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Abstract

Lowering computationalcost of data analysisand vi-
sualizationtechniquesis an essentialsteptowards includ-
ing the userin the visualization. In this paperwe present
an improvedalgorithmfor visual clusteringof large multi-
dimensionaldata sets. The original algorithm is an ap-
proach thatdealsef ciently with multi-dimensionalityising
various projectionsof the data in order to perform multi-
spaceclustering pruningoutliers throughdirectuserinter-
action. Thealgorithmpresentedere, namedHC-Enhanced
(for Human-Computeenhanced)addsa scalability level
to the approach withoutreducingclusteringquality. Addi-
tionally, an algorithm to improve clustes is addedto the
appmoad. A numberof testcasesis presentedvith good
results.

1 Intr oduction

Clustering large multi-dimensionaldata sets presents
two major problemsbesidesgeneratinga good cluster
ing: scalability and capacity for dealing with multi-
dimensionality Scalabilityusuallymeandinearcompleity
(O(n)) or better(O(nlogn), O(logn), etc.). For highly
interactve systems,such as visual clusteringtechniques
[1, 11, 16], scalabilityis critical. Algorithms with linear
compleity but high constant(O(kn), k constant)are not
suitablefor suchsystemsinteractivenesss akey issuethat
mustbeincludedin visualmining technique$20], thusthe
responséime mustbeaslow aspossible.

Treating multi-dimensionalityis also a very dif cult
task. Theresearchdonefor tacklingthis problemarebased
in threeapproachessubspacelustering,co-clustering4],
andfeatureselectio19]. Theseapproachearefocusedon
solving the problemknown asthe “dimensionalitycurse”,
which is the incapacityfor generatingsigni cative struc-
tures(patternsor models)from high dimensionaldata. For
clusteringalgorithmsin mostcaseghis meangnorethanl5
dimensiong4, 5].
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Subspacelusteringrefersto approacheshat apply di-
mensionalityreductionbeforeclusteringthe data.Different
approachesor dimensionalityreductionhave beenlargely
used,suchasPrincipal Component#nalysis (PCA) [12],
Fastmap[7], SingularValue Decomposition(SVD) [17],
andFractal-basetechniqueg13, 15. We have alsodevel-
opedanoveltechniquenamed\easest-NeighboProjection
(NNP) for multi-dimensionaldataexplorationon bidimen-
sional spaceq18]. For all theseapproachesthereis no
warrantyof dimensionalityreductionwithoutloosingacon-
siderableamountof informationandthey arelikely to nd
differentclusterscin differentprojectionsof the samedata
asshavn in theliterature[1, 2, 3]. Thus,clusteringin pro-
jectedsubspacesouldleadto a poorresultof theclustering
process. Additionally, clusteringquality evaluationis de-
pendenbntheapplication.Thesearethereasonavhy gen-
eratingagoodclusteringfor anspeci c applicationcannot
be achievedwithout directuserinterferenceVisualcluster
ing techniquesxploit this fact by replacingusually costly
heuristicswith userdecisions.

Besideghesefacts,it is alsovery desirabldor clustering
approacheso provide mechanismgor handlingoutliers®
andto de ne a metricfor determiningwhethera clusteris
consistentvith theuserresponses.

Table1 summarizeshefeaturesof the mostrepresenta-
tive approachesf the variousfamilies of clusteringalgo-
rithms?2. Aggarwal's IPCLUS algorithm[1], accomplishes
almostall therequirementsnentionedabove. However, IP-
CLUS cannotbe appliedto very large datasetsdueto the
costlyprocessessedfor projectingthedataandestimating
thedensity

In this work we have developedmechanismsor reduc-
ing the time spentin thoseprocessesThosemechanisms
wereintroducedn differentstepsof thealgorithm.

Resultsdemonstrata processindime reductionof 50%
to 92%, aswell as clusteringimprovementin somecases
andsameclusteringquality in all the others.Thisimprove-

linstanceshatcannotbeincludedin ary cluster
2Seethe work by Berkhin for details on most clusteringalgorithms
foundin theliterature[4].



Scalability | Multi-dimensionality
g

Arbitrary Shape| Outliers | UserInteraction | Metric

Birch [21]

Chameleorj14]

Cure[10]

T D

T T
©

Bubble[9]

©

Orclus[3]

©

DBScan[6]

©

IPCLUS.[1]

©

©

HD-Eye[11]

T P D
T P T
T T

Table 1. Features of representative clustering

mentwas measuredising the information available about
the clusterto which eachinstancebelongs.Software,code,
anddocumentatiomreopenandavailable.

In the next sectionwe detail the IPCLUS algorithm. In
Section3 we discussHC-Enhancedwith highlight on the
improvementscarriedout. In Section4 we presenthe re-
sultson processingime and quality of the clusteringgen-
erated.Finally, Section5 is devotedto presentour conclu-
sionsandfuturework.

2 ThelPCLUS algorithm

IPCLUS is a visual density-basedlgorithm that em-
ploys multiple projectionsto clusterthe dataadmitinguser
interactionfor handlingoutliersanddeterminingwhenthe
processmuststop (i.e. whenall signi cant clusterswere
discovered).

Thealgorithmcanbe summarizedsfollows:

1. Sampld randomicdatapointsa; andobtaintheir
r-neighborhooM ;.

. NormalizethegroupsM ; to obtainthe groupsO; .

3. Determinea bidimensionakubspac& wherethegroups
M ; form well de ned clusters.

. Projectthedatain subspacé.

. Estimatedensityin subspacé&.

. Specifyanoiselevel wheretheoutliersarenot
includedin clusterscreation.

. Createandstoretheclustersfor currentprojection.

8. Repeastepsl through7 until all clusterswvere

identi ed.
9. Createnal clusters.
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User interactionis necessanguring steps6é and 8. In
step6 theusermustdeterminethe valueof throughtech-
nigueslik e cutting planes.In step8 the userdecidesfrom
the visualizationof the resultsof previousiterations,when
all the groupswere probablyidenti ed andthe algorithm
muststop. This alsowill hold for theimproved versionof
thealgorithmproposedn this paper

algorithms.

Eachof thel M ; groups,wherel is the numberof an-
chorsa; de ned by the user is formedby the instancesn
ther-neighborhoodf a; (i.e., the resultof a rangequery
with centera; andradiusr, wherer is userde ned). These
groupsarenormalizedsuchthattheir centroids® z; become
0. Thisis achieved subtractingz; from all instancesn M ;
generatinga normalizedgroupO; .

Thebidimensionakubspac& whereM ; form well de-
ned groupsis that wherethe mggnentof all O; is mini-
mal. Thatis, the subspacevhere ::1 (Oj) is minimal,
where (O;) isF;he momentof O; de ned by the expres-
sion (O;) = }‘:1 d(z%m;). d(z%m;) is the distance
betweerthe centroidz? of O; andtheinstance(m;). This
is equalto minimizing ([ |-, O;).

It wasprovenby Joliffe [12] thatthe d-dimensionakub-
spacewhere a group of datapoints G hasthe minimum
momentis given by the d eigervectorsassociatedo the
d smallereigervaluesof the covariancematrix of G. That
is, the d smallercomponentsesultingfrom applyingPCA
(PrincipalComponenténalysis)[12] to theset[ |_, O;*.

IPCLUS usesthis resultto nd the subspaces, incre-
mentallydecreasindpy a half thedimensionalityof thedata
set.

Oncethe subspaces hasbeendeterminedthe dataset
is projectedontoit, andthedensityf is estimatedusinga
Gaussiarkernelestimator:

= L% pl
P~ hhd 2 h

(x x)?

e 2h?2

1)

wherex; is thei!" datapoint, h is the smoothingfactor n
the numberof instancesn the dataset,andx represents
pointin thebidimensionalCartesiargrid wherethe density
is stored.

The densityestimationis mappednto a heightmappre-
sentedto the user The userthenspeci esa valuefor the
noiselevel suchthatthe outlierswill not beincludedin
the clusterscreationfor the currentiteration (projection).
As mentionedbefore, this is done using interactiontech-
niguessuchascuttingplanes Eachclusteris assignedvith

3Thecentroidof a groupcouldbe thoughtasbeingits centerof mass.
4InourcaseG=[!_, O;.



anidenti er thatwill beaddedto thel D String of eachin-
stancebelongingto that cluster Thel D String of anin-
stancestoresthe identi ers of the clustersto which thein-
stancebelongsin the differentiterations(projections).

Oncetheuserdecidegbasednthevisualizationhatall
theclusterscouldhave beenidenti ed, the nal clustersare
createdsearchindgor propersubstringsDetailson the han-
dling of IDStringscanbe foundin the work thatdescribed
IPCLUS([1)).

The next sectionpresentghe changegperformedto this
algorithm,in orderto seekimprovementof processindime
andof clusteringquality.

3 The HC-Enhancedalgorithm

Theimprovementgperformedon the IPCLUS algorithm
leadto the HC-EnhancedTheimprovementsveredirected
to threemain processesthe rangequeriesperformedfor
forming the groupsM ; (step 1), the searchingfor sub-
spaceS (step3), andthe densityestimation(step5) which
is thekey point of theimprovementin scalabilityobtained.
Within step3 we alsointroducea mechanisnfor improving
projectionsin casesvherethe groupscannotbe identi ed
clearly.

3.1 Stepl- Rangequerieswith Omni-sequential

TheOmni-sequentiak partof afamily of datastructures
proposediy Santoset al. [8] thatexploits the factthatthe
intrinsic dimensionality of realdatasetsis usuallyconsid-
erablylow.

The Omni-concepts the baseof suchfamily, which ba-
sicallyis acoordinatdransformatiorio the socalledOmni-
foci base. This baseis asetF = ffq;f,;:::;;fkg of in-
stancedelongingto themetricdatasetto beindexedcalled
foci or focal points. Usingthis base the Omni-coordinates
arecalculatedfor eachinstance.The Omni-coordinate®f
aninstances arethedistancedbetweers andeachf ;.

Theresultof usingthe Omni-concepis twofold. First,
the indexing bene ts from this “dimensionalityreduction”
allowing the datastructureto index high dimensionadata
setawithoutsufferingfrom the“dimensionalitycurse”.Sec-
ond, when a range query is performed, a considerable
amountof distancecalculationss prunedasshown in Fig-
urel.

It is possibleto usethis concepttogetherwith ary data
structure.However, whenfew queriesareperformed(asin
our case)pomni-sequentiasufces.

5The dimensionalityof the spaceactuallyoccupiedby the data(a line
in R" hasintrinsic dimensionalityequalto 1).
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Figure 1. A range query with center sq and ra-
dius rq. The shado w illustrates the instances
returned from the pruning. (a) Using one fo-
cus fi. (b) Using two foci f; and f».

3.2 Step3 - Finding and improving the polariza-
tion subspace

In the step3 of theIPCLUSalgorithm,a subspacé& (the
polarization subspacg must be found throughincremen-
tally decreasinglimensionalityby half and projectingthe
dataset. ThatwasdonehereusingPCA.

In some polarization subspaceshe groupscannotbe
identi ed clearly Thus,we proposedan approachfor im-
proving suchprojections[18]. In Figure 2 we show that
thiswill generate betterprojectionwhenappliedto there-
sultsof techniquesuchasFastmap[7] or PCA[12]. The
techniqueis called the Force schemeandis basedon ap-
proachingpointsthatshouldhave beenprojectedcloserand
repellingpointsthat mustbe further apartfrom eachother
(seeFigure?).

This approactcanbeusedinteractively by the userover
the projectiongeneratedn eachiteration (within step3 of
thealgorithm),generatinga new projectionand,thus,anew
densitymap. The improvementin densitymapgeneration
is describedn next subsection.

3.3 Step5 - Density estimation

This stepis thecritical pointof thealgorithm.Every pre-
vious stepsof the algorithmhascompleity O(kn), where
k is a constantandn the numberof instances.However,
contraryto all othersteps,in the densityestimationk is a
high constant(the numberof grid pointsthatwill hold the
density).

We proposean approachfor reducingthe constantk
basedn theindividual contribution of eachinstanceto the
densityaccumulatedn thegrid points.

In Figure3 we presenthecontribution f"‘b of aninstance
X; in thecalculationof the densityestimatiorin agrid point
x asafunctionof thedistancebetweerx andx; for different
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Figure 2. Improvement of a projection of
a synthetic dataset of 15 5-dimensional in-
stances. (a) lteration 1. (b) Iteration 13. (c)
Iteration 25.

valuesof thesmoothingactorh. Suchcontributionis given
by the expression:

f/\i _ pl_e (Xthzi)Z (2)
P T2
We can seethat, after somedistance,and depending
on the smoothingfactor, the contribution of instancex; to
the calculationof the accumulatedlensityin the grid point
couldbengglected.
Dueto thefactthatthedatasetis normalizedo therange
[0; 1] in all dimensiongluringtheprojection thesmoothing
factorh is betweerD andl, beingthatfor thedatasetstested
the optimal h factorfrom the formula presentedy Joliffe
[12] isabout0.1. We canseethat,for thecaseof theoptimal

(@) (b)

Figure 3. Contrib ution of an instance x; in the
calculus of the density accumulated in a grid
point x as function of the distance d between
x and x; for (@) h= 0;1and (b) h= 0;3.

valueof h (0.1), the contribution of aninstanceto the cal-
culusof the densityaccumulatedn a grid point decreases
rapidly asthedistancencreases.

Thus, we de ne a neighborhood of the grid cells for
which aninstancewill be consideredn the calculusof the
densityaccumulatedn them.

The approachproposedor calculatingthe densityesti-
mationis asfollows.

For eachinstancex; with bidimensionatoordinateix
andxiy .
1. indexy = bxj :mc.
2. indexy = bxj :mc.
3. Checkfor boundaryconditions
(indexyx + v+ 1> m,
indexy Vv < 0,indexy+ v+ 1>m,
orindexy v < 0).
4. Accumulatethe contribution of x; for all grid
pointswith index in therange
[indexyx v;indexy + v+ 1;
indexy v;indexy + v+ 1]

Herem indicateghenumberof samplef thegrid (i.e.,for
agrid30 30, m = 30) andv is theneighborhood.

Theoriginalapproachpresentedherefor comparisonis
asfollows.

For eachgridpointx
For eachinstancex;
Accumulatethe contribution of x; for x.

The optimal neighborhooddependson the number of
samplesm of the grid, as well asin the precisionp re-



guiredandthe smoothingfactorh. The precisionindicates
the minimum contribution thataninstancemustprovide to
the accumulatediensityin a grid point for it to be consid-
eredrelevantfor suchgrid point.

Suchrelationis givenby the expression:

4 ——p—
v=m 2h2In(p 2 h) 3)
directly derivedfrom equatiorn?.

Figure4 shaws the resultsof densityestimationfor dif-
ferent neighborhoodss for the Iris data set over a grid
30 30. We canseethatwith aneighborhooaf v = 5 (the
optimalneighborhoods v = 5 for a precisionof 0:008) the
densityestimatiorapproximateshedensityestimatedising
all grid pointsasthe neighborhoodoriginal approach).

In the next sectionwe presentthe resultsod applying
boththe IPCLUS andthe HC-Enhancedhlgorithmsto dif-
ferentdatasets.

4 Results

In Figure5 we presentacomparisorbetweertheresults
obtainedwith theoriginal IPCLUS algorithmandthoseob-
tainedwith the modi ed versionHC-Enhancedn termsof
processingime for differentsizesof the dataset. Thetests
wereperformedon a PC computemwith a AMD Athlon 1.0
GHz processoand1.0 GB of memory

We canseeaconsiderablgainin processingime. These
resultswhere obtainedwithout loss in the quality of the
clustering. Thus HC-Enhanceds a more interactive and
scalableversionof the IPCLUS algorithm, which wasthe
maingoal of this work.

The algorithmswere also appliedto the Iris and IDH
datasets,as well astwo syntheticdatasetsof 1000 10-
dimensionaland 10000 50-dimensionalinstancesrespec-
tively, andto a quadrapeddatasetwhich aredescribede-
low 6.

The Iris datasetis formed by 150 4-dimensionalin-
stance®f threeclasse®f plantsclassi ed accordingto the
sepalengthandwidth, andthe petallengthandwidth. This
datasetis usually separatedy the clusteringalgorithms
in two clusters. One of them formed by the instancesof
the rst classof plantsandthe otherby the two remaining
classes.Using the IPCLUS and HC-Enhancedalgorithms
the rst clusteris formed by the 92% of the instancesof
the rst class,whilst the secondclusteris formed by the
85% of the instance®f the secondandthird classes.lt is
importantto noticethattherewereno falsepositivesin the
clusters.Thisresultis usuallyobtainedwith mostclustering
algorithms. Besidesthesetwo clusters the HC algorithms

6All datasetswith the exceptionof Synt10dandSynt50d weretaken
from the Machine Learning Repositoryof the University of California,
Irvine (http://wwwics.uci.edu/"mlearn/MLR®sibry).
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Figure 4. Density estimation for the Iris data
set over a grid 30 30with neighborhood (a)
v=2(b)v=3(c)v=>5and (d) v= 30

returna clusterformedby 86% of the instance®f the sec-
ond classof plants. Thus, it is possibleto infer thatthere
exist threeclasse®f plantsin thelris datasetandthattwo



Figure 5. Performance comparison between
IPCLUS and HC-Enhanced with data sets of
diff erent sizes and 15 dimensions.

of themareverysimilar. Thisresultcannotbeobtainedwith
anotherclusteringalgorithm. The HC algorithmsarecapa-
ble of presentinguchresultdueto the natureof thecreation
of the nal clustergprocesdasedon multiple projections.

ThelDH datasetstoresdataof 173 countriesrelative to
their quality of life. This datasethas9 dimensionsplus
therankingof eachcountry which wasnotincludedduring
thetests.The IPCLUS andHC-Enhancedlgorithmssepa-
ratedthis datasetin two clusters.The rst onewasformed
of the rst 25instancesn the ranking. The secondcluster
wasformedby theinstance€8to 173 In Figure6 we can
noticethatthis resultis in accordancevith the distribution
of the data. Therewasonefalsepositive in the rst cluster
and4 and9 falsenegativesin the rst andsecondclusters
respectiely.

Figure 6. Delaunay triangulation of the
Fastmap projection of the IDH data set. The
height and color map the ranking of the coun-
try, being that the best ranked is mapped as
blue-lo w and the worst ranked as red-high.

The rst syntheticdataset, Synt10d,was createdwith
1000 10-dimensionalinstancesorming 4 groups,two of
them considerablycloseto eachother and 20% of noise.
Applying IPCLUS andHC-Enhancedo this datasetled to
the following results: four clusterswere obtained the rst
of themwith 88% of the original instance®f the rst syn-
thetic group,the secondwith 100% of the instance®f the
secondsyntheticgroup,thethird with 88% of theinstances
of thethird synthetiogroup,andthefourthwith 100%of the
instance®f the last syntheticgroup,nonepresentingalse
positives. Thesecondandthird groupspresentedalseneg-
ative becausehey weretoo closeandthe instancesn the
boundariesvereassumedo be noise. Normally, only one
clusterwould be generatedrom thesetwo groups.

This resultwasimproved using the Force schemepre-
sentedn subsectiorB.2. Theresultingclusteringpresented
98% (96% 100% 96%, 100% for groupsl to 4 respec-
tively) of accurag on averageafterimproving the projec-
tion usingsuchscheme.We canseein Figure 7athe four
groupswith two of themtoo closeto eachother In Figure
7b we shav the improved projection,wherethosegroups
wereseparated.

(@

(b)

Figure 7. Delaunay triangulation and density
estimation calculated over the (a) original and
(b) improved projections of a synthetic data
set of 100010-dimensional instances used for
testing the algorithms.



A secondsyntheticdataset,Synt50d ,of 10000instances
and 50 dimensions,was createdwith three groups and
testedwith both algorithms. Ir resultedin a precisionof
99:9985% 99:9973%and 100% for the threeclustersre-
spectvely.

Finally, a datasetformedby 96487instancegroupedn
four classe®f quadrapedédogs,cats,giraffes,andhorses)
was also usedto test both algorithms. Both algorithms
generatedour clusters. The rst of themwasformedby
90:80% of the instancef the rst class(dogs). Fromthe
25521 instancesncludedin this cluster 3480 were false
positivescorrespondingo the seconcclass(cats). The sec-
ond clusterwas formed by 70:24% of the instancesrom
to the secondclass(cats). The third clusterwas formed
by 67:92% of theinstancesorrespondingo thethird class
(horses).Finally, thefourth clusterwasformedby 33:86%
of theinstancedrom to thethird class(giraffes). Neitherof
the latter threeclusterspresentedalsepositives. 30:875%
of the instancesof the original data set were considered
noise.This datasetis typically dif cult to cluster

Tables2 and 3 summarizetheseresults, presentinga
comparisorbetweenthe algorithmsin relationbothto the
processindime andthe quality of the clustering.

IPCLUS
Data set Average Time False False
precision positives | negatives
Iris 87, 667 0; 97s 0 19
IDH 91; 907 1; 10s 1 13
Synt10d 94; 0 6; 42s 0 60
Synt50d 99; 9986 72;59s 4 10
Quadrapeds|| 65;518 391, 21s 3480 29670

Table 2. Results of the IPCLUS algorithm on
diff erent data sets in terms of precision and
processing time.

HC-Enhanced
Data set Average Time False False
precision positives | negatives
Iris 87, 667 0; 14s 0 19
IDH 91,; 907 0; 14s 1 13
Synt10d 98; 0 0; 93s 0 20
Synt50d 99; 9986 | 20;26s 4 10
Quadrapeds|| 65;518 201; 5s 3480 29670

Table 3. Results of the HC-Enhanced algo-
rithm on diff erent data sets in terms of pre-
cision and processing time.

We can notice that the only datasetto which it was
necessaryo applytheprojectionimprovementprocessvas
Synt10d.Thedecisionof usingsuchimprovementwasbe-
causeof the visual resultspresentedo the userduring the
processin whichit waspossibleto seethattherewereclus-
terstoo nearto eachotherthatshouldbeseparatedTherest

of the datasetspresentedvell de ned clustersin the orig-
inal projectionsor, in the caseof the Quadrapedslataset,
the metric usedwasnot suitablefor separatinghe two last
clustersdueto the factthatthey were“overlapped”in the
Euclideanspacelt alsoaffectedthe performancef theal-
gorithmsin termsof processingime, consideringhatit was
the only casewherethe improvementin the performance
wasbelov 70%

5 Conclusion

Theimprovementdo the IPCLUS algorithmreportedn
this paperled to HC-Enhancedan algorithmwith a better
degreeof scalability Thegainin processingime obtained
from theseimprovementds considerablyhigh. This reduc-
tion exceededB7% in mostof cases.Therewereonly two
data setsthat presentedmprovementsof 50% and 70%
The quality of the clusteringgeneratedy the original al-
gorithm was maintainedandthe interactvenesf the ap-
proachwasimproved.

The inclusion of fastermechanismdor projectingthe
datais necessarfor obtainingalargerreductionin the pro-
cessingime.

It is alsoimportantto mentionthat one of the main dif-

culties foundin the density-basedlusteringis the treat-
mentof categyorical dataandnon-continuouslata. The ex-
tensionof the HC-Enhancedalgorithmfor clusteringcat-
egorical datais a work that shouldbe approachedn the
future.
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