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Abstract
Datamining techniquesareincreasinglygainingpopularityin variousscien-

tific domainsasviable approachesto the analysisof massive datasets. In this
chapter, wedescribeourexperiencesin applyingdataminingto aproblemin as-
tronomy, namely, theidentificationof radio-emittinggalaxieswith abent-double
morphology. Until recently, astronomersassociatedwith theFIRST(Faint Im-
agesof theRadioSky at Twenty-cm)survey identifiedthesegalaxiesthrougha
visualinspectionof images.While thismanualapproachhasbeenverysubjective
andtedious,it is alsobecomingincreasinglyinfeasibleasthesurvey hasgrown
in size.Uponcompletion,FIRSTwill includealmostamillion galaxies,making
theuseof semi-automatedanalysismethodsnecessary. We describetheFIRST
datasetand the problemof identifying bent-doublegalaxies. We discussour
solutionapproach,focusingon thechallengeswe facein theapplicationof data
mining to a scientificdataset. We explain why, in contrastwith mostcommer-
cial dataminingapplications,datapreprocessingrequiresaconsiderableeffort in
scientificapplications.Usingdecisiontreeclassifiers,we describethework we
aredoingin thedetectionof bent-doublegalaxies.Our resultsindicatethatdata
mining techniques,steeredby properdomainknowledge,cangreatlyenhance
themanualexplorationof massive datasets.

Keywords: Datamining,astronomicalsurveys, radio-emittinggalaxies,roleof dataprepro-
cessing

1. Intr oduction

Datamining is a processconcernedwith uncoveringpatterns,associations,
anomalies,andstatisticallysignificantstructuresandeventsin data([KM00]
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andthereferencestherein). It is aniterative andinteractive processinvolving
datapreprocessing,searchfor patterns,andinterpretationof theresults.While
thereis broadconsensusonwhatconstitutesdatamining,thetasksthatareper-
formedin eachstepdependontheproblemdomain,theproblembeingsolved,
andthedataitself. Asexplainedlater, scientificdatasetspresentparticularchal-
lengesthat requirea carefultailoring of thedatamining tasksto theproblem
anddataset.

In this chapter, we describehow theSapphireproject[Sap]hasdefinedthe
tasksin dataminingtomaketheprocessmoresuitablefor addressingthediverse
needsof scientificandengineeringapplications.We discussour work in the
context of oneof thedatasetsweareanalyzingfrom astronomy, whereweare
interestedin identifying radio-emittinggalaxieswith a bent-doublemorphol-
ogy. Ourgoalin thiseffort is to replacethecurrentvisualinspectionof images
by a semi-automated,andhopefully moreobjective, approachbasedon data
mining techniques.Wediscussthechallengeswehave facedin trying to reach
thisgoal,andtheapproachwehavetakentoaddresssomeof theseproblems.In
particular, weshow thatdatapreprocessingis notonly crucialto thesuccessful
applicationof datamining, but canbea difficult andtime consumingtaskfor
scientificdata.

ThisChapteris organizedasfollows: Section2 describesourview of scien-
tific datamining,focusingin particularonthetasksthatarespecifictoscientific
andengineeringdatasets.Section3 describesourastronomydataset,namely
the FIRST survey, andoutlinesthe problemof detectingbent-doubleradio-
emittinggalaxies.Section4 providesdetailson theapproachwehave takento
minetheFIRSTdatasetfor bent-doubles,andthedifficultieswehave facedin
theprocess.Section5 reportsourresults,focusingontheimportantroleplayed
by the datapreprocessingstepin datamining. Section6 concludeswith our
observations,thelessonswe have learned,andplansfor futurework.

2. ScientificData Mining

Datasetsthatarisein variousphysicalsciencesandengineeringapplications
areusuallythe resultof computersimulations,observations,or experiments.
Thesedataaretypically in theform of signals(includingimages)or meshdata.
Often,oneor moretypesof datamaybeavailablefor aproblem,in whichcase
datafusionis requiredin orderto exploit all theinformationandmake amore
accuratedecision.

In light of theseobservations,our definition of datamining startswith the
raw dataand includesextensive preprocessing(Figure1.1). If the raw data
is very large, we may usesamplingand work with fewer instances,or use
multiresolutiontechniquesandwork with dataat a coarserresolution. This
first stepmayalsoincludedatafusion,if required.Next, noiseis removedand
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Figure 1.1. Datamining: aniterativeandinteractive process.

relevant featuresthatrepresentanddescribetheitemsof interestareextracted
fromthedata.Thesefeaturesmustnotonlyberobust, thatis, insensitivetosmall
changesin thedata,but alsobe invariantto scaling,translation,androtation.
At theendof this step,we have a vectorof featuresfor eachdataitem. These
vectorsarenormalizedto remove any skew resultingfrom possiblydifferent
units. Next, dependingon theproblemandthe data,we may needto reduce
thenumberof featuresusingdimensionreductiontechniquessuchasprincipal
componentanalysis(PCA)or its non-linearversions.After thispreprocessing,
the datais readyfor the detectionof patterns,throughthe useof traditional
techniquessuchasclassificationandclustering.Thepatternsobtainedarethen
displayedto thedomainscientistfor validation.

Thedatamining processis iterative andinteractive; any stepmayleadto a
refinementof oneor moreof theprevioussteps.To ensurethesuccessof data
mining, thedomainscientistshouldbeactively involved in all stages,starting
from the initial descriptionof the dataandthe problem,the identificationof
potentially relevant featuresand the training set (wherenecessary),and the
validationof theresults.

It mustbenotedthatseveralof thetasksin scientificdataminingareindepen-
dentof thedataor theproblem,while othersaremorespecificto thedomain.
However, for scientificdatain theform of signals,images,or meshes,thereis
ampleopportunityfor re-useof algorithmsandsoftware. For example,while
wavelet-basedde-noisingtechniquescanbeusedin generalto de-noisesignals
andimages,theparticulartypeof waveletusedmightdependon thestatistical
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propertiesof thedataandnoise,whichin turnis determinedby thesensorsthat
wereusedto collectthedata.Similarly, while decisiontreesmaybeusedin the
classificationof bothastronomyandsimulationdata,it mayturnoutthatneural
networksarebetterat classificationfor a particularproblemin astronomy. In
addition,techniquesthatmayhave beendevelopedfor onekind of data,such
assegmentationfor images,canbe appliedto a similar task in anotherkind
of data,suchassegmentationin meshdata. However, taskssuchasreading,
writing, anddisplayingdataaretypically very specificto the formatusedfor
thedata.

As part of the Sapphireproject, we are developing toolkits for eachof
thecomputationallyintensive modulesdescribedabove. This object-oriented
framework,writtenin C++,isdesignedtobemodular, with theability tohandle
bothsignalandmeshdatatypes.Furtherdetailsonthisprojectcanbefoundin
[Sap,KCP00,KBFT00].

Wenext describehow weareapplyingthedataminingprocessdescribedin
thisSectionto aproblemin astronomy.

3. The FIRST Survey

TheFIRST(FaintImagesof theRadioSkyatTwenty-cm)survey [BWH95] is
aprojectthatwasstartedin 1993with thegoalof producingtheradioequivalent
of thePalomarObservatory Sky Survey. Using theVery LargeArray (VLA)
at theNationalRadioAstronomyObservatory(NRAO),FIRSTis scheduledto
cover morethan10,000squaredegreesof the northernandsoutherngalactic
caps,to a flux densitylimit of 1.0 mJy (milli-Jansky). At present,with the
datafrom the1993through1999observations,FIRSThascoveredabout8,000
squaredegrees,producingmorethan32,000two-million pixel images. At a
thresholdof 1mJy, thereareapproximately90radio-emittinggalaxies,or radio
sources,in a typical squaredegree. Theresultswe presentin this chapterare
basedonthe1998versionof thecatalog, whichincludesdatafrom1993through
1997.

Radiosourcesexhibit awiderangeof morphologicaltypesthatprovideclues
to the sourceclass,emissionmechanism,andpropertiesof the surrounding
medium. Of particularinterestare sourceswith a bent-doublemorphology
asthey indicatethe presenceof clustersof galaxies,a key projectwithin the
FIRST survey. FIRST scientistscurrently usea manualapproachto detect
bent-doublegalaxies.They first look at theimageof a radiosourceto seeif it
couldbelabeledasabent-double.If twooutof threeastronomersagreethatthe
galaxyis abent-double,thenadditionalobservationsarecarriedout in orderto
studythebent-doublein moredetail.

Thisvisual inspectionof theradioimages,besidesbeingvery subjective, is
alsobecomingincreasinglyinfeasibleasthesurvey growsin size.Ourgoalis to
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bringautomationto thisprocessof classifyinggalaxiesby meansof techniques
from datamining.

Figure1.2 includesseveralexamplesof radiosourcesfromtheFIRSTsurvey.
Radio galaxiescan have rathercomplex shapes,as shown in examples(g)
through(l). While somebent-doublesarerelatively simplein shape(examples
(b) and(c)), others,suchastheonesin Figure1.3canberathercomplex. The
taskof automatingthedetectionof bent-doublescanbequitecomplex asseen
from thesimilarity betweenthebent-doublein example(b) andthenon-bent-
doublein example(d).

The datafrom FIRST, both raw and postprocessed,are readily available
on theFIRSTwebsite[FIR]. A userfriendly interfaceenableseasyaccessto
radiosourcesatagivenRA (RightAscension,analogousto longitude)andDec
(declination,analogousto latitude)positionin thesky.

Therearetwo formsof dataavailablefor use— imagemapsanda catalog.
In Figure1.3,weshow animagemapcontainingexamplesof twobent-doubles.
Theselargeimagemapsaremostly“empty”, thatis, composedof background
noise.Eachmapcoversanareaapproximately0.45squaredegrees,with pixels
that are1.8 arc secondswide. Theseimagemapsareobtainedasa resultof
processingtheraw datacollectedby theVLA telescopes.

In addition to the imagemaps,the FIRST survey also provides a source
catalog[WBHG97]. This catalogis obtainedby processinganimagemapby
fitting two-dimensionalelliptic Gaussiansto eachradiosource.For example,
thelowerbent-doublein Figure1.3is approximatedby morethansevenGaus-
sianswhile the upperone is approximatedby threeGaussians.Thereis an
upperlimit to thenumberof Gaussiansthatareusedto fit eachradiosource.As
aresult,highly complex sourcesarenotapproximatedwell usingjust theinfor-
mationin thecatalog.Eachentryin thecatalogcorrespondsto theinformation
on a singleGaussian.This includes,amongotherthings,theRA andDecfor
the centerof the Gaussian,the major andminor axes,the peakflux, andthe
positionangleof themajoraxis(degreescounterclockwisefrom North). Each
of thethreeentriesin thecatalogcorrespondsto oneof thethree“blobs” in the
image. Note that we differentiatebetweencatalogentriesandradio sources,
with a radiosourcebeingcomposedof oneor morecatalogentries.

4. Identification of Bent-Doubles

As illustratedin Figure1.3, we have dataat two extremes. On onehand,
wehave 200Gigabytesof imagemaps,whicharemainlynoise,with very few
“interesting”pixelscorrespondingto theradiosources.On theotherhand,we
have the 78 Megabytecataloginformation,whereeachentry containsinfor-
mationon only a partof a radiosource.Thefirst taskthereforeis to identify
whatconstitutesa radiosource,usingeithertheimagemaps,or thecatalog,or
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

(j) (k) (l)

Figure1.2. Exampleradiosourcesfrom FIRST(a)-(c)Bent-doubles.(d)-(f) Non-bentdoubles
(g)-(l) Complex Sources
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Figure 1.3. FIRSTData: ImagesMapsandCatalogEntries.

both. Oncewehave donethis,weneedto first identify thepotentiallyrelevant
featuresfor eachgalaxy, extract them,andthenusethemin the identification
of thebent-doubles.

In our work, we decidedthat initially, we would identify the radiosources
andextract the featuresusingonly thecatalog.This choicewaspromptedby
severalfactors:

Theastronomersbelieved that thecatalogwasa goodapproximationto
all but themostcomplex of radiosources.

It waseasierfor usto work with thecatalogasit wassmaller.

Processingthe relatively large imagemapsfor extractingrelevant fea-
turesfor thebent-doubleproblemwasexpectedto bedifficult andtime
consumingdueto lackof parallelimageprocessingsoftware.

TheFIRSTastronomersindicatedthatseveralof thefeaturesthey thought
wereimportantin identifying bent-doubleswereeasilycalculatedfrom
thecatalog.

In Section5, we commenton the effects of our decisionto useonly the
informationin thecatalog.

Sincewe decidedto work with thecatalog,our first taskin classifyingthe
bent-doubleswasto groupthecatalogentries,i.e. theelliptic Gaussians,into
radiosources.Our algorithmstartswith an entry in thecatalog,searchesfor
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otherentrieswithin a region of interestof 0.96arcminutes,restartsthesearch
from eachnewly foundentry, andrepeatsuntil nomorenew catalogentriesare
foundwithin theregion of interest.All catalogentriesfoundin thissearchare
collectedto formaradiosource.Next, thealgorithmrepeatstheentiregrouping
procedurestartingfrom thenext availablecatalogentry, excludingany entries
thatarepartof alreadyexisting radiosources.

In groupingthe entries,oncea new entry wasfound within the region of
interest,thesearchcouldcontinuefrom eitherthecenterof thenew entry, or
the centerof massof the entriesthat madeup the source. Our experience
indicatedthat thechoiceof thestartingpoint hadlittle effect on the resulting
grouping.

Notethatit isnotverydifficult tofindcaseswherethecatalogentriesfromone
radiosourcearewithin 0.96arcminutesof thecatalogentriesof adifferent radio
source.For example,Figure1.4with theimagecenteredatRA = ����������	
���
�����
andDec= ������������������� � (J2000coordinates),shows two radiosources,a bent-
doublein thelower left corner, anda ring-like structure,which is alsoa bent-
doublein the upperright corner. While theseradio sourcesmay be far from
eachotherin threedimensions,in a two-dimensionalprojection,they appear
closetogether. Suchexamplesillustrateoneof themany reasonswhythetaskof
automateddetectionof bent-doublesis aratherhardproblem.It alsoshowsthe
easewith whichhumanscanvisuallyidentify thetwoobjectsasbeingseparate,
a taskthatis difficult to automate.

Figure 1.4. An exampleimagefrom FIRST, illustratingtwo galaxiesclosetogether

After groupingthecatalogentriesinto complex radiosources,weseparated
thedatadependingon thenumberof catalogentriesthatmake up thesources.
Thereis adataseteachfor the1-entrysources,the2-entrysources,the3-entry
sources,andthe3-plus-entrysources.Thisseparationby thenumberof catalog
entrieswasdonefor several reasons.First, we knew that,usingfeaturesfrom
only the catalog,therewereunlikely to be any “bent-doubles”in the single-
catalog-entrysources.Thiswasbecauseasingleelliptic Gaussiancouldnotbe
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“bent”. Further, therearerelatively few 3-plus-entrysources,all of which are
“interesting”to theastronomers,regardlessof whetherthey arebent-doublesor
not. So,we simply flag themandreportthemto thescientists.This approach
alsohelpedus to addressthecasewheretherearetwo radio sourcescloseto
eachother, with eachcomposedof at leasttwo catalogentries.However, it did
notaddressthecasewheretwo disconnectedsources,closeto eachother, were
approximatedby two or threeGaussians.

Having removed the 1-entryandthe 3-plus-entryradio sourcesfrom con-
sideration,we furthersplit thesourcesinto two- andthree-entrysources.This
wasdoneasthenumberof featuresextracteddependsonthenumberof catalog
entries,andwe wanteda featurevectorwith a uniform length. However, this
alsomeantthatthesizeof thetrainingsetfor thedetectionof bent-doubleswas
now dividedinto smallertrainingsets.

For the1998catalog,thenumberof radiosourcesasafunctionof thenumber
of catalogentriesthey arecomposedof, is asfollows:������� �"!"#"$&%�'��
(*)�%,+ �&-,�/. )�#0+�#�12(,3�% +4 5*4
476
8�9: ;�<*4�5/;5 =
:"5
9;"> ;
6
?
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Oncetheradiosources(includingthetrainingset)wereseparatedbasedon
thenumberof catalogentriesin thegalaxy, wederivedthefeatureslistedin Sec-
tion4.1for thetwoandthreeentrysources.Next, usingtheappropriatetraining
set,wecreateddecisiontreesfor theidentificationof two-andthree-entryradio
sources.We rancross-validationexperimentsto estimatetheaccuracy of the
treeusingdifferentsubsetsof thefeatures.

4.1. Featuresfor Bent-Doubles

This sectiondescribesthe featureswe are using to discriminategalaxies
with bent-doublemorphology. Someof thefeaturesaredirectlytakenfrom the
FIRSTcatalogandothersarederivedfrom thebasicfeaturesin thecatalog.We
alsoincludea few “features”,suchasthe radiosourceID andpositionin the
sky, for bookkeepingpurposesonly.

Our focusis on featuresthatarescale,rotationandtranslationinvariant,as
thebent-doublepatternwe arelooking for, hastheseproperties.We arealso
interestedin featuresthatarerobust, that is, not sensitive to small changesin
thedata[Whi99]. Of course,it goeswithout sayingthatthefeatureswe select
mustberelevantto theproblem.

We identified the featuresfor the bent-doubleproblemthroughextensive
conversationswith FIRSTastronomers.As we askedthemto justify their de-
cision in identifying a radio sourceasa bent-double,it becameapparentthat



10

greaterfocuswasplacedon spatialfeaturessuchasdistancesandangles.Fre-
quently, theastronomerswould characterizea bent-doubleasa radio-emitting
“core” with oneor moreadditionalcomponentsat variousangles,which were
usuallyside-wakesleft by thecoreasit movedrelative to theEarth.

Wenext list someof thekey featureswecalculatedbasedonourcollaboration
with theFIRSTastronomers.A full list of featuresis describedin [FCPKT00].
Webroadlycategorizethefeaturesbasedon thenumberof catalogentriesthat
areusedin their calculation.

Featuresfor theradiosource

This includesfeaturesthat pertain to the entire radio source,suchas
thenumberof catalogentries,or bookkeepingfeaturessuchastheradio
sourceID (for trackingpurposes),or thehemispherefor theradiosource
(nothernor southern).

Featuresfor eachcatalogentry

Thisincludesfeaturespertainingtoasinglecatalogentry, suchasitspeak
flux, totalareaof theelliptic Gaussian,theellipticity of theGaussian,the
major andminor axes,etc. We also includethe positionangle,which
is theangle(in degrees)of the major axis,measuredcounterclockwise
from North. In Figure1.5, theanglesareindicatedby anarrow — for
entryB it is about�/��@ in theleft example,andabout AB�����DCE�/��FG@ in the
right example. Theangleis � for entry A in both examples.Note that
thepositionangleis not a robust featureasit is very sensitive to minor
changesin theimage.

Featuresfor eachpairof catalogentries

Thiscategory includestwo typesof features.In thecaseof two-catalog-
entryradiosources,thesearefeaturesrepresentingtheradiosource,such
asthetotalarea(thesumof theareasof thetwo Gaussians)andthepeak
flux (the larger of the two fluxes). In addition, thereare featuresthat
areobtainedby consideringcatalogentriestwo ata time. Theseinclude
relativedistancebetweentwo entries,andthepair-wisegeometricangle,
which is theangleformedby thepositionanglesof thetwo majoraxes,
ascalculatedgeometrically– angleAMB in bothexamplesof Figure1.5.
Wealsoincludetheabsolutedifferencein thepositionanglesof thetwo
entries,which is about H �ICJ�/� H @IKL�/��@ in the left example,andaboutH �MCN����� H @OKP������@ in the right exampleof Figure1.5. Note that this
featureis not robustto smallchangesin theimage.

Featuresfor eachtriple of catalogentries

In thecaseof three-entrysources,somefeatures,suchasthe total area
(sumof the areasof the Gaussians),representthe entire radio source.
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Figure 1.5. Two examplesof 2-entryfitted radiosources.

Othersincludevariousmeasurementsof angles,suchastheanglesub-
tendedby the largestsideof the trianglecreatedby the centersof the
threeGaussians[LBR Q 99], andtheanglesubtendedby thetwo sidesof
thetrianglethatareclosestto eachotherin legnth.

In thecaseof two-entrysources,thefeatureswerelistedin decreasingorder
of integratedflux for eachGaussian.Thefeaturesincludetheonesfor theradio
source,the onesfor eachcatalogentry and the onesfor the pair of catalog
entries. In thecaseof 3-entryradiosources,we includeall four categoriesof
featuresdescribedearlier. We alsoexploredthreewaysof orderingthe three
entries.Thesewerebasedon first identifying oneof thecatalogentriesasthe
“core” of theradiosource.Theoptionsweconsideredinclude:

I. Choosetheentrywith the largestintegratedflux asthecore. Orderthe
entriesas: A (maximumintegratedflux), B (secondlargestintegrated
flux), C (smallestintegratedflux). Notethatthis is a some-whatad-hoc
ordering,with no realastronomicalbasisbehindit.

II. Choosethe core as the entry oppositethe largestside of the triangle
formed by the centersof the threeellipses. Order the entriesas: A
(oppositelargest side), B (oppositesecondlargest side), C (opposite
smallestside).

III. Choosethe coreto be the entry oppositethe sidethat is most“unlike”
the other two sides. Order the entriesas: A (the centersuchthat the
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two sidesof thetrianglethatmeetat thatcenterareclosestin length),B
(thecentersuchthatthetwo sidesof thetrianglethatmeetat thatcenter
aresecondclosestin length),C (thecentersuchthatthetwo sidesof the
trianglethatmeetat thatcenterarefarthestin length).

For the 3-entrysources,we repeatedthe featureextractionstepseparately
for eachof thethreeorderingmethods,andranthedecisiontreealgorithmon
thethreedifferentsetsof features.

5. ResultsUsing DecisionTrees

In this Section,we presentsomeof our early resultsusing decisiontree
classifiers[BFOS84,Qui93] and the featuresfrom the catalogdescribedin
Section4.1. Wefirst make thefollowing observations:

Our training set is relatively small, with 118 examplesfor two-catalog
entrysourcesand195examplesfor thethree-catalogentrysources.As
the bent-andnon-bent-doubleshave to be manuallylabeledby FIRST
scientists,puttingtogetheranadequatetrainingsetis a non-trivial task.
We plan to enhanceour small training setby usingfeedbackfrom the
astronomerson theresultsof thepreliminarydecisiontrees.

Scientistsareusuallysubjective in their labelingof galaxiesasbent-or
non-bent-doubles.Thereis oftendisagreementamongtheastronomers
in thehard-to-classifycases.Thereis alsono groundtruth we canuse
to verify our results.This implies that the trainingsetitself is not very
accurate,andthereis a limit to theaccuracy wecouldobtainthroughthe
useof semi-automatedtechniques.

Wearecurrentlyusingfeaturesfromonly thecatalog. Wewouldtherefore
expectthat if the“bentness”of a radiosourcewasadequatelycaptured
by thecatalog,wewoulddo well in identifying abent-double.

In our experimentation,we expectthatsomeof thefeatureswill not beim-
portantin finding bent-doubles.For example,thepositionin thesky, that is,
the(RA, Dec)coordinates,shouldnot influencetheresults,at leastaslong as
bent-doublesareapproximatelyrandomlydistributedover thecelestialsphere.
However, our initial experimentswith decisiontreesindicatedthat the coor-
dinateswere influential. On further investigation,we realizedthat whenthe
astronomersprovided usexamplesof non-bent-doublesto usein our training
set,they hadfocusedonasmallsectionof thesky, thusmakingthecoordinates
influential. In this case,thedecisiontreewas“right”, but therewasaproblem
in the featureswe usedin training. While we expectedthe decisiontree to
focuson thefeatureswhich arediscriminating,this experimentillustratedthe
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Method TreeSize Errors
Method I. 7.3(0.1) 10.9(0.6)%
Method II. 7.3(0.1) 11.8(0.6)%
Method III. 5.9(0.0) 9.6(0.2)%

Table1.1. Resultsof ten10-fold cross-validationexperimentsfor thethreedifferentordering
methods.

importantrole playedby domainknowledgein the selectionof features.As
a result,in theremainingsections,we excludeall thebookkeeping“features”
andthepositioncoordinatesfrom theanalyses.

5.1. Resultsfor 3-Entry Sources

For the threecatalogentrysources,the trainingsetconsistsof 195 labeled
examples,with 167bent-doublesand28non-bent-doubles. Usingthefeatures
andmethodslistedin Section4.1,we repeated10-fold cross-validationexper-
iments10 timesfor eachof thethreeorderingmethods(100treespermethod
in total). In eachexperiment,thetrainingsetis first randomlydividedinto ten
parts,andthedecisiontreegrown basedonninepartsat-a-time,is validatedon
theremainingonepart. Theresultsaregiven in Table1.1. Thetreesizesand
errorson eachline arethemeansof thehundredtrees,with thestandarderror
in parenthesis.Theerrorscombinebothmisclassifications:bentsclassifiedas
non-bents,andnon-bentsclassifiedasbents.Theastronomerstoleratehigher
ratesof thelattererrors,but would like to minimizethemistakesof theformer
type.

As expected,orderingmethodIII gives the most accurateresults. Bent-
doublesgenerallyexhibit a symmetryaroundthecore,so this methodmakes
themostsenseoutof thethreeconsidered.

We expectedmethodII to be the next bestperformer, but, to our surprise,
methodI gave betterresults.Our astronomercollaboratorsindicatethat there
is no relationshipbetweentheflux magnitudeandthe locationof thecore,so
we areunableto explain this resultat present.Selectingthecoreaccordingto
the largestangle,i.e. methodII, gave theworst results.We thoughtit would
besuperiorto methodI, asthereis greaterconnectionbetweenthegeometryof
thesourceandbentness,thanthereis betweentheflux andbentness.Thereare
manybent-doubleswith thelargestangleat thecore,soweexpectedmethodII to
beclosertomethodIII. Thelatterpicksupthetwodifferenttypesof symmetries
(coreisthelargest,orcoreisthesmallestangle), whiletheformeronlyconsiders
oneof thesymmetries(coreis thelargestangle).Weareexploringtheseissues
in greaterdetailin orderto fully interprettheresults.Note,however, thatwhile
theerrorsareslightly differentfor thethreeorderingschemes,they areon the
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sameorder. Also, theseresultsmustbe interpretedkeepingin mind that the
sizeof thetrainingsetis relatively smallatpresent.

A typical treeconstructedwith orderingmethodIII is givenbelow.
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Thedecisiontreeoutputlists the featureselectedat eachnode,aswell asthe
valueit is comparedagainst.Thenumberafterthecolonindicatesthatthenode



Searching for Bent-DoubleGalaxies 15

in questionis a leaf node,andthenumberis theclassassignedto the leaf (5
denotesabent-double,while 1 denotesanon-bentdouble).At eachleafnode,
the numbers(a/b) indicatethe (total numberof samples/samplesof the class
notassignedto leafnode).

For the3-entrycases,thedecisiontreesbasedon orderingIII tendto pick
combinationsof anglesandrelative distancesasthemostimportantfeaturesto
discriminatebent-doubles.Otherfeaturesdeemedimportantincludemeasures
of ellipticity andsymmetry— featuresthatareall scale,rotation,andtransla-
tion invariant. Theanglesareusuallyeitherthecoreangle,or pairwiseangles
calculatedgeometrically— anglesthatarerobustto smallchangesin thedata.
Thevery reasonwe includedthesepairwisegeometricalangles(Section4.1),
wasto avoid usingthemoresensitive featurethatmeasuredtheabsolutediffer-
encein thepositionangles.The treesgenerallyignorefeaturesrelatedto the
fluxesandtheareas.Overall, thetreesmake sense,andthey pick thefeatures
thatwe expectedto becloselyrelatedto bent-doubleness.

The treesbasedon the othertwo orderingschemeswerenot asconsistent
astheonescorrespondingto theorderingmethodIII. Thediscriminatingfea-
turesselectedoccasionallyincludedflux andareameasurements,andmajor
axeslengths,in combinationwith distanceandanglevalues.A few treesthat
weexaminedselectedactual,ratherthanrelative,distancemeasurements.The
actualdistances,andotherfeaturessuchasflux, area,andmajoraxis,arepoor
discriminatingfeatures,asthey arenot strictly scaleinvariant.Thebrightness,
and the sizeof an entry shouldnot be relatedto bent-doubleness.Our ini-
tial experimentsthusindicatethat,giventhecurrenttrainingset,theordering
methodsI andII areinferior to orderingmethodIII in classifyingbent-doubles.
They have relatively high accuracy, but, on closerexamination,they basethe
classificationonfeaturesthatdonotmakesensefrom thedomainsciencepoint
of view, andthatkeepchangingfrom treeto tree,dependingonthetrainingand
validationsampleselected.

Toreducethenumberof features,wenext repeatedthedecision-treebuilding
steps,usingcombinationsof thesingle,double,andtriple features.Theresults
for 10 different10-fold cross-validationsfor eachof thesevencombinations,
basedon theorderingmethodIII arepresentedin Table1.2.

The table reinforcesour expectationthat the most importantfeaturesare
the triple ones. Using only the triple features,the misclassificationrate is����������A���������F , a small increasefrom the �
������A���������F achievedwhenusingall
the features. The singleand/ordoublefeaturesby themselves lead to close
to ���/� errors. Adding the double featuresto the triples slightly degrades
the results,while addingthe singlesto the triples improvesthe results. This
behavior maybedueto theexistenceof redundantfeatures;it is currentlyunder
investigation.
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TreeSize Errors
Single 11.2(0.1) 19.7(0.5)%
Double 8.7(0.2) 17.4(0.4)%
Single+double 10.7(0.2) 19.2(0.5)%
Triple 6.7(0.1) 10.7(0.3)%
Single+triple 6.4(0.0) 8.5(0.4)%
Double+triple 7.1(0.1) 11.6(0.5)%
Single+double+triple 5.9(0.0) 9.6(0.2)%

Table1.2. Averageof ten10-fold cross-validationexperimentsfor eachof theseven 3-entry
featurecombinations.

An early versionof our decisiontree,whenusedfor classifyingunlabeled
data,found several new bent-doubles,asexpected. For example,Figure1.6
shows two examplesof new bent-doublesfrom theregion theastronomershad
not lookedatmanually(left panels).Whatis interestingis thatthedatamining
processalsofoundabent-doublethattheastronomershadmissed(right panel)
duringthevisualinspectionthat generatedthetrainingset. Thisillustratesoneof
themany benefitsof dataminingtechniquesin thesemi-automatedexploration
of massive datasets.

Figure 1.6. Examplesof two new bent-doublesandonebent-doubleoverlooked in a manual
search

5.2. Resultsfor Two-Entry Sources

Our initial experimentswith two-entrysourcesfoundthat theobservations
madein Section5 play an importantrole. Usingonly catalog-basedfeatures
with the limited training set,thedecisiontreescreatedwereerratic. In cross
validationexperiments,wefoundthatthetreestronglydependedon thesubset
selectedfrom the full training set. The misclassificationerrorsthat resulted
werealsorelatively high,on theorderof ���/� .
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Figure 1.7. Examplesof 2-entrygalaxies- a bent-doubleanda non-bent-double.

We suspectthereareseveral reasonsfor this, including the small training
set(118 examples,with 72 bent-doublesand46 non-bent-doubles) andpos-
sible irrelevant features.In addition,we suspectthat in thecaseof two-entry
sources,thecatalogmaynotbeanadequaterepresentationof all therelevantin-
formationrequiredto correctlyidentify abent-double.Forexample,Figure1.7
includestwo entriesfrom our training set,onea bent-doubleandthe othera
non-bent-double.Someastronomershave indicatedthatthefaintbridgein the
left example(which is not capturedin thecatalog)makesit a bent-double.In
addition,theseexamplesfall in thehard-to-classifycase,makingour training
setnot very accurate.

Wethereforedeferadetailedanalysisof the2-entrysourcesuntil later, when
we canrefinethefeatures,addimage-basedfeatures,andincreasethetraining
sample.

6. Conclusionsand Futur ework

In this chapter, we describedhow data mining techniquescan help as-
tronomersdetectradio galaxieswith a bent-doublemorphologyin a semi-
automatedmanner. While wecanby nomeansclaimto understandandappre-
ciateall the challengesthat lie in mining scientificandengineeringdatasets,
ourexperienceswith this problemhasled to thefollowing observations:

Scientificdatais frequentlyavailablein theform of “raw” data,that is,
datafrom whichfeatureshavenotbeenextracted.In ourexperience,the
identificationandextractionof relevant featuresin a robust manneris
non-trivial andresultsin oneof themoretime consumingstepsin data
mining. In our specificexampleof the detectionof bent-doubles,the
existenceof thecatalogwasof immensehelp in gettinga head-starton
theproblem.



18

Easyaccessto thedata,aswell astheexistenceof goodpublic-domain
softwareto read,write,anddisplaythedataareessentialin orderfor data
minersto work with scientificdatasets. In thecaseof theFIRSTdata,
theavailability of thedataon theweb,aswell astools to read/writethe
astronomydatastoredin theFITS format,werevery helpful.

In many, if not most,datamining endeavors, it takessometime for the
dataminersto understandtheproblemdomain,theproblem,andthedata
itself. As many dataminersaretypically not familiarwith theintricacies
of the issuesinvolved in scientificdata,asopposedto saycommercial
data,this time canbeconsiderable.In our experience,we foundit took
six monthsto understandthebent-doubleproblem,thedataformats,the
processingthathadalreadybeendoneto thedata,etc.

In scientificdata,for classificationproblems,therecanbe a dearthof
labeledexamples. This is becausesuchexamplesmust be manually
identified by the scientists. This is in contrastwith commercialdata,
wherethereis the possibility of labeledexamplesbeinggeneratedhis-
torically, for example,in customerchurnproblems.Further, labelsfor
scientificdataaretypically subjective, andwe foundit commonto have
astronomersdisagreeonwhetheragalaxyshouldbeclassifiedasabent-
doubleor anon-bent-double.Thiswasespeciallytruein thecaseswhich
weredifficult to classify. Giventhelackof groundtruth in thisproblem,
generatingagoodtrainingsethasbeendifficult.

SinceFIRST is a survey in progress,we found that our bookkeeping
hadto keepup with changesmadein differentreleasesof thedata.For
example,the1999versionof thedatamergedthe informationfrom the
northernandsouthernhemisphere,informationthathadpreviouslybeen
separate.Also, in the 2000version,we found that certaingalaxiesno
longerappearedin thecatalog. Conversationswith astronomersindicated
thatthiswasanormaloccurrenceasaresultof theprocessingof thedata
thatwascollectedby the telescopes.For galaxiesthatwereat thevery
edgeof thesurvey in oneyear, additionaldatacollectedin thefollowing
yearwould make thepixelscorrespondingto thegalaxiesfall below the
detectionthreshold.This meantthatwe hadto becarefulin our useof
theID tagsfor galaxiesaswe move to newer versionsof thesurvey.

Our initial experienceswith the bent double problemappearpromising,
thoughmuch remainsto be done. In the nearterm, we plan on increasing
the size of the training set, revising the catalog-basedfeatures,and adding
image-basedfeatures.Revising thecatalog-basedfeatureshasbeenanongo-
ing process.For thethree-entrysources,our averagemisclassificationrateof
about10%is half theratewe initially obtainedduringthefirst iterationof the
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dataminingprocess.New featuresemergeaswediscussourfindingswith our
astronomercollaborators.Wearealsoimproving thefeaturesderivedfrom the
catalogby removing possibleredundanciesamongthevariousangleanddis-
tancemeasurementsby combiningtheminto fewer, morerelevantfeatures.We
alsoplanonusingotherpatternrecognitiontechniquessuchasneuralnetworks
to seehow they performon thebent-doubleproblem.
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