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Abstract

Datamining techniquesreincreasinglygainingpopularityin variousscien-
tific domainsasviable approacheso the analysisof massve datasets. In this
chapterwe describeour experiencesn applyingdataminingto aproblemin as-
tronomy namely theidentificationof radio-emittinggalaxieswith abent-double
morphology Until recently astronomersissociateavith the FIRST (Faint Im-
agesof the RadioSky at Twenty-cm)suney identifiedthesegalaxiesthrougha
visualinspectiorof images.While thismanuabhpproactasheernverysibjective
andtediousiit is alsobecomingincreasinglyinfeasibleasthe surey hasgrovn
in size.Uponcompletion FIRSTwill includealmostamillion galaxiesmaking
the useof semi-automatednalysismethodsnecessaryWe describethe FIRST
datasetandthe problemof identifying bent-doublegalaxies. We discussour
solutionapproachfocusingon the challengesve facein the applicationof data
mining to a scientificdataset. We explain why, in contrastwith mostcommer
cial dataminingapplicationsdatapreprocessingequiresaconsiderableffort in
scientificapplications.Using decisiontreeclassifierswe describethe work we
aredoingin thedetectionof bent-doubleyalaxies.Our resultsindicatethatdata
mining techniquessteeredby properdomainknowledge,cangreatly enhance
themanualexplorationof massie datasets.

Keywords:  Datamining, astronomicabkuneys, radio-emittinggalaxiesyole of dataprepro-
cessing

1. Intr oduction

Datamining is a processconcernedvith uncorering patternsassociations,
anomaliesandstatisticallysignificantstructuresand eventsin data([KMOOQ]

*To bepublishedn DataMining for ScientificandEngineeringApplications,Kluwer 2001
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andthereferencesherein). It is aniterative andinteractve processnvolving
datapreprocessingsearctor patternsandinterpretatiorof theresults.While
thereis broadconsensusnwhatconstituteslatamining, thetasksthatareper
formedin eachstepdependonthe problemdomain,the problembeingsolved,
andthedataitself. As explainedater, scientificdatasetpresenparticularchal-
lengesthatrequirea carefultailoring of the datamining tasksto the problem
anddataset.

In this chapterwe describehow the Sapphireproject[Sap] hasdefinedthe
tasksn dataminingto maketheprocesamoresuitade for addressingthediverse
needsof scientificandengineeringapplications. We discussour work in the
contet of oneof the datasetswe areanalyzingfrom astronomywherewe are
interestedn identifying radio-emittinggalaxieswith a bent-doublemorphol-
ogy. Ourgoalin thiseffort is to replacethecurrentvisualinspectiorof images
by a semi-automatedand hopefully more objectve, approachbasedon data
mining techniquesWe discusghe challengesve have facedin trying to reach
thisgoal,andtheapproachwe have takento addressomeof theseproblems.in
particular we shaw thatdatapreprocessing notonly crucialto thesuccessful
applicationof datamining, but canbe a difficult andtime consumingaskfor
scientificdata.

This Chaptelis organizedasfollows: Section2 describesurview of scien-
tific datamining, focusingin particularonthetasksthatarespecificto scientific
andengineeringlatasets.Section3 describe®ur astronomydataset,namely
the FIRST surwey, and outlinesthe problemof detectingbent-doubleradio-
emittinggalaxies.Section4 providesdetailson the approactwe have takento
minethe FIRSTdatasetfor bent-doublesandthedifficultieswe have facedin
theprocess Sections reportsourresults focusingontheimportantrole played
by the datapreprocessingtepin datamining. Section6 concludeswith our
obsenrations,thelessonsve have learned andplansfor future work.

2. Scientific Data Mining

Datasetsthatarisein variousphysicalsciencesndengineeringpplications
are usuallythe resultof computersimulations,obserations,or experiments.
Thesedataaretypically in theform of signals(includingimages)r meshdata.
Often,oneor moretypesof datamaybeavailablefor a problem,in which case
datafusionis requiredin orderto exploit all theinformationandmalke amore
accuratalecision.

In light of theseobsenations,our definition of datamining startswith the
raw dataandincludesextensve preprocessingFigure 1.1). If theraw data
is very large, we may use samplingand work with fewer instancesor use
multiresolutiontechniquesand work with dataat a coarsermesolution. This
first stepmayalsoincludedatafusion, if required.Next, noiseis remoredand
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Figure1.1. Datamining: aniterative andinteractie process.

relevantfeatureghatrepresenanddescribethe itemsof interestareextracted
fromthedata. Thesdeaturesnustnotonly berobust thatis,insensitvetosmall
changesn the data,but alsobe invariantto scaling,translation,androtation.
At theendof this step,we have a vectorof featuredor eachdataitem. These
vectorsare normalizedto remove ary skew resultingfrom possiblydifferent
units. Next, dependingon the problemandthe data,we may needto reduce
thenumberof featuresusingdimensiorreductiontechniquesuchasprincipal
componentinalysigPCA) or its non-linearversions.After this preprocessing,
the datais readyfor the detectionof patterns throughthe useof traditional
techniquesuchasclassificatiorandclustering.The patternsobtainedarethen
displayedo thedomainscientistfor validation.

Thedatamining procesds iterative andinteractve; ary stepmayleadto a
refinemenbf oneor moreof the previous steps.To ensurehe succes®f data
mining, the domainscientistshouldbe actively involvedin all stagesstarting
from the initial descriptionof the dataandthe problem,the identificationof
potentially relevant featuresand the training set (where necessary)and the
validationof theresults.

It mustbenotedthatseveralof thetaskdn scientificdataminingareindepen-
dentof the dataor the problem,while othersaremorespecificto the domain.
However, for scientificdatain theform of signals,images.or meshesthereis
ampleopportunityfor re-useof algorithmsandsoftware. For example,while
wavelet-basede-noisingechniquesanbeusedin generato de-noisesignals
andimagesthe particulartype of waveletusedmightdependon the statistical
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propertieof thedataandnoise whichin turnis determinedy thesensorshat
wereusedto collectthedata. Similarly, while decisiontreesmaybeusedin the
classificatiorof bothastronomyandsimulationdata,it mayturnoutthatneural
networks are betterat classificatiorfor a particularproblemin astronomy In

addition,techniqueghat may have beendevelopedfor onekind of data,such
assegmentationfor images,canbe appliedto a similar taskin anotherkind

of data,suchassegmentationn meshdata. However, taskssuchasreading,
writing, anddisplayingdataaretypically very specificto the format usedfor

thedata.

As part of the Sapphireproject, we are developing toolkits for eachof
the computationallyintensive modulesdescribedabore. This object-oriented
framework, writtenin C++,is designedo bemodular with theability to handle
bothsignalandmeshdatatypes. Furtherdetailsonthis projectcanbefoundin
[Sap,KCPOO,KBFTOO].

We next describehow we areapplyingthe datamining processlescribedn
this Sectionto a problemin astronomy

3. The FIRST Survey

TheFIRST(Faintimage®ftheRadioSky atTwenty-cm)survey [BWH95] is
aprojectthatwasstartedn 1993with thegoalof producingheradioequivalent
of the PalomarObsenratory Sky Sunwey. Usingthe Very Large Array (VLA)
attheNationalRadioAstronomyObsenatory (NRAQO), FIRSTis scheduledo
cover morethan 10,000squaredegreesof the northernand southerngalactic
caps,to aflux densitylimit of 1.0 mJy (milli-Jansky). At presentwith the
datafrom the 1993through1999obsenrations,FIRSThascoveredabout8,000
squaredggrees,producingmorethan 32,000two-million pixel images. At a
thresholdbf 1mJy thereareapproximately@0radio-emittinggalaxiesporradio
sourcesin atypical squaredegree. Theresultswe presenin this chapterare
baseanthe1998versionof thecatdog, whichincludedatafrom 1993through
1997.

Radiosource®xhibit awiderangeof morphologicatypesthatprovideclues
to the sourceclass,emissionmechanismand propertiesof the surrounding
medium. Of particularinterestare sourceswith a bent-doublemorphology
asthey indicatethe presencef clustersof galaxies,a key projectwithin the
FIRST suney. FIRST scientistscurrently usea manualapproachto detect
bent-doublegalaxies.They first look attheimageof aradiosourceto seeif it
couldbelabeledasabent-doublelf two outof threeastronomeragreehatthe
galaxyis abent-doublethenadditionalobserationsarecarriedoutin orderto
studythe bent-doublén moredetail.

Thisvisualinspectionof theradioimagesbesidedeingvery subjectve, is
alsobecomingncreasinglyinfeasibleasthesuney growsin size. Ourgoalisto
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bringautomatiorto this proces®f classifyinggalaxiedy meanof techniques
from datamining.

Figurel.2 includesseveralexamplefradio soucesfromtheFIRSTsuney.
Radio galaxiescan have rather complex shapesas shavn in examples(g)
through(l). While somebent-doublegrerelatively simplein shapgexamples
(b) and(c)), others,suchastheonesin Figurel.3 canberathercomplex. The
taskof automatinghe detectionof bent-doubleganbe quite complex asseen
from the similarity betweerthe bent-doublen example(b) andthe non-bent-
doublein example(d).

The datafrom FIRST, both raw and postprocessedare readily available
on the FIRST website[FIR]. A userfriendly interfaceenablessasyaccesgo
radiosourcesatagivenRA (Right Ascensionanalogouso longitude)andDec
(declination,analogoudo latitude)positionin the sky.

Therearetwo forms of dataavailablefor use— imagemapsanda catalog.
In Figurel.3,we shav animagemapcontainingexampleof two bent-doubles.
Thesdargeimagemapsaremostly“empty”, thatis, composeaf background
noise.Eachmapcoversanareaapproximatelyd.45squaralegreeswith pixels
thatare 1.8 arc secondsvide. Theseimagemapsare obtainedasa resultof
processingheraw datacollectedby the VLA telescopes.

In additionto the imagemaps,the FIRST surwy also provides a source
catalog]WBHG97]. This catalogis obtainedby processinganimagemapby
fitting two-dimensionaklliptic Gaussianso eachradio source.For example,
thelower bent-doublen Figurel.3is approximatedy morethanseren Gaus-
sianswhile the upperoneis approximatedby three Gaussians.Thereis an
upperimit to thenumberof Gaussianthatareusedo fit eachradiosource.As
aresult,highly complex sourcesrenotapproximatedvell usingjusttheinfor-
mationin thecatalog.Eachentryin the catalogcorrespondso theinformation
on asingleGaussian.This includes,amongotherthings,the RA andDecfor
the centerof the Gaussianthe major and minor axes, the peakflux, andthe
positionangleof the majoraxis (degreescounterclockwisérom North). Each
of thethreeentriesin the catalogcorrespond$o oneof thethree*blobs” in the
image. Note thatwe differentiatebetweencatalogentriesandradio sources,
with aradiosourcebeingcomposemf oneor morecatalogentries.

4, Identification of Bent-Doubles

As illustratedin Figure 1.3, we have dataat two extremes. On one hand,
we have 200 Gigabytesf imagemaps which aremainly noise,with very few
“interesting” pixels correspondingo theradiosources Ontheotherhand,we
have the 78 Megabytecataloginformation, whereeachentry containsinfor-
mationon only a partof aradio source. The first taskthereforeis to identify
whatconstitutesaradiosource usingeithertheimagemaps,or the catalog,or
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Figure1.3. FIRSTData: ImagesMapsandCatalogEntries.

both. Oncewe have donethis, we needto first identify the potentiallyrelevant
featuredfor eachgalaxy extractthem,andthenusethemin theidentification
of thebent-doubles.

In our work, we decidedthatinitially, we would identify the radio sources
andextractthe featuresusingonly the catalog. This choicewaspromptedby
seseralfactors:

» Theastronomerselieved thatthe catalogwasa goodapproximatiornto
all but themostcomple of radiosources.

» |t waseasieffor usto work with the catalogasit wassmaller

m Processinghe relatively large image mapsfor extractingrelevant fea-
turesfor the bent-doublgroblemwasexpectedto be difficult andtime
consumingdueto lack of parallelimageprocessingoftware.

s TheFIRSTastronomermdicatedhatseveralof thefeauresthey thought
wereimportantin identifying bent-doublesvereeasily calculatedrom
the catalog.

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

Sincewe decidedto work with the catalog,our first taskin classifyingthe
bent-doublesvasto groupthe catalogentries,i.e. the elliptic Gaussiansinto
radio sources.Our algorithmstartswith an entry in the catalog,searchesor
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otherentrieswithin aregion of interestof 0.96arc minutes restartshe search
from eachnewly foundentry andrepeatsuntil no morenew catalogentriesare
foundwithin theregion of interest.All catalogentriesfoundin this searchare
collectedto formaradiosource.Next, thealgorithmrepeatsheentiregrouping
procedurestartingfrom the next available catalogentry excludingary entries
thatarepartof alreadyexisting radiosources.

In groupingthe entries,oncea new entry was found within the region of
interest,the searchcould continuefrom eitherthe centerof the new entry, or
the centerof massof the entriesthat madeup the source. Our experience
indicatedthatthe choiceof the startingpoint hadlittle effect on the resulting
grouping.

Notethatit is notverydifficult tofind casesvherethecatalog ertriesfromone
radiosourcearewithin 0.96 arc minutesof thecatdog ertriesof adifferentrado
source.For example Figurel.4with theimagecenterecat RA = 10" 50™08.5°
andDec= +30°4015" (J2000coordinates)shawvs two radio sourcesa bent-
doublein thelower left corner andaring-like structure whichis alsoa bent-
doublein the upperright corner While theseradio sourcegnay be far from
eachotherin threedimensionsjn a two-dimensionaprojection,they appear
closetogether Suchexamplesllustrateoneof themary reasonsvhy thetaskof
automatedietectiorof bent-doubless aratherhardproblem.It alsoshavsthe
easenith whichhumansanvisuallyidentify thetwo objectsasbeingseparate,

ataskthatis difficult to automate.

Figure1.4. An exampleimagefrom FIRST, illustratingtwo galaxiesclosetogether

After groupingthe catalogentriesinto complex radiosourceswe separated
the datadependingon the numberof catalogentriesthatmale up the sources.
Thereis adataseteachfor the 1-entrysourcesthe2-entrysourcesthe 3-entry
sourcesandthe 3-plus-entrysources Thisseparatiomy thenumberof catalog
entrieswasdonefor severalreasonsFirst, we knew that, usingfeaturesfrom
only the catalog,therewere unlikely to be ary “bent-doubles’in the single-
catalog-entnsources.Thiswasbecausasingleelliptic Gaussiartouldnotbe
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“bent”. Further therearerelatively few 3-plus-entrysourcesall of which are
“interesting”to theastronomerggegardlesof whetherthey arebent-doublesr
not. So,we simply flag themandreportthemto the scientists.This approach
alsohelpedusto addresghe casewheretherearetwo radio sourcescloseto
eachother with eachcomposeaf atleasttwo catalogentries.However, it did
notaddresshecasewheretwo disconnectedourcesgloseto eachother were
approximatedy two or threeGaussians.

Having removed the 1-entryandthe 3-plus-entryradio sourcesrom con-
siderationwe furthersplit the sourcesnto two- andthree-entrysources.This
wasdoneasthe numberof featuresxtracteddepend®nthenumberof catalog
entries,andwe wanteda featurevectorwith a uniform length. However, this
alsomeantthatthesizeof thetrainingsetfor the detectiorof bent-doublesvas
now dividedinto smallertrainingsets.

Forthe1998catalogthenumberof radiosourcessafunctionof thenumber
of catalogentriesthey arecomposeaf, is asfollows:

# Catalog entries # Radio sources
1 311785
2 40134
3 9235
4+ 4765

Oncetheradiosourceqincludingthetraining set)wereseparatethasedon
thenumberof catalogentriesn thegalaxy wederivedthefeaturedistedin Sec-
tion4.1for thetwo andthreeentrysourcesNext, usingtheappropriatéraining
set,wecreatedlecisionreedor theidentificationof two- andthree-entryradio
sources.We ran cross-alidation experimentso estimatethe accurag of the
treeusingdifferentsubset®of thefeatures.

4.1. Featuresfor Bent-Doubles

This sectiondescribeghe featureswe are usingto discriminategalaxies
with bent-doublanorphology Someof thefeaturesaredirectly takenfrom the
FIRST catalogandothersarederivedfrom thebasicfeaturesn thecatalog.We
alsoincludeafew “features”,suchasthe radio sourcelD andpositionin the
sky, for bookkeepingpurpose®nly.

Our focusis on featureghatarescale rotationandtranslationinvariant,as
the bent-doublgatternwe arelooking for, hastheseproperties.We arealso
interestedn featureshatarerobust, thatis, not sensitve to smallchangesn
thedata[Whi99]. Of coursejt goeswithout sayingthatthe featureswve select
mustberelevantto the problem.

We identified the featuresfor the bent-doubleproblemthroughextensie
corversationswith FIRST astronomersAs we asled themto justify their de-
cisionin identifying a radio sourceasa bent-doublejt becameapparenthat
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greaterfocuswasplacedon spatialfeaturessuchasdistancesndangles.Fre-
guently theastronomersvould characterize bent-doubleasa radio-emitting
“core” with oneor moreadditionalcomponentst variousangleswhich were
usuallyside-wakesleft by thecoreasit movedrelative to the Earth.

Wenext list someof thekey featureswe caculatedbasdonour collaboreion
with theFIRSTastronomersA full list of featuress describedn [FCPKTOO].
We broadlycateyorizethefeaturedhasedon thenumberof catalogentriesthat
areusedin their calculation.

Featuresor theradiosource

This includesfeaturesthat pertainto the entire radio source,suchas
the numberof catalogentries,or bookleepingfeaturessuchastheradio
sourcelD (for trackingpurposes)or thehemispherdor theradiosource
(nothernor southern).

Featuregor eachcatalogentry

Thisincludedeaturegpertainingo asinglecatalogentry, suchasits peak
flux, totalareaof theelliptic Gaussiantheellipticity of theGaussianthe
major and minor axes, etc. We alsoincludethe positionangle,which
is the angle(in degrees)of the major axis, measuredounterclockwise
from North. In Figure 1.5, the anglesareindicatedby anarrov — for
entryB it is about45° in theleft example,andabout(180 — 45)° in the
right example. The angleis 0 for entry A in both examples. Note that
the positionangleis not a robust featureasit is very sensitve to minor
changesn theimage.

Featuregor eachpair of catalogentries

This category includestwo typesof features.In the caseof two-catalog-
entryradiosourcesthesearefeaturegepresentingheradiosourcesuch
asthetotal area(the sumof theareasof thetwo Gaussiansandthe peak
flux (the larger of the two fluxes). In addition, thereare featuresthat
areobtainedby consideringcatalogentriestwo atatime. Thesenclude
relative distancebetweertwo entries,andthe pairwisegeometricangle,
which is theangleformedby the positionanglesof thetwo majoraxes,
ascalculatedyeometrically-angleAMB in bothexamplesof Figurel.5.

We alsoincludethe absolutedifferencen the positionanglesof thetwo

entries,which is about|0 — 45|° = 45° in the left example,andabout
|0 — 135]|° = 135° in the right exampleof Figure 1.5. Note that this

featureis notrobustto smallchangesn theimage.

Featuregor eachtriple of catalogentries

In the caseof three-entrysourcessomefeatures suchasthe total area
(sum of the areasof the Gaussians)representhe entire radio source.
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Figure 1.5. Two examplesof 2-entryfitted radiosources.

Othersinclude variousmeasurementsf angles,suchasthe anglesub-
tendedby the largestside of the triangle createdby the centersof the
threeGaussianf. BR799], andthe anglesubtendedby the two sidesof
thetrianglethatareclosestto eachotherin legnth.

In thecaseof two-entrysourcesthefeaturesverelistedin decreasingrder
of integratedflux for eachGaussianThefeaturesncludetheonesfor theradio
source,the onesfor eachcatalogentry and the onesfor the pair of catalog
entries. In the caseof 3-entryradio sourceswe includeall four cateyoriesof
featuresdescribedearlier We alsoexploredthreewaysof orderingthe three
entries. Thesewerebasedn first identifying oneof the catalogentriesasthe
“core” of theradiosource.The optionswe considerednclude:

I. Choosethe entrywith the largestintegratedflux asthe core. Orderthe
entriesas: A (maximumintegratedflux), B (secondargestintegrated
flux), C (smallestintegratedflux). Notethatthisis asome-whatd-hoc
ordering,with no realastronomicabasisbehindit.

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

lll. Choosethe coreto be the entry oppositethe sidethatis most“unlike”
the othertwo sides. Orderthe entriesas: A (the centersuchthat the
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two sidesof thetrianglethatmeetatthatcenterareclosestn length),B

(the centersuchthatthetwo sidesof thetrianglethatmeetatthatcenter
aresecondclosesin length),C (the centersuchthatthetwo sidesof the
trianglethatmeetat thatcenterarefarthestin length).

For the 3-entrysourceswe repeatedhe featureextraction stepseparately
for eachof thethreeorderingmethodsandranthe decisiontreealgorithmon
thethreedifferentsetsof features.

5. ResultsUsing DecisionTrees

In this Section,we presentsomeof our early resultsusing decisiontree
classifiers|BFOS84,Qui93] and the featuresfrom the catalogdescribedin
Sectiond.1. We first make the following obserations:

= Our training setis relatively small, with 118 examplesfor two-catalog
entry sourcesand195 examplesfor the three-catalogntry sources.As
the bent-andnon-bent-doublebhare to be manuallylabeledby FIRST
scientists putting togetheran adequateraining setis a non-trivial task.
We planto enhanceour small training setby using feedbackfrom the
astronomersn theresultsof the preliminarydecisiontrees.

m Scientistsareusuallysubjectve in their labelingof galaxiesasbent-or
non-bent-doublesThereis often disagreemerdmongthe astronomers
in the hard-to-classifycases.Thereis alsono groundtruth we canuse
to verify our results. This impliesthatthe training setitself is not very
accurateandthereis alimit to theaccurag we couldobtainthroughthe
useof semi-automatetechniques.

= Wearecurrentlyusingfeaturesfrom only thecaalog. Wewouldtherefore
expectthatif the“bentness’of a radio sourcewasadequatelcaptured
by the catalog,we would do well in identifying abent-double.

In our experimentationyve expectthat someof the featureswill notbeim-
portantin finding bent-doubles.For example,the positionin the sky, thatis,
the (RA, Dec)coordinatesshouldnot influencetheresults,at leastaslong as
bent-doublesreapproximatelyrandomlydistributedover the celestialsphere.
However, our initial experimentswith decisiontreesindicatedthat the coor
dinateswereinfluential. On further investigation,we realizedthat whenthe
astronomergrovided us examplesof non-bent-doubleto usein our training
set,they hadfocusedon a smallsectionof thesky, thusmakingthe coordinates
influential. In this casethe decisiontreewas“right”, but therewasa problem
in the featureswe usedin training. While we expectedthe decisiontree to
focuson thefeatureswvhich 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 IlI. 5.9(0.0) 9.6(0.2)%

Table1l.1. Resultsof ten10-fold cross-alidationexperimentdor the threedifferentordering
methods.

importantrole playedby domainknowledgein the selectionof features. As
aresult,in theremainingsectionswe excludeall the bookkeeping“features”
andthe positioncoordinategrom theanalyses.

5.1. Resultsfor 3-Entry Sources

For the threecatalogentry sourcesthe training setconsistsof 195 labeled
exampleswith 167 bent-doublesind28 non-bent-doubledJsingthefeatures
andmethoddistedin Section4.1, we repeated 0-fold cross-alidationexper
iments10timesfor eachof thethreeorderingmethodg100treespermethod
in total). In eachexperimentthetrainingsetis first randomlydividedinto ten
parts,andthedecisiontreegronvn basedn nine partsat-a-time|s validatedon
theremainingonepart. Theresultsaregivenin Tablel.1. Thetreesizesand
errorson eachline arethe meansof the hundredtrees with the standarderror
in parenthesisThe errorscombineboth misclassificationsbentsclassifiedas
non-bentsandnon-bentlassifiedasbents. The astronomersoleratehigher
ratesof thelattererrors,but would like to minimizethe mistalesof theformer
type.

As expected,orderingmethodlll givesthe mostaccurateresults. Bent-
doublesgenerallyexhibit a symmetryaroundthe core,so this methodmakes
themostsenseout of thethreeconsidered.

We expectedmethodll to bethe next bestperformer but, to our surprise,
methodl gave betterresults. Our astronomecollaboratorsndicatethatthere
is no relationshipbetweerthe flux magnitudeandthe locationof the core,so
we areunableto explain this resultat present.Selectingthe coreaccordingto
the largestangle,i.e. methodll, gave the worstresults. We thoughtit would
besuperiotto methodl, asthereis greaterconnectiorbetweerthegeometryof
thesourceandbentnessthanthereis betweertheflux andbentnessThereare
mary bent-doublewiith thelargestangleat thecore, soweexpectednethod | to
becloserto methodll. Thelatterpicksupthetwo differenttypesof symmetries
(coreisthelargest,or coreisthesmallestirgle), whiletheformeronly considers
oneof thesymmetriegcoreis thelargestangle).We areexploring theseissues
in greaterdetailin orderto fully interprettheresults.Note,however, thatwhile
the errorsareslightly differentfor thethreeorderingschemesthey areon the



14

sameorder Also, theseresultsmustbe interpretedkeepingin mind thatthe
sizeof thetrainingsetis relatively smallat present.
A typicaltreeconstructedvith orderingmethodill is givenbelow.

Decision tree:

rs3_core_angle > 170.4:

:...cec_ellipticity <= 2.116: 1 (13.0)
cec_ellipticity > 2.116: 5 (2.0)

rs3_core_angle <= 170.4:

:...pairac_rel_dist <= 9.423: 5 (143.0)
pairac_rel_dist > 9.423:
:...pairab_angle_geom <= 58.6: 5 (4.0/1.0)

pairab_angle_geom > 58.6:
:...cec_rms <= 0.137: 5 (5.0/2.0)
cec_rms > 0.137: 1 (9.0)

Evaluation on training data (176 cases):

Decision Tree

Size Errors
6 3C1.7% <<

(a) (b) <-classified as

22 3 (a): 1 (non-bent)
151 (b): 5 (bent)

Evaluation on test data (19 cases):

Decision Tree

Size Errors
6 2(10.5%) <<

(a) (b) <-classified as

1 2 (a): 1 (non-bent)
16 (b): 5 (bent)

The decisiontree outputlists the featureselectecat eachnode,aswell asthe
valueit is comparedigainst.Thenumberafterthecolonindicateghatthenode
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in questionis a leaf node,andthe numberis the classassignedo the leaf (5
denotesa bent-doublewhile 1 denotesanon-bentdouble). At eachleaf node,
the numbers(a/b) indicatethe (total numberof samples/samplesf the class
notassignedo leaf node).

For the 3-entry casesthe decisiontreesbasedon orderinglll tendto pick
combination®f anglesandrelatve distancesasthe mostimportantfeaturego
discriminatebent-doublesOtherfeaturesdeemedmportantincludemeasures
of ellipticity andsymmetry— featureghatareall scale rotation,andtransla-
tion invariant. Theanglesareusuallyeitherthe coreangle,or pairwiseangles
calculatedgeometrically— angleshatarerobustto smallchangesn thedata.
Thevery reasorwe includedthesepairwisegeometricalngles(Section4.1),
wasto avoid usingthemoresensitve featurethatmeasuredheabsoluteiffer-
encein the positionangles. The treesgenerallyignorefeaturesrelatedto the
fluxesandthe areas.Overall, the treesmalke senseandthey pick thefeatures
thatwe expectedo be closelyrelatedto bent-doubleness.

The treesbasedon the othertwo orderingschemesvere not asconsistent
asthe onescorrespondingo the orderingmethodlll. Thediscriminatingfea-
turesselectedoccasionallyincludedflux and areameasurementsnd major
axeslengths,in combinationwith distanceandanglevalues. A few treesthat
we examinedselectedactual ratherthanrelative, distancemeasurements. he
actualdistancesandotherfeaturessuchasflux, area,andmajoraxis,arepoor
discriminatingfeaturesasthey arenot strictly scaleinvariant. The brightness,
andthe size of an entry shouldnot be relatedto bent-doublenessOur ini-
tial experimentghusindicatethat, giventhe currenttraining set,the ordering
methodd andll areinferior to orderingmethodill in classifyingbent-doubles.
They have relatively high accurag, but, on closerexamination,they basethe
classificatioronfeatureghatdo not make sensdrom thedomainsciencepoint
of view, andthatkeepchangingrom treeto tree,dependingnthetrainingand
validationsampleselected.

Toreducghenumberof featuresyenext repeatedhedecision-treduilding
stepsusingcombination®f thesingle,double,andtriple features.Theresults
for 10 different10-fold cross-alidationsfor eachof the seven combinations,
basedn theorderingmethodlll arepresentedn Tablel.2.

The table reinforcesour expectationthat the mostimportantfeaturesare
the triple ones. Using only the triple features,the misclassificatiorrate is
10.7%(0.3%), asmallincreasdrom the9.6%(0.2%) achieved whenusingall
the features. The single and/ordoublefeaturesby themselesleadto close
to 20% errors. Adding the doublefeaturesto the triples slightly degrades
the results,while addingthe singlesto the triplesimprovesthe results. This
behaior maybedueto theexistenceof redundanfeaturesit 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 ten 10-fold cross-alidationexperimentsfor eachof the seven 3-entry
featurecombinations.

An early versionof our decisiontree,whenusedfor classifyingunlabeled
data,found several newv bent-doublesas expected. For example,Figure 1.6
shawvs two examplesof new bent-double$rom theregiontheastronomersad
notlookedatmanually(left panels).Whatis interestings thatthedatamining
processalsofoundabent-doubleghattheastronomeriadmissedright panel)
duringthevisualinspeciontha generatadthetrainingset Thisillustratesoneof
themary benefitsof dataminingtechniquesn thesemi-automatedxploration
of massie datasets.

#
: . .-
- e

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

5.2. Resultsfor Two-Entry Sources

Our initial experimentswith two-entrysourcedoundthatthe obserations
madein Section5 play animportantrole. Usingonly catalog-basefeatures
with the limited training set, the decisiontreescreatedwereerratic. In cross
validationexperimentswe foundthatthetreestronglydependedn thesubset
selectedrom the full training set. The misclassificatiorerrorsthat resulted
werealsorelatively high, onthe orderof 20%.
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Figure1.7. Examplef 2-entrygalaxies a bent-doubleanda non-bent-double.

We suspecthereare several reasondor this, including the small training
set(118 examples,with 72 bent-doublesand 46 non-bent-doublgsand pos-
sibleirrelevant features.In addition,we suspecthatin the caseof two-entry
sourcesthecatalogmaynotbeanadequateepresentatioof all therelevantin-
formationrequiredto correctlyidentify abent-double For example Figurel.7
includestwo entriesfrom our training set,onea bent-doubleandthe othera
non-bent-doubleSomeastronomersave indicatedthatthefaintbridgein the
left example(whichis not capturedn the catalog)malkesit a bent-double.In
addition,theseexamplesfall in the hard-to-classifycase makingour training
setnotvery accurate.

Wethereforedeferadetailedanalysisof the2-entrysourcesuntil later, when
we canrefinethefeaturesaddimage-basefkaturesandincreasehetraining
sample.

6. Conclusionsand Futur e work

In this chapter we describedhow data mining techniquescan help as-
tronomersdetectradio galaxieswith a bent-doublemorphologyin a semi-
automatednanner While we canby no meansclaimto understan@éndappre-
ciateall the challengeghatlie in mining scientificand engineeringdatasets,
our experiencevith this problemhasled to the following obserations:

» Scientificdatais frequentlyavailablein the form of “raw” data,thatis,
datafrom which featureshave notbeenextracted.In our experiencethe
identificationand extraction of relevant featuresin a robust manneris
non-trivial andresultsin oneof the moretime consumingstepsin data
mining. In our specificexampleof the detectionof bent-doublesthe
existenceof the catalogwasof immensehelpin gettinga head-starbn
the problem.
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Easyaccesgso the data,aswell asthe existenceof goodpublic-domain
softwareto read write, anddisplaythedataareessentiain orderfor data
minersto work with scientificdatasets. In the caseof the FIRST data,
the availability of the dataon the web,aswell astoolsto read/writethe
astronomydatastoredin the FITS format, werevery helpful.

In mary, if not most,datamining endeaors, it takessometime for the
dataminersto understandheproblemdomain theproblem,andthedata
itself. As mary dataminersaretypically notfamiliarwith theintricacies
of theissuesinvolved in scientificdata,asopposedo saycommercial
data,this time canbe considerableln our experiencewe foundit took
six monthsto understandhe bent-doubleproblem the dataformats,the
processinghathadalreadybeendoneto thedata,etc.

In scientificdata,for classificationproblems,therecanbe a dearthof
labeledexamples. This is becausesuch examplesmust be manually
identified by the scientists. This is in contrastwith commercialdata,
wherethereis the possibility of labeledexamplesbeing generatedis-
torically, for example,in customerchurnproblems. Further labelsfor
scientificdataaretypically subjectve, andwe foundit commonto have
astronomerslisagreeon whethera galaxyshouldbeclassifiedasa bent-
doubleor anon-bent-doubleThiswasespeciallytruein thecasesvhich
weredifficult to classify Giventhelack of groundtruthin this problem,
generatinga goodtraining sethasbeendifficult.

SinceFIRST is a surwey in progresswe found that our bookkeeping
hadto keepup with changesnadein differentrelease®f the data. For
example,the 1999versionof the datameigedthe informationfrom the
northernandsoutherrhemisphereinformationthathadpreviously been
separate.Also, in the 2000 version,we found that certaingalaxiesno
longerappeareth thecatlog. Corversationsvith astonomersndicated

thatthiswasanormaloccurrencesaresultof theprocessingf thedata
thatwascollectedby the telescopesFor galaxiesthatwereat the very
edgeof thesuney in oneyear additionaldatacollectedin thefollowing

yearwould malke the pixels correspondingo the galaxiesfall belav the
detectionthreshold. This meantthatwe hadto be carefulin our useof
the ID tagsfor galaxiesaswe move to newver versionsof the suney.

Our initial experienceswith the bent double problem appearpromising,

thoughmuch remainsto be done. In the nearterm, we plan on increasing
the size of the training set, revising the catalog-basedeatures,and adding
image-basedeatures.Revising the catalog-basefeatureshasbeenanongo-
ing process.For the three-entrysourcespur averagemisclassificatiorrate of
aboutl0%is half theratewe initially obtainedduringthefirst iterationof the



REFERENCES 19

datamining process New featureemege aswe discusour findingswith our
astronomecollaboratorsWe arealsoimproving thefeaturedderivedfrom the
catalogby remaving possibleredundancieamongthe variousangleanddis-
tancemeasurementsy combiningtheminto fewer, morerelevantfeatures We
alsoplanonusingotherpatternrecognitiontechniguesuchasneuralnetworks
to seehow they performonthebent-doublgroblem.
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