figure 4(a) illus-
tratestwo embeddedclusters,andFigure4(b) shows two
highly intersectedclusters. In both �gures, let

���

be the
whole data set, �

6

and ��� be the two clustersin
���

,
and *

6

and *�� be the medoidsof �
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and � � . Suppose
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�. 	�,/���
	/*

6


 9

� 
�. 	�,/���!	/*��


 . After the � � � �N��� � process
and �\P . 	�� � � � � ��� 
 
 process,in bothsituations,thefollow-
ing threefactshold: (1) *

6

will betherootof theattraction
treeof the dataset,sinceit hasa higherdensitythanany
otherdataobjects;(2) *�� will betheroot of a subtreethat
containsthedataobjectsbelongingto � � , since *�� is the
medoidof ��� and(3) *�� will be attractedby somedata

Proc deriveDensityTree(�	�
�
�
�����
������������� )
splitQueue.add(�����
�������
������������� )
while (!splitQueue.isEmpty())

spTree= splitQueue.extract()
parentTree= spTree.parent
node= splitTree(spTree)
if (parentTree== NULL) then root= node
else parentTree.addChild(node)
end if
if (node.type== CLUSTERTYPE) then

c = node.serialize()
clusters.add(c)

else // node.type==COLLECTIONTYPE
for eachchild �� �������� of nodedo

chTree.parent= node
node.remove(chTree)
splitQueue.add(chTree)

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

currentDistance=cut.distance
if (splitable(!"� .tree,tree))then

cut.parent.remove(cut.tree)
®nished= true

end if
end if

end while
if (cut== null ) then return tree
else

collection= new DensityTree(collection)
collection.addChild(cut.tree)
collection.addChild(tree)
return

end if
End Func

Figure3: Algorithm DHC.

C1

A0

C2

O2

O1

A0

C1 O1 O2

C2

(a)Embeddedcluster (b)Highly intersectedcluster

Figure4: An exampleof embeddedclusterandhighly in-
tersectedcluster.

object *"# andbecomeoneof the childrenof *$# . Figure
5(a) demonstratesthe generatedattractiontree. After the
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Figure5: Attractiontreeandderiveddensitytreeof �
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and
� � .

� 
�� ,�� 


�


�. 	�,/��� process,��� will be identi�ed asa dense
areaandsplit away from theattractiontreefrom edge
���# .
The derived densitytreeis demonstratedby Figure5 (b).
Ascanbeseen,theembeddedclustersandintersectedclus-
tersaretreateduniformly.

Moreover, the resultof DHC canbevisualizedas a hi-
erarchical structure. Comparingto someconventionalhi-
erarchialapproaches,the two treeapproach(densitytree
andattractiontree)is easierto understand.First, theden-
sity treesummarizesthe clusterstructureof the dataset,
sothereis noneedto cut thedendrogram.Second,instead
of putting all dataobjectsat the leaf level, DHC putsthe
medoidat thetreeroot to representthe“core” of theclus-
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”. Therefore,the
attractiontreefor eachclusterclearlydisclosesthe inner-
clusterstructure.Third, dueto the low densities,outliers
areattractedat theleavelevel of theattractiontree.A post-
pruningprocesscanbeappliedto discardtheoutliers.We
canleavetheuserto settheprunethresholdandthusretain
the�e xibility of judgingtheoutliers.

4 Experimental Results

WetestalgorithmDHC onrealdatasets.Limited by space,
we only reporttheresultson two typical realgeneexpres-
siondatasets:(1) theIyer'sData[10], whichcontainsgene
expressionlevelsof � ��� humangenesin responseto serum
stimulationover ��Z timepoints;and(2) theCho'sData[5],
which hasbeenpreprocessedto remove duplicategenes
andgenespeakingduringmultiple phases.It contains�����

geneexpressionpatternsduring thecell cycle of the bud-
ding yeastS.cerevisiae. Thosetwo datasetsarepublic on
thewebandhave becomesortof thebenchmarkdatasets
for clusteringanalysisof geneexpressiondata.

In [6], Eisenet al. partitionedthe Iyer's dataset into
��� clustersaccordingto the geneexpressionpatterns.In
[5], Cho et al. listed the functionally characterizedgenes
whosetranscriptsdisplayperiodic�uctuation. Five puta-

tive true clusters,which arethe setsof early G1-peaking,
late G1-peaking,S peaking, � � peakingand M peaking
genesarereportedathttp: //171.65.26.52/yeastcell cycle/
functionalcategories.html.We usethe above partition as
the groundtruth to testandcomparethe performanceof
DHC with thoseof otherclusteringalgorithms.

The algorithmsareimplementedon a Sunworkstation
with a ��� � MHz CPUand Z���� MB mainmemory.

4.1 Experiments on the attraction tr eesand
the density tr ees

Figure6 is thedensitytreegeneratedby DHC ontheIyer's
dataset. It contains8 clusters(i.e., the � leaf nodeswith
framesin the �gure). We comparethe � clusterswith the
groundtruth. Eachclustercorrespondsto a clusterin the
groundtruth. We will provide moredetailedresultslater.
To illustrate the attractiontree, we plot Figure 7, which
shows theattractionsub-treeof cluster� . Theclustercon-
tains13genes,while gene517is themedoidof thecluster.
As shown in the�gure, genesat thesecondlevel (i.e.,gene

�
	������ �����
� ���O�
� �����
� ��� ) aredirectlyattractedby gene� ��� ,
andothergenesareindirectly attractedby gene517. The
leaf nodesin thetreerepresentthegenesforming thebor-
derof thecluster.

Figure6: Thedensitytreeof theIyer'sData.

g517

g498  g505 g514 g515 g516

g510 g511 g506 g502 g513

g494 500

Figure7: A attractionsubtreeof cluster� in theIyer'sdata.

Figures6 and7 alsodemonstratehow theclusteringre-
sultsin DHC canbe visualizedat two levels. The higher
level, the densitytree,shows a comprehensive pictureof
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the clusterstructurein the dataset. Whena useris inter-
estedin a clusteror a densearea,shecango to the lower
level, thecorrespondingattractionsubtree,whichdiscloses
the inner-clusterstructuresof dataobjects. The medoid
of the cluster, which representsthe expressionpatternof
thewholecluster, sitsat theroot of theattractionsub-tree.
Whenthetreelevel goesdown, dataobjectslocatefarther
andfartheraway from themedoidof thecluster.

4.2 Identi�cation of interesting patterns
fr om noisydata

As mentionedabove,a goodclusteringalgorithmfor gene
expressiondata must be robust to noise and be able to
automaticallyextract importantgenesandinterestingpat-
ternsfrom noisydatasets.As discussedin Section2, most
distance-basedalgorithmsmaycorruptwith 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 experimentalresultssuggestthat the
densitytreestructureremainsrobustandtherootof theat-
tractionsubtreefor eachclusterstill preciselyidenti�es the
correspondingpatternof interest,thoughin a highly noisy
environment(e.g., � fold noisespresents).

In this experiment,we measurethe patternsidenti�ed
from theoriginal Iyer's data.Then,we addonefold, three
fold andeightfold noises(permutationof realgeneexpres-
siondata)to thedataset.Wecomputetheaveragepro�les
of the ��� clustersgiven by the groundtruth as the stan-
dard patterns, andtesteachclusteringmethodthe ability
to identify thosestandardpatterns.

Suppose�

�

� � �

6

�

.[.\.

� ��� ( is the set of resulting
clustersfrom algorithm � , and � � � 0
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�

.\.[.

� 0�� ( is
thesetof standardgeneexpressionpatternsin theground
truth. First, we computethe average pro�le �0 � for each
cluster � � , and �nd the mostsimilar standardpattern 0

�

that �0 � matches. If a set of averagepro�les �0

�

� , �0

�

,

,

.\.[.

, �
0

�

V matchesthe samestandardpattern 0

� , we select
the one with the highestsimilarity with 0

� as 0

� 's esti-
matepattern. Then, we examinethe similarity between
eachstandardpattern 0

� and its estimatepattern �0

� . If
]

,�� , ��� � ,/���
	 0

�

�
�

0

��


" �

.

	 , we call the standardpattern
0

� is identi�ed by theestimatepattern �0

� .
In Figure8, we highlight theidenti�ed patternsin bold.

Thevalueof eachcell is thesimilarity betweeneachstan-
dardpatternand its estimatepatternw.r.t. differentclus-
tering algorithms. � 0�� meansthe numberof standard
patternsidenti�ed by thealgorithm. For theoriginal data,
our algorithmidenti�ed all patternsexcept 0
	 and 0�� . 0
	

wasnot identi�ed by any otherclusteringalgorithms,ei-
ther. 0
� was only barely identi�ed by K-means. When
noiserate increases,the behavior of distance-basedalgo-
rithms becomeworse,andlessandlessstandardpatterns
canbe identi�ed. However, DHC successfullyidenti�es
signi�cant andinterestingpatternsreliably.

4.3 The robustnessto the parameters

In thefollowing experiments,we testtherobustnessof our
algorithmagainstdifferentsettingsof parameters.Our al-
gorithmhastwo parameters,thesimilarity threshold3 and
the minimum numberof objectsthreshold+4,/.10��2	 . We
testthemining resultsw.r.t. variousparametersettingson
Cho'sdata.

Firstwetestthenumberof resultedclustersunderawide
rangeof paramtersettings.Our experimentshows thatthe
numberof clustersreportedby DHC doesnotchangemuch
whenwe changethe valueof the similarity threshodand
theminimumnumberof objectthreshold.Next, wetestthe
qualityof themining resultin termsof FM index w.r.t. the
parameterssettings.As shown in Figure9, theFM index
valuesarenotsensitiveto theparametersettings.Thesere-
sultsstronglycon�rmed thatDHC is robustw.r.t. theinput
parameters.
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(a)FM index vs. ����������� (b) FM index vs. ����������� .

Figure9: Thesensitivity of clusteringresultsw.r.t. the in-
putparameters.

4.4 Scalability

Wetestthescalabilityof ouralgorithmby addingnoisesto
the Iyer's data. The experimentalresultsshow that DHC
canprocess� �/����� � geneexpressionsin about � � � � � sec-
onds. It veri�es that DHC is scalablein processinglarge
geneexpressiondatasets.Limited by space,thedetailsare
omittedhere.

5 Conclusions

Clusteringtime seriesgeneexpressiondatais an impor-
tant task in bioinformaticsresearchand bio-medicalap-
plications. Althoughsomemethodshave beenadaptedor
proposedrecently, severalchallengesremain,includingthe
interpretabilityandvisualizationof the clusteringresults,
the robustnessof the mining resultsw.r.t. noise,outliers,
andglobalparameters,andhandlingclusterswith arbitrary
shapeandstructures.

In this paper, we proposeDHC, a density-basedhierar-
chicalclusteringmethod.DHC �rst organizesall objectsin
a dataset into an attractiontreeaccordingto the density-
basedconnectivity. Then, clustersand denseareas(i.e.,
collectionsof clusters)areidenti�ed.
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Noise Fold Methods Noise Fold Methods
S O M K-Means CAST D H C S O M K-Means CAST D H C

C1 0.980 0.972 0.954 0.992 C1 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
C8 -1.0 0.962 0.999 0.970 C8 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 thenoise-addedIyer'sData.

As veri�ed by our empiricalevaluation,DHC is clearly
more robust than sometypical methodsproposedprevi-
ously, in termsof handlingnoise,outliers, structuresof
theclusters,anduser-speci�edparameters.Moreover, the
clusteringresultsfrom DHC �ts the ground truth better
than most of the previously proposedmethodsin many
cases.As a distinct feature,themining resultsfrom DHC
canbevisualizedandinterpretedsystematically. All these
featuresmake DHC a desirablemethodfor bioinformatics
dataanalysis.
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