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ABSTRACT
Due	to	the	explosive	growth	in	the	amount	of	text	snippets	over	the	past	few	years	and	their	sparsity	of	text,	
organizations	are	unable	to	effectively	and	efficiently	classify	them,	missing	out	on	business	opportunities.	
This	paper	presents	TETSC:	the	Topically-Enriched	Text	Snippet	Classification	method.	TETSC	aims	to	solve	
the	classification	problem	for	text	snippets	in	any	domain.	TETSC	recognizes	that	there	are	different	types	of	
text	snippets	and,	therefore,	allows	for	stop	word	removal,	named-entity	recognition,	and	topical	enrichment	
for	the	different	types	of	text	snippets.	TETSC	has	been	implemented	in	the	production	systems	of	a	personal	
finance	organization,	which	resulted	in	a	classification	error	reduction	of	over	21%.	Highlights:	The	authors	
create	the	TETSC	method	for	classifying	topically-enriched	text	snippets;	the	authors	differentiate	between	
different	types	of	text	snippets;	the	authors	show	a	successful	application	of	Named-Entity	Recognition	to	text	
snippets;	using	multiple	enrichment	strategies	appears	to	reduce	effectivity.
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1. INTRODUCTION: THE WICKED PROBLEM 
OF CLASSIFYING TEXT SNIPPETS

Therecentyearshavewitnessedanunprecedentedgrowthintheamountoftextsnippets.The
WashingtonPostreportsthatinMarch2013over400milliontweetsaresentperday,anincrease
from200millionsince2011(Tsukayama,2013;TwitterEngineering,2011).Thisisonlythe
increaseinthenumberoftextsnippetsfromonesource.Intoday’ssocietythereareplentyof
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placeswheretextsnippetsarefound.Twitterisoneplacementionedearlier,butalsoforinstance
searchenginesorbanksproducealargeamountoftextsnippetsperdayintheformofsearch
resultsnippetsorfinancialtransactions.

Mostofthesetextsnippetsaretakenasbeingofnodomain.This,however,isfarfromthe
truth.Thereareplentyofdomain-relatedtweetsbeingsentonadailybasis,customerservice
tweetsofcompaniesbeingoneexamplethereof.Furthermore,thereevenexistdomain-specific
searchengines,suchasMEDLINE,whicharedesignedtoyieldbetterresultsastheyareaimed
atspecificdomains.

Whilealotoftextsnippetsarecreatedandgeneratedonadailybasis,itcurrentlystillis
aproblemtoevenonlysummarizetheseso-calledtextsnippetsthroughclassification.While
theclassificationoflargedocumentshasreachedeffectivenesslevelscomparabletothoseof
trainedprofessionals,theclassificationofshorttexts,inthisresearchdenotedastextsnippets,
isdifferent(Sebastiani,2002).Chen,Xiaoming&Shen(2011)identifythereasonbeingmainly
thattextsnippetsareofshortlengthandthereforesufferfromsparsity.

Bynotbeingabletocorrectlyclassifytextsnippets,companiesmissoutonbusinessop-
portunities.Beingabletocorrectlyclassifytweets,forinstance,couldprovidealotofinforma-
tionthatcanbeusedtoidentifytrends,or,beingabletocorrectlyclassifyfinancialtransactions
couldprovideaccountownerswithvaluableoverviewsofexpenses,whichinturncanmake
themmoreincontroloftheirfinances.Anotherapplicationdomainwhichiswellknowntosuf-
ferfromvaluableinformationinunstructuredtextsnippets,ishealthcare,wheredoctorsoften
recordapatient’sdiagnosisand/orprognosisinthedossier’scommentfieldonly(Spruit,Vroon
&Batenburg,2014).

Thispaperattemptstosolvetheproblemofcorrectlyclassifyingdomain-specifictextsnippets
topredefinedcategories.Avastamountofliteraturecanbefoundintendedtosolvethisproblem.
Mostofthisliteratureisrelatedtotheenrichmentoftextsnippetsthroughvariousmeans:

1. Searchqueryresults(e.g.Sahami&Heilman,2006;Shenet	al.,2006);
2. Thecategoricalstructureofanintermediary(suchasWikipediaorYahoo,see,e.g.Shenet	

al.,2006;Gabrilovich&Markovitch,2005);
3. Anexternalcorpus(e.g.Gabrilovich&Markovitch,2006;Wang&Domeniconi,2008);
4. Topicmodels(e.g.Phan,Nguyen&Horiguchi,2008;Ramage,Dumais&Liebling,2010);

or
5. Lexicalinformation(e.g.Huet	al.,2009).

2. TETSC: THE TOPICALLY-ENRICHED TEXT 
SNIPPET CLASSIFICATION METHOD

Inthispaperweattempttosolvetheproblemofcorrectlyclassifyingdomain-specifictextsnippets
topredefinedcategoriesthroughcreatingTETSC,theTopically-EnrichedTextSnippetClassifica-
tionmethod.Thismethodiscreatedusingthemeta-modelingtechniqueofProcess-Deliverable
Diagrams(PDDs;Weerd&Brinkkemper,2008).TETSCisapplicableinanydomain,forexample
incombinationwiththeLinguisticEngineeringforBusinessIntelligence(LEBI)framework(Ot-
ten&Spruit,2011).TETSCfacilitatestheusageofanycombinationofthefiveaforementioned
techniquestotextsnippetenrichment.BecauseofthisTETSCisaflexiblemethod.Tokeepthe
dimensionalityincreaseinthemethodduetothisenrichmenttoaminimum,theusageoftopic
modelsontheenrichmentoftextsnippetsisenforced.
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Notethatwedonotintroducenewtextminingalgorithmsbutratherfocusonselectingthe
mostappropriateproventechniquesforthetaskathand.Vleugel,Spruit&Daal(2010)first
proposedthismeta-modellingapproachtoprescribe‘recipes’fordecisionanalyticsapplications.
Pachidi,Spruit&Weerd(2014)firstrefertothisresearchapproachastheemergingdiscipline
ofmeta-algorithmics(e.g.Simske2013).

Becausetopicinferenceonenrichmentsisenforced,TETSCseemssimilartothemethod
createdinPhanet	al.(2008)andNguyen,Phan&Horiguchi(2009).Thereis,however,afun-
damentaldifference.InPhanet	al.(2008)andNguyenet	al.(2009)textsnippetsareenriched
throughusingthetopicdistributionofthetextsnippetsthemselves,inferredonthetopicmodel
ofauniversaldataset.Inthispapertheintentistoincludethetopicdistributionofanexternal
enrichmentbasedonatopicmodelcreatedofthedatasetthisenrichmentisfrom.

Asidefromusingtopicmodelingtoreducethedimensionalityincreasecausedbyenrich-
ment,TETSCemploys stopword removal andNamed-EntityRecognition (NER) to reduce
theoveralldimensionality.Herebystopwordsarewords thatdonotconveyanysignificant
semanticstothetextsorphrasestheyappearin,andareremovedinmoststudies,suchasHuet	
al.(2009),Dragutet	al.(2009),andCarpineto&Romano(2012).NERisdefinedasaformof
informationextractioninwhichweseektoclassifyeverywordinadocumentasbeingaperson
name,organization,location,date,time,monetaryvalue,percentage,or“noneoftheabove”
(Borthwick,1999),and,althoughperformingpoorlywhenappliedtotweets(e.g.Ritter,Clark&
Etzioni,2011),isincludedasmultiplemachinelearningtechniquesaswellashandcraftedrule-
basedalgorithmstowardsNERexist.Ritteret	al.(2011)useonlyoneimplementationtowards
NER—theStanfordNER—leavingplentyalternativesuntested.

2.1. Process-Deliverable Diagram

Figure1showstheProcess-DeliverableDiagram(PDD)ofTETSC.Thecorrespondingconcepts
andactivitiesTablesarefoundinAppendixAandBrespectively.TETSCstartsoffwithaninitial
textsnippetcorpus.Itisimpliedthatthistextsnippetcorpusconsistsofareasonableamount
oftextsnippetsthathavealreadybeencategorized.Thisisneededtotraintheclassifiers.Ifno
historicaldataisavailable,asubsetoftheto-be-categorizeddatasetcanbeselectedandmanu-
allycategorized.It is importantthatnocategoryis leftemptyandthatareasonabletraining
samplepercategoryisusedtodeterminetheviabilityoftheemployedtechniques.Inclassifier
trainingemptycategoriesareusuallydiscarded.Shenet	al.(2006),forinstance,removesevery
categorywithlessthan10textsnippetstrainingdata,asotherwisenoviableclassificationto
thesecategoriescanbemade.

InTETSCfirstthedomainofthetextsnippetcorpusistobedetermined,aswellasthe
categoriestextsnippetscanbeclassifiedto.Next,itiskeytoidentifygenericstopwordsand
namedentities.TheimportanceofstopwordsandnamedentitiesidentificationinTETSCis
describedearlier,andisappliedintwostages.First,stopwordsandnamedentitiesthatcanoccur
inalltextsnippetsareidentified.Fortweetsthesecouldforinstancebelocationsandgeneric
stopwordssuchas‘the’,‘a’,and‘and’.Second,stopwordsandnamedentitiesareidentified
afteridentifyingspecifictextsnippettypes,whichallowsfortheidentificationofstopwords
andnamedentitiesthatareonlyimportantin,oroccurin,specifictextsnippettypes.

Priortobeingabletoidentifythesetype-specificstopwordsandnamedentities,however,
thetextsnippettypesthemselvesneedtobeidentified.Inthecaseoftweetsthesetypescould
benormaltweets,retweetsorresponsestotweets.Specificcharacteristicsforthesetextsnippet
typesaretobeidentified,basedonwhichrulesfortheiridentificationcanbecreated.
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Onceaspecifictextsnippettypeisidentifiedandiscleanedusingboththegenericandtype-
specificstopwordandnamedentitylist,anenrichmentstrategyforthisspecifictextsnippet
typecanbedeveloped.Thisenrichmentstrategyisrelatedtothepurposeofclassification,and
couldforinstanceentailtheoriginaltweetatweetistheresponseto.

Whenforeverytextsnippettypeanenrichmentstrategyisorisnotdeveloped,asnot
enrichingatextsnippettypeisalsoseenasanenrichmentstrategy,themethodcontinuesto
themodelbuildingactivity.Thisentailscleaningthetextsnippetcorpususingthepreviously
definedstopwordandnamedentitylist,creatingaclassifierbasedonthiscorpusofclean
textsnippets,creatingtopicmodelsofthevariousexternaldatasourcesinvolvedintheen-
richmentstrategies,deployingtheenrichmentstrategiesthroughenrichingtextsnippets,and
finallytraininganotherclassifierbasedonthisnewlycreatedcorpusofenrichedtextsnippets.

Oncethemodelbuildingactivityisperformedeverythingisinplaceforclassification,and
theimplementationofTETSCcanbetestedandevaluated.

3. IMPLEMENTATION: THE CASE OF FINANCIAL 
TRANSACTION DESCRIPTIONS

InthispaperTETSCisevaluatedthroughanimplementationataWest-Europeancompanyprovid-
ingpersonalfinancesoftware.Thiscompanyallowsuserstoimporttheirfinancialtransactions,
uponwhichthetransactionsareassignedacategoryusingtheirname(max.70characters)and
description(max.140characters).Basedontheassignmentofthesecategoriesusersarethen
providedwithanoverviewoftheirfinances.Keyinthisprocessisthatthiscategorizationprocess
isperformedwell.ThereforeTETSCisimplementedatthiscompany.

3.1. Data Exploration

The domain is defined as ‘Personal Finance’, as both Business-to-Consumers (B2C) and
Consumer-to-Consumer(C2C)transactionsareprocessed.76distinctcategoriesareidentified.
Aplethoraofgenericnamedentitiesareidentified,amongstwhichcitynames,dates, times,
IBANaccountnumbers,andsoforth.Thesenamedentitiesareidentifiedthroughahandcrafted
rule-based system,whichproves successfulbecause for all transactions thename field, and
forB2Ctransactionsalsothedescriptionfield,aregeneratedthroughautomatedmeans,which
causescommonstructures.

Preprocessingtransactionsusingthegenericstopwordandnamedentitylistisanimportant
step,evenifonlytoimprovesimilarityamongst(1)transactionsimportedfromdifferentbanks,
whoareallfreetopresentthesametransactionsindifferentways,(2)transactionsimportedat
differentpointsintime,asforinstancetheenforcedadoptionofSEPAinEuropechangesthe
way transactionsarepresented toconsumers,and(3) transactionsoriginatingfromdifferent
vendors,whotosomeextentarefreetodecidewhatispresentedtoconsumers.

3.2. Text Snippet Type Recognition

Nowgenericstopwordsandnamedentitiesareidentifiedforfinancialtransactions,alookis
takenatthedifferenttypesoftransactions.Inthiscasetheyareidentifiedaspersonaltransac-
tions,companytransactionsandundefinedtransactions.HerebythetypepersonalindicatesC2C
transactions, the typecompanyindicatesB2Ctransactions,and the typeundefined indicates
transactionswhere scripturalmoney is converted to a physical currency. Hereby the name
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Figure	1.	The	topically-enriched	text	snippet	classification	(TETSC)	method





6   International Journal of Strategic Decision Sciences, 6(3), 1-17, July-September 2015

‘undefined’ischosenaswhenthesetransactionsareimporteditisunknownwhatthemoneyis
spentonexactly.

Nextpertypecharacteristicsareidentified,andrulesaredevelopedfortheirrecognition.
Herebybothnegativeandpositiveassociationareallowed.Thereasonforthisisthatitishard
todefinepersonaltransactions,otherthanoncharacteristicstheyusuallydonotcontain,suchas
numericsequencesofmorethan10characters.Characteristicsareeasiertoidentifyforcompany
andundefinedtransactions,asthesetypicallyaremorestructured.Whenwithdrawingmoney
atabank,forinstance,acommonstructureisthewordATM,followedbyadate,timeandpass
number.

3.3. Text Snippet Enrichment Strategy

Onceaspecifictransactiontypecanberecognized,type-specificstopwordsandnamedenti-
tiesareidentified,whichincludesnamed-entitiesthatareusedbytheconsecutivelydeveloped
enrichment strategies. For personal transactions the person’s name is removed, as itmight
containanexistingwordthatinfluencesenrichmentwhilenotbeingrelatedtothepurposeof
thetransactionatall.Note,however,thatthispersonnameisaddedagainafterenriching,as
thepersonatransactionismadetocanbequiteidentifyingforatransaction.Onemight,for
instance,playsquashwiththesamepersoneveryweek,makingitmorelikelythatatransaction
tothatpersoninvolvessports.

Forcompanytransactionsthecompanynameisidentifiedbasedonheuristics.Firstlythe
transactionisinspectedfortheoccurrenceofDutchvariationsonLtd.orInc.Ifthesearenot
found,thenameofatransactionisinspected.Throughinspectingdatafromtestaccountsatdif-
ferentbanksitbecomesapparentthatifthenameofatransactiondoesnotstartwithapreviously
identifiednamedentity,itcontainsthecompanyname.Ifthenamedoesstartwithanamedentity,
however,thecompanynameismostlikelyinthedescriptionfield,andidentificationbecomes
harder.ThedescriptionfieldisinspectedfortheoccurrenceofaDutchcity,oneofthenamed
entitiesidentifiedatthegenericstopwordsandnamedentitiesidentificationstep.Thereason
forthisisthatlargecompaniesusuallyhavemultipleoffices,wherebythecitynameisoften
addedasanofficeidentifier.Ifacityisnotfoundeither,thecompanynameisdeterminedtobe
thelongestsequenceofnon-numericalcharactersinthedescription,containingatmost2spaces.

Anenrichmentstrategyisthencreatedforbothpersonalandcompanytransactions.Noen-
richmentstrategyiscreatedforundefinedtransactions,asforthesetransactionstherealcategory
cannotbedefined.TheenrichmentstrategiesaredescribedpertypeinthefollowingSubsections.

3.3.1. Personal Enrichment Strategy

ForpersonaltransactionsthetransactionsareenrichedusingWikipediapages.TheDutchWikipe-
diadumpof13January2014isimportedlocallyforthispurposeusingMediaWiki.Transactions
arelinkedtoWikipediapagesusingareplicationoftheTagmemethodofFerragina&Scaiella
(2012).TheresultsofthedifferentstepsaresummarizedandpresentedinFigure2.Becauseof
theunexpectedlowamountofremainingWikipediapages,theevaluationofanchorsandpages
byTagmeistakenintodoubtandanotherimplementationiscreatedusingthesamemethodof
linkingtransactionstoWikipediapages,butwithoutremovinganyanchorsorpages.Thismethod
isindicatedby‘noTagme’intheresultsSection.

OftheWikipediapagesofbothmethodsatopicmodeliscreatedusingGensim,aprogram
thatusesverylittlememoryduringmodelgenerationbecausethefilesthemodelisbeingcreated
fromarekeptondiskinsteadofin-memory(Řehůřek&Sojka,2010).
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Everyanchorname,theprobabilityit linkstoaspecificpage,theprobabilityit linksto
apageatall,thenumberofpagesthisanchoroccursonandthetopicdistributionofthefull
contentoftheWikipediapagethisanchorlinkstoisthenindexedinSOLR,aLucenebased
searchengine.Transactionsarelinkedtoanchorswhichinturnarelinkedtotopicdistributions
ofWikipediapagesusingqueriescontainingtransactionsequencesofuptofourwords.Hereby
sequencesoverlappingthenameanddescriptionfieldarenotallowed.SeeFigure3inSubsec-
tion3.4foranexample.

3.3.2. Company Enrichment Strategy

Companytransactionsareenrichedusingthesectorandtradeofthecompanynameidentified
earlier.QueriesoftheidentifiedcompanynamesaresenttoanonlineDutchdatabasecontain-
ingallcompanynames.Thisdatabasecontainsallcompanynames,aseveryDutchcompany
isenforcedbylawtoregisterthere.Astheidentifiedcompanynamemightcontaininformation
notincludedinthisdatabase,suchasa(sometimesincomplete)cityname,thequeryisreduced
byonewordifacompanyisnotfound.

Onceacompanyisidentifieditsuniqueidentifierisrecorded,andthreeothersourcesare
queriedforthesectorandthetradeofthecompany.First,alocallyavailabledatabasecontaining
2millioncompanynamesisqueried.Ifthesectorandtradearenotfound,twootherwebsites
specializedinthecollectionofcompanyinformationarequeried.Usingthistechnique82%of
theidentifiedcompanies(143,939outof176,229)areassignedatradeandsector.Thereason

Figure	2.	Summarized	results	of	the	implementation	of	Tagme	on	the	Dutch	Wikipedia
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thispercentageisnot100%isthatthetradesandsectorsinthesedatabasesaremostlymaintained
manually,andthereforearenotcomplete.Furthermore,somecompaniesidentifieddonotexist
anymoreandthereforemightbeskippedbysuchsites.

Linkingidentifiedcompanynamestocompaniesisdoneinanefficientway.Ifnocorre-
spondingcompanyisfound,thisisrecorded.Ifthereisacorrespondingcompanyfound,thistoo
isrecorded.Becauseofthistherequiredamountofwebrequestsdecreasesasthedatasetgrows.

3.4. Model Building

Basedonalargedatasetatrainingsetof10milliontransactionsisrandomlygeneratedandano-
nymizedthroughremovingtransactiondates,amountsandaccountnumbers.Thistrainingsetis
cleaned,ofwhichthetypedivisionisshowninTable1.Herebyremovedindicatestransactions
removedfromthetrainingsetbecauseneitherthenameordescriptionfieldcontainedanytext.
Forcompanytransactionsapproximately500,000probablecompanynameStringsareidentified,
resultingin176,229identifiedcompaniesasdescribedinSubsection3.3.2.Thereasononly180
thousandcompaniesareidentifiedisbecausemultipleprobablecompaniescanpointtowardthe
sameidentifiedcompany,aswellasthatsomecompanynamesaremaimedintransactions,and
thatsomearesimplyidentifiedwrongly.

TheMaximumEntropy(MaxEnt)implementationofOpenNLPisusedasaclassifier,for
itisoftenusedinliteratureincombinationwithtextsnippets(e.g.Chenet	al.2011;Phanet	al.
2008;Ritteretal.2011).Aclassifieristrainedonthetrainingsetbeforeitiscleanedasabaseline
andanotherafteritiscleaned.

TwotopicmodelsarecreatedofWikipedia,asdescribedinSubsection3.3.1,andonetopic
modeliscreatedofthetradeandsectorof143,939companies.BecauseMaxEntdoesnotwork
withprobabilities,whenevertopicdistributionsareinferred,theyarediscretizedusingthemethod
inPhanet	al.(2008)andNguyenet	al.(2009)withprobabilityintervalsof0.05forthecompany
topicmodeland0.06fortheWikipediatopicmodels.

AsstatedinSubsection3.3.1thetopicdistributionsofWikipediapagesareindexedinSOLR,
andappendedtotransactionsasindicatedbyFigure3.Whenenrichingfirstaquerytowards
SOLRisgenerated,andofthereturningresultsthediscretizedtopicdistributionsareappended.
AtmostoneWikipediapageisallowedasenrichmentperfourwordsinatransaction.

ForcompanytransactionstheentireprocessdescribedinSubsection3.3.2isperformed.
Herebycompanyidentificationandtopicinferencefornewtransactionsisperformedreal-time.
SeeFigure4forapossiblescenario.Firstthecompanynameisidentified,andqueriedatthe
Dutchdatabasecontainingallcompanynames(1).Acompanyisidentified(2),butnoentryin
thelocaldatabaseexistsforthiscompany.Thereforeanexternalsiteisqueriedforthiscompany
(3),andthetradeandsectorareidentified(4a+4b).ThistradeandsectorarethensenttoGensim
(5),andtheinferredtopicdistributionisreturned(6).Herebycompanytransactiontopicnumbers
areincreasedby1,000topreventinterferencewithtopicsgeneratedforpersonaltransactions.

Table	1.	Transaction	type	distribution	for	the	training	set

Transaction Type

Personal Company Undefined Total Removed

972,536 8,196,554 776,279 9,945,369 54,631
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Figure	3.	Personal	transaction	enrichment	visualized.	The	transaction	is	fictitious,	based	on	
one	of	the	researchers.

Figure	4.	Company	transaction	enrichment	visualized.	The	transaction	is	fictitious,	based	on	
one	of	the	researchers.
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Multipleclassifiersaretrainedonthetransactionswithvaryingcombinationsoftheenrich-
mentmethods,asisdescribedintheresultsSection.Theresultingclassificationarchitectureof
theimplementationofTETSCcanbefoundinFigure5.

4. RESULTS: TOWARDS ERROR AND 
DIMENSIONALITY REDUCTIONS

InordertotesttheimplementationofTETSCatestsetof5,313transactionsiscreatedandmanu-
allyverified.ThetypedistributionofthistestsetisshowninTable2.Ofthistestsetvariations
corresponding to thecreated trainingsetsarecreated.Testsareperformedona laptop,with
hard-andsoftwarespecificationsasdescribedinTable3.

TheresultsoftheinitialtestsareshowninTable4.AdditionallyinthisTableisthe‘Sani-
tized’set,forwhichthepreprocessingtechniquebasedpurelyonstopwordremovalinplace
atthepersonalfinancecompanypriortoimplementingTETSCisused.Shownhereisthatthe
initialclassificationperformancewithoutenrichmentisalreadyquitehigh,andthatusingthe
differentenrichmentmethodsseeminglylittleclassificationperformanceincreaseisachieved
whenlookingpurelyattheF0,25-score.

Figure	5.	Classification	architecture	after	implementing	TETSC
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Interestingtoseeisthatthe‘sanitized’setperformsreallywellforpersonaltransactions,
butworsefortheothertypestransactions.Becauselessthan10%ofthetransactionsareofthe
typepersonal,theoverallperformanceincreaseofthesanitizedtypeismarginal.

Furthermore,interestingtoseeisthatemployingonlytheenrichmentstrategyforpersonal
transactionsperformsbetterthanemployingboththepersonalandcompanyenrichmentstrate-
giestogether.This,whilebothstrategiesindividuallyincreaseperformancewhencomparedto
notemployinganyenrichmentstrategyatall.

ThetimerequiredbyandthedimensionalityofthedifferenttrainingsetsisshowninTable
5.Interestingtoseehereisthatthe‘clean’setimplementedfromTETSCperformsalotbetterin
dimensionalityreductionthanthe‘sanitized’set.Furthermore,whereasthe‘clean’setrequires
moreprocessingtime,therebyimpairingefficiency,thiscanbeaccountedtotherecognitionof
citynamesintransactions.

Basedontheinitialresultsadditionaltestsarerun,withvaryingparametersforthetopicmodels
andtheclassifiers.Abest-of-breedmodeliscreated,ofwhichtheperformanceisshowninTable
6.ThisshowsthatusingthebestcombinationofsetsanF0.25-scoreof88.71%isachieved,which
isanerrorreductionof21.26%fromusingnopreprocessingmethodorenrichmentstrategyatall.

Thebest-of-breedmodelrequirestheusageofdifferentpreprocessingmethodsfortransaction
typesinthegenerationofclassificationmodelsforspecifictransactiontypes.Theseareshown
inTable7.Itmightseemoddthattransactionsarepreprocessedindifferentwaysforclassifica-
tionmodelgeneration.Sincethesemodelsdonothavetobegeneratedreal-time,however,this
incursnoefficiencydecrease.

Table	2.	Transaction	type	distribution	for	the	test	set

Transaction Type

Personal Company Undefined Total

415 4,457 441 5,313

Table	3.	Hard	and	software	specifications	of	the	system	where	performance	is	tested	on

Specification Value

Model DellLatitudeE6530

Processor Inteli7-3740QM(2,7/3,7GHz)

RAM 16GBDDR3(1600MHz)

Storage ADATASSDSX900512GB-DL2

PHP 64-bit,version5.4.12

MySQL Version5.6.12

Java 64-bit,version1.7.0u45

Python WinPython64-bit,version2.7.6.3

SOLR Version4.7.0

Memcached	(server) Version1.4.5_4_gaa7839e

OpenNLP Version1.5.3

Gensim Version0.9.1
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Table	5.	Time	requirements	of	the	different	steps	of	TETSC	for	the	training	sets,	and	the	dimen-
sionality	of	their	data

Training Set Clean 
Time (in 
Seconds)

Clean Time 
(Transactions 
per Second)

Classification 
Time 

(in Seconds)

Number of 
Terms

Dirty 1 5,313 <1 8,513,393

Sanitized 12 433 <1 1,871,512

Clean 38 140 <1 824,617

Clean(w/ocityrecognition) 13 409 <1 824,617

Clean+topicspersonal(Tagme) 38,5 138 <1 824,767

Clean+topicspersonal(noTagme) 39 136 <1 824,767

Clean+topicscompanies 40 133 <1 823,503

Clean+topicscompanies,personal(Tagme) 40 133 <1 825,220

Clean+topicscompanies,personal(noTagme) 43 124 <1 825,220

Table	6.	F0.25-score	and	error	reduction	of	the	best-of-breed	model	created	for	classification	using	
TETSC.	*	Error	reduction	from	using	no	preprocessing	or	enrichment	method	at	all.

Personal Company Undefined Total

F0.25-score 87.23% 88.67% 90.48% 88.71%

Errorreduction* 67.68% 9.01% 2.33% 21.26%

Table	4.	F0.25-score	for	the	different	training	sets.	Topic	models	are	created	using	k	=	150,	α	=	
0.3	and	η	=	0.01.	Topic	discretization	intervals	for	company	transactions	are	0.05,	and	0.06	for	
personal	transactions.	MaxEnt	models	are	generated	using	250	iterations.

Training Set F0,25-Score

Total Personal Company Undefined

Dirty 85.66% 60.48% 87.55% 90.25%

Sanitized 85.77% 79.47% 86.02% 89.12%

Clean 86.41% 62.17% 88.36% 89.57%

Clean(w/ocityrecognition) 86.41% 62.17% 88.36% 89.57%

Clean+Topicspersonal(Tagme) 86.35% 61.20% 88.38% 89.57%

Clean+Topicspersonal(noTagme) 86.75% 62.89% 88.67% 89.80%

Clean+Topicscompanies 86.50% 61.20% 88.56% 89.57%

Clean+Topicscompanies,personal(Tagme) 86.54% 61.45% 88.58% 89.57%

Clean+Topicscompanies,personal(noTagme) 86.66% 62.41% 88.60% 89.80%
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5. CONCLUSION

ThispaperpresentsTETSC,theTopically-EnrichedTextSnippetClassificationmethod.Through
implementationTETSCshowsflexibleinallowingtheidentificationofmultipletextsnippettypes
andenrichmentstrategiesforsaidtypes.Whereasitisshownthatclassificationperformance
forfinancialtransactionswithoutapplyinganypreprocessingorenrichmentisalreadyhigh,it
isalsoshownthattheerrorcanreducedbyanadditional21%throughstopwordremoval,NER
andtopicalenrichment,whilesimultaneouslyreducingdimensionalityby90%.

Furthermore,thispapershowsapracticalimplementationofthetopicprobabilitydistribution
discretizationmethodofPhanet	al.(2008)andNguyenet	al.(2009),thepartialimplementation
oftheTagmemethodofFerragina&Scaiella(2012)andthemeta-modelingtechniqueofWeerd
&Brinkkemper(2008).WhereasapplicationoftheTETSCmethoddoesnotpermanentlysolve
theproblemofcorrectlyclassifyingdomain-specific textsnippet topredefinedcategories, it
certainlycontributestowardsthissolutionbybothapplyingexistingknowledgecontainedin
thescientificknowledgebase,aswellasaddingnew.

Themainlimitationofthispaperisgeneralizability.TETSCisvalidatedthroughonlyone
implementation.Whilegoodresultsareachieved,thequestionremainsifsuchimprovements
arereproduciblefortextsnippetsinotherdomains.

Table	 7.	 The	 required	 preprocessing	 and	 enrichment	methods	 for	 specific	 transaction	 types	
(columns),	as	is	required	to	create	the	classification	models	that	achieve	the	best	classification	
performance	in	classifying	specific	transaction	types	(rows).	Topic	models	are	created	using	α	
=	1	/	k	and	η	=	0.01.	The	topic	discretization	interval	for	company	transactions	are	0.05,	and	
0.06	for	personal	transactions.	MaxEnt	models	are	generated	using	500,	250	and	50	iterations	
for	the	models	respectively	from	top	to	bottom.

Preprocessing Method

Transaction Type Personal Company Undefined

Personal Sanitized+topicspersonal(noTagme,k=50) Clean Clean

Company Clean+topicspersonal(noTagme,k=150) Clean Clean

Undefined Dirty Dirty Dirty

Table	8.	Glossary

Term Definition

ATM AutomatedTellerMachine

B2C Business-to-Consumer

C2C Consumer-to-Consumer

MaxEnt MaximumEntropy

NER Named-EntityRecognition

PDD Process-DeliverableDiagram

TETSC Topically-EnrichedTextSnippetClassificationmethod
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APPENDIX A

Table	9.	Concepts	of	TETSC

Concept Description

textsnippetcorpus Acorpusisacollectionofdocuments(Sebastiani,2002).Atextsnippetcorpusisa
corpusoftextsnippets.

textsnippet Asmallsectionoftextthattypicallydoesnotcontainmorethantwoorthreesentences.

textsnippettypes Thecollectionofalltypesoftextsnippetsforthistextsnippetcorpus.

textsnippettype Asingulartypeoftextsnippet.Atextsnippettypehascharacteristicsthatallowthe
typetoberecognized.

rule-basedsystem Amodularizedknow-howsystem,whereknow-howispracticalproblem-solving
knowledge(Hayes-Roth,1985).InTETSCknowledgeoftextsnippetsisusedto
recognizetextsnippettypes.

stopwordandnamed
entitylist

Stopwordsarewordsthatdonotconveyanysignificantsemanticstothetextsor
phrasestheyappearin(Dragutet	al.,2009).Anamedentityisaformofinformation
extractioninwhichweseektoclassifyeverywordinadocumentasbeingaperson-
name,organization,location,date,time,monetaryvalue,percentage,or“noneofthe
above”(Borthwick,1999).Astopwordandnamedentitylistisalistofstopwordsto
beremovedandnamedentitiestoberecognizedandconsistsofagenericstopword
andnamedentitylistandmultipletypespecificstopwordandnamedentitylist.

genericstopwordand
namedentitylist

Genericstopwordsandnamedentitiesarewordsandnamedentitiesthatcommonly
occuramongstalltextsnippets,andagenericstopwordandnamedentitylistisalist
thereof.

type-specificstopword
andnamedentitylist

Type-specificstopwordsandnamedentitiesarewordsandnamedentitiesthat
commonlyoccuronlyamongstonetextsnippettype.Atypespecificstopwordand
namedentitylistisalistthereof.

enrichmentstrategy Enrichmentisdefinedas“improvingorenhancingthequalityorvalueof”(The
OxfordDictionary).enrichmentstrategyisthestrategyofhowthisimprovement
orenhancementofthequalityorvalueofaspecifictextsnippettypeisachieved.
Anenrichmentstrategyistextsnippettype-specificandinvolvesexternaldata
source(s)andcleantextsnippets.

externaldatasource Adatasourceotherthanthetextsnippetcorpus.Anexternaldatasourcecanbe
eitheron-orofflineavailable.

topicmodel Atopicmodelisamodeloftopics,whereatopicisaprobabilitydistributionover
termsinavocabulary(Blei&McAuliffe,2007).topicmodelsinTETSCarecreated
fromexternaldatasource(s)andareusedtoenrichcleantextsnippetsbasedonan
enrichmentstrategy.

cleantextsnippet Atextsnippetwithstopwordsremovedandnamedentitiesrecognizedusingthestop
wordandnamedentitylist.

enrichedtextsnippet Acleantextsnippetenrichedbytopicsfromatopicmodel,asdescribedbythe
enrichmentstrategy.

classifier Aclassifiertakesanunlabeledexampleandassignsittoaclass(Domingos&Pazzani,
1997).InTETSCtwoclassifiersarecreated,oneforclassifyingcleantextsnippets
andoneforclassifyingenrichedtextsnippets.
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APPENDIX B

Table	10.	Activities	of	TETSC

Activity Sub-Activity Description

Data exploration Identifydomain ThetextsnippetcorpususedinTETSChasadomainwhichistobe
identified.

Identifycategories textsnippetsinthetextsnippetcorpusaretobeassignedto
categories.Thesecategoriesneedtobeidentified.

Identifygenericstop
wordsandnamed
entities

textsnippetscontaingenericstopwordsthatprovidenoaddedvalue
andcanbefilteredoutoforreplacedineverytextsnippet.Asidefrom
thistextsnippetscontainnamedentitieswhichcanberecognized.
Thesepotentialgenericstopwordsandnamedentitiesaretobe
identifiedandaddedtothegenericstopwordandnamedentitylist.

Text snippet 
type recognition

Identifytextsnippet
types

textsnippetsinthetextsnippetcorpusmaybeofdifferenttypes
requiringdifferentpreprocessingandenrichmenttechniques.These
typesaretobeidentified.

Selecttextsnippet
type

Onesingletextsnippettypeistobeselected,forwhichthefollowing
activitiesaretobeperformed.

Identifytype
characteristics

Atextsnippettypehascharacteristicswhichallowfortherecognition
ofthetypeinasnippet.Thesecharacteristicsaretobeidentified.

Developrulesto
identifytextsnippet
type

Thecharacteristicsofthetextsnippettypecanbeautomatically
recognizedusingrules.Theserulesaretobedevelopedandaddedto
therule-basedsystem.

Text snippet 
enrichment 
strategy

Identifytype-
specificstopwords
andnamedentities

Asidefromgenericstopwordsandnamedentities,atextsnippettype
containstype-specificstopwordsthatshouldberemovedorreplaced
andnamedentitiesthatshouldberecognizedinthecaseofaspecific
textsnippettype.Thesepotentialstopwordsandnamedentitiesare
addedtoatype-specificstopwordandnamedentitylist.

Developenrichment
strategy

Identifiedcharacteristicsandnamedentitiesofthetextsnippet
typerevealinformationthatcanbeusedtodeviseatype-specific
enrichmentstrategyusingexternaldatasource(s).Thisenrichment
strategyistobedeveloped.

Model building Cleantextsnippets Havingidentifiedstopwordsandnamed-entitiesforalltextsnippet
types,thenextstepistocleanthetextsnippetcorpususingthestop
wordandnamedentitylist.

Trainclassifier Aclassifieristobetrainedon(atrainingsetof)thetextsnippet
corpuscontainingcleantextsnippetsorenrichedtextsnippets.

Createtopicmodels
ofexternaldata
sources

topicmodelsarecreatedofexternaldatasourcesusedinenrichment
strategies.

Enrichtextsnippets cleantextsnippetsareenrichedusingtopicsofthetopicmodels.
Thesetopicsareinferredfromenrichmentsgatheredfromexternal
datasourcesasdescribedintheenrichmentstrategy.


