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ABSTRACT

Amulti-labelvariantofemailclassificationnamedML-EC2(multi-labelemailclassificationusing
clustering)hasbeenproposedinthiswork.ML-EC2isahybridalgorithmbasedontextclustering,
textclassification,frequent-termcalculation(basedonlatentdirichletallocation),andtaxonomic
term-mappingtechnique.Itisanexampleofclassificationusingtextclusteringtechnique.Itstudies
theproblemwhereeachemailclusterrepresentsasingleclasslabelwhileitisassociatedwithset
ofclusterlabels.Itismulti-labeltext-clustering-basedclassificationalgorithminwhichanemail
clustercanbemappedtomorethanoneemailcategorywhenclusterlabelmatcheswithmorethan
onecategoryterm.Thealgorithmwillbehelpfulwhenthereisavagueideaoftopic.Theperformance
parametersEntropyandDavies-BouldinIndexareusedtoevaluatethedesignedalgorithm.
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INTRodUCTIoN

As thenumberof incomingemailmessages increases, itbecomesverydifficult for theusers to
handletheseemails.Therearedifferenttoolsforfacilitatingthemanagementofincomingemails.
e.g.useofthreadsanduseoffoldersorlabelsforclassifyingincomingemails.Emailcategorization
(classification)isaprocessofclassifyingemailstodiscretesetofpredefinedcategories.Categorization
ofemailsbecomesdifficultduetotheenormousvolumeofemails(sent/received)aswellasdifferent
topicsmaybediscussedinanemail.Hence,categorizingemailsmanuallybecomesaheavyburden
forusers.Categorizingemailsbyidentifyingcategoricaltermsisanimportantissue.Itaddssemantics
toemailmanagement.Multilabelemailclassificationisnotexploredindetailinliterature.

Theobjectiveofthispaperistodetectsimilaremailsandcategorizetheminmultilabelclassesas
wellastoidentify(discover)categoricaltermsinadifferentwaybyadaptinglatentDirichletallocation
(LDA)astopicmodellingapproach.Hence,toaccomplishtheobjectives;analgorithmMultiLabel
EmailClassificationusingClustering(ML-EC2)isproposedinthispaper.Itisatypeofmultiple
classificationofemails.Classifyingemailsintoclassescanbetopicorientedorgrouporiented.Topic
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orientedclassificationincludestheemailsbelongingtosuchas“jobopportunities”,“entertainment”
etc.,whereasgrouporientedclassificationcanbe“placespecific”,“peoplespecific”,“courseor
projectspecific”.Inmultilabelclassificationofemails,eachemailfilemaybelongtooneormore
numberofcategories.ThealgorithmML-EC2hasbeendesignedforcreatingthecategorizedgroups
ofsimilaremailsusingtextualsimilarityofemailattribute.Itisamulti-labeltextclusteringbased
classificationalgorithm,whereoneemailclustercanbemappedtomorethanoneemailcategory.If
inasinglelabelthereare1500emailsonthesametopicsupposeonentertainmentthenitbecomes
verydifficultandtimeconsumingtofindadesiredemail.Hencetoovercomethisproblemamulti
classcategorizationofemailhasbeendesignedandimplemented.Ahierarchyisformedwithasingle
label/class.Forexample, inentertainmentclassahierarchyofmusic,videos,moviesetc.canbe
formedandtheemailassociatedwithconcernedlabel(class)canbeplacedonthesesub-hierarchies.
Theproposedtechniqueofemailcategorizationcanreducetheproblemofemailoverload.

LITERATURE REVIEW

Managinghugeamountofemailsreceivedfromusersisaverychallengingproblemwhichneedsto
besolvedinaneffectiveandefficientway.Variousresearcheshavebeendoneinthefieldofemail
mining.Someofthesurveysdoneareasfollows.

Park&An (2010)proposed anEmailmulticategory classification approachusing semantic
featuresandadynamiccategoryhierarchyreconstructionmethodinwhichtheuserreorganizesall
e-mailmessagesintocategories.Guan&Yuan(2013)reviewstheexistingworkonmislabeleddata
detectiontechniquesforpatternclassificationandclassifiesthemintothreetypes:Locallearning-
based, ensemble learning-based and single learning-based methods. The author Armentano &
Amandi (2014)presentedanapproach to label the incomingemailsbasedonuserpreference; a
setofexperimentsusingGoogle’swebmailsystem,Gmail isperformedtoobtainagoodrateof
acceptanceoftheagentinteractions.Alsmadi&Alhami(2015)introducedanalgorithmforperforming
clusteringandclassificationofemailtextcorpus.Theyhaveproposedamodelforclassificationof
emailsbasedonsubjectandfolderusingN-grams.Islametal.(2009)proposedanewtechniqueof
e-mailclassificationbasedontheanalysisofgreylist(GL),whichusesmulti-classifierclassification
ensemblesofstatisticallearningalgorithms.

Sakurai&Suyama(2005)proposedamethodtoextractkeyconceptsfrome-mailsandpresents
theirstatisticalinformationwhichhasbeenappliedtothreekindsofanalysistasks:aproductanalysis
task, a contents analysis task, and an address analysis task in which acquired concept relation
dictionariesgavehighprecisionratiosintheclassification.Koprinskaetal.(2007)investigatedthe
useofrandomforestforautomatice-mailfilingintofoldersandspame-mailfiltering.Sappelliet
al.(2005)presentedanapproachofcategorizingemailsthatcanalleviatethecommonproblemof
emailoverload.Sunetal. (2010)developedaclusteringbasedalgorithmfordetectingduplicate
emailsbyusinghashfunction.Gomezetal.(2012)classifiedemailsintospamandhambyreducing
thedimensionalityofemailusingPrincipalComponentAnalysis(PCA)andcompareseveralfeature
selection methods with novel content-based statistical feature extraction techniques. Recently a
SingularValueDecomposition(SVD)methodhasbeenproposedbyZareapooretal.(2015)toclassify
emailinordertocompresssparseemaildatabutretainingthemostinformativeanddiscriminate
featuresofemail.Aloui&Neji(2010)developedamulti-agentssystemEQASTO(E-mailsQuestion
AnsweringSystemusingText-miningandOntologicaltechniques)torelievetheburdenofe-mails
processingbyusingacombinationoftext-miningandontologicaltechniquestoclassifysemantically
e-mails,fetch,generate,andsendanswersautomaticallytolearners.Bekkarmanetal.(2004)presented
anemailfolderingschemebyusingtwolargecorporai.e.EnronandSRIandpointoutthechallenges
arisesbyusingemailfolderingschemeinsteadoftraditionaldocumentclassification.Theauthor
Beseisoetal.(2012)proposedanontologybasedemailknowledgeextractionprocesswhichreduces
theuserstimeandresourcestohandleunstructuredEmailmessages.
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Carmona-Cejudoetal.(2011)presentedGNUsmail,anopen-sourceextensibleframeworkwhich
incorporatesfeatureextraction,featureselection,learningandevaluationmethodsinthedomainof
emailclassification.Bermejoetal.(2011)proposedamethodforEmailfolderclassificationbasedon
learningandsamplingprobabilitydistributions.Mancoetal.(2008)proposedaunifiedframework
forhandlinghugeamountofemailsreceivedfromusersandclustertheseemailsbasedonsimilar
featuretoauser-definedfolder.Patterndiscoveryandclusteringapproachhasbeenappliedforemail
classification.Zhangetal.(2016)proposedaLabelCompression(LC)methodtermedasrobustlabel
compression(RLC)todealwithoutlierspresentinfeaturespace.Thismethodreducesthetimecost
andalsoimprovesclassificationperformanceformultilabelclassification.Dehghanietal.(2016)
developedamodelAlecsaanattentivelearningapproachforautomaticemailcategorization.Alecsa
usesstructuralaspectsofemailasdistinguishingfeaturetoidentifythebehaviorofuserswhilethey
attempt to categorize a newemail. Schmid et al. (2015) categorized texts to address authorship
attributionproblem.Sharaff&Nagwani(2019)incorporatesthetextualsimilaritybetweenemail
attributesusingLatentDirichletAllocationinidentifyingcategoricalterms.Clusteringofemailsi.e.
formingagroupofsimilaremailsisakeyareaofemailmining.Variousalgorithmsandapproaches
hasbeenusedtoformclusterofemailssuchaspatternmatching,quantitativeprofiles(Špitalský,
&Grendár,2013),basedonsemantics(He,B.,Li,Z.,&Yang,N.2014),unsupervisedclustering
usinglabelingofsimilarcontexts(Kulkarni,&Pedersen,2005).Clusteringofemailshasvarious
applications;automaticansweringsystems(Li,etal.2006),managingemailoverload(Xiang,2009),
emailforensicanalysis,hierarchicaluserfeedback(Huang,&Mitchell,2008).

METHodoLoGy

Emailclassificationisachallengingareaasemailcontainslargenumbersofattributes(features)
(Wang,Liu,Feng,&Zhu,2015).Attributeselectionisthemaindecidingfactorinemailclassification
problem.Attributesinemailcanberelatedtoheaderssectionorcanberelatedtothecontentsection.
Header section includes “to mail_id (receiver)”, “from mail_id (sender)” addresses, “date” and
“time”ofemailwhichcanshowthetrendofemail,etc.whereascontentsectionincludes“subject”,
“body”,“words”,“sequenceofwords”etc.Contentsectionofemailsi.e.subjectandbodypartof
emailmessagesareconsideredinthisworktoprovidemultilabelcategorizationofemailclusters.
ThemethodologyoftheproposedworkispresentedinFigure1.Theoverallresearchworkisdivided
intwophase.Thefirstphaseistogeneratetaxonomic(categorical)termsandsecondphaseisto
providelabelingofemailconcerningwithitsassociatedcategory.

Firstly,emailsareretrievedandthenpreprocessingactivitiessuchasparsing,tokenization,removal
ofstopwords,stemmingareusedtoeliminatetheirrelevantwordswhichdonothaveanysignificance
intheprocess(Berry,2004).Oncethepreprocessingactivitieshavebeenapplied,emailattribute
similarity has been computed by forming clusters of emails. K-means clustering, agglomerative
clusteringandNMFclusteringalgorithmhasbeenusedtoformemailclusters.Oncetheclustersare
formed,thenfrequenttermsareidentifiedandclustersarelabeledusingtheseuniquefrequentterms
(features).LDA(Wei,&Croft,2006)atopicmodelinghasbeenusedtogeneratecategoricalterms.
LDAisthetopicmodelingbasedclusteringalgorithmwhereclustersaredecidedonthebasisoftopics
generatedandcontentsimilarity(Sharaff,&Nagwani,2016).Thelabelsgeneratedarethenmapped
tocategoricalterms(belongingtopre-definedcategory)andthenemailclusterswithitscategoryare
identified.Thefinalstepistoevaluatetheresultsobtainedbyusingperformanceparametermeasure.

The ML-EC2 Algorithm
LetCdenotethecategorytaxonomictermsinstancespaceandLdenotetheclass/clusterlabelspace.

ThetaskofsupervisedlearningbasedML-EC2istolearnafunction:

f:C→L
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fromthetrainingset:

{(ci,li)|1≤i≤m}

Here,ci∈Cisaninstanceofcategorycharacterizingtheproperties(features)ofacategoryand
li∈Listhecorrespondingclass/clusterlabelcharacterizingitssemanticsassociatedwithci.

Figure 1. Major steps in ML-EC2 algorithm
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AlgorithmML-EC2

Returns: a) K-Clusters consisting of similar emails
         b) Categories of each cluster 
Arguments: τ- Category Threshold
           N- Number of frequent terms in cluster labels 
           K- Number of cluster to be formed 
           W

s
– Similarity weight for attribute Subject

           W
c
- Similarity weight for attribute Content

Step 1 Preprocessing of data
       For each email message 
       1a) Parse and extract email attributes from each email file. 
       1b) Perform Stopping and Stemming to email attributes (subject 
           and content). 
Step 2 Email Binary Classification
       Classify emails as either spam or non-spam (ham) messages  
       using classification algorithm. 
Step 3 Email Clustering
  Apply K-means clustering algorithm to create email clusters
       3a) Randomly choose any K emails as a centroid (C) of each cluster. 
       3b) For each email E

i
 and the centroid email (C

j
), 

           calculate the textual similarity between attributes  
           subject and content, using similarity weights W

s
 and 

           W
c
 such that the similarity value is normalized to 1. 

           i.e. W
s
 + W

c
 =1.

       3c) Sim (E
i
, C

j
) = W

s
 x Sim (E

i-subject
, C

j-subject
) + W

c
 x Sim (E

i-content
, C

j- content
)

       3d) Calculate the relative distance (d) between emails  
           and all the centroids by using cosine similarity  
           (distance = 1 – cosine similarity). 
       3e) Put each email into the cluster of their nearest (d  
           will be minimum) centroid. 
       3f) Calculate new centroids (C

new
) by taking the mean of the 

           distance in each cluster. 
       3g) Repeat step 3b to 3f until the value of old centroids  
           equals to the new centroids. 
                                OR
Apply Agglomerative clustering algorithm to create email clusters
       3a) Find the email messages or email cluster which have  
           highest similarity (or minimum dissimilarity). 
       3b) Now successively merge these email clusters to form a  
           cluster hierarchy based on their similarity. 
       3c) Repeat step 3b until a single cluster remains. 
                                OR
Apply NMF clustering algorithm to create email clusters
       3a) Construct Term Email Matrix (TEM) from email corpus 
       3b) Determine the two non-negative matrices W and H from TEM. 
       3c) Normalize W and H obtained from step 2b. 
       3d) Use matrix H to obtain cluster label from each email. 
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Step4 Cluster Label Generation - Using Frequent Terms for a Cluster
For each cluster C

i
, get the lists of emails belonging to this cluster.

       4a) Extract the subject and content of these emails. 
       4b) Concatenate this textual data to form the cluster text data. 
       4c) Calculate the N frequent terms {T

i1
,T

i2
 ···T

iN
} from each 

           cluster text data, and assign them to these clusters as  
           cluster labels. 
       4d) Label (C

i
) ← {T

i1
, T

i2
 ···T

iN
}

Step5 Mapping Clusters to Classes
       For each cluster C

i
, get each term T

iK
 in the Label (C

i
) 

       (cluster label) and match it with the email taxonomic  
       terms. The match indicates the belongingness of cluster in  
       that email category. If number of matching term is more  
       than the category threshold (τ) then put that email to that  
       category. If the matching term with taxonomic terms is  
       more than the category threshold (τ) of two or more number  
       of categories, then the cluster will belong to all of these categories. 
Step6 Performance Evaluation and Output Representation
       Calculate performance parameters Entropy and Davies-Bouldin  
       Index over Sample size, Number of Clusters.

Theclassificationusingaclusteringalgorithmformulti-labelclassificationofemailshas
beenpresentedinthissection.Thealgorithmperformsthetaskofmultilabelclassification
in five steps. The input to this algorithm is set of emails, the number of frequent terms
obtained through LDA, number of clusters to be formed, category threshold, similarity
weightforsubjectWsandcontentWc.ThesimilarityweightofWsandWcshouldbesuch
thatthesumofthesetwowillbecome1.ThesimilarityweighthasbeenchosenmoreforWs
asmoreemphasisisgivenonsubjectratherthancontent.ForexperimentalanalysisWshas
beentakenas0.6andWcas0.4.Categorythresholdrepresentsthevaluewhichdetermines
thenumberoffrequenttermsabovewhichtheemailclusterwillbelongtoonecategoryor
morethanonecategory.Theoutputofthealgorithmwillbethenumberofsimilaremails
belongingtoaparticularclusterandthecategoryofeachcluster.Oneclustercanbelongto
morethanonecategoryistheideabehindthisresearch.Theoverallapproachofproposed
workhasdiscussedindetailbelow:

• Preprocessing

Thefirststepistoparsetheemaildataretrievedandextracttherequiredfeatures.Extractionof
featuresisdonebyapplyingpreprocessingactivitiesoveremaildata.Preprocessingofemaildata
involves twomajorpreprocessingactivitiesnamelyStoppingandStemming.Stopping isused to
removeirrelevantwordssuchas“is”,“to”,“am”,“for”,“are”etc.Stemmingisusedtoformroot
wordssuchas“covers”,“covered”and“covering”willbeconvertedtoword“cover”sothatallthe
wordsshouldbeuniformlyconsideredasuniqueword.

• EmailBinaryClassification

Oncethepreprocessedemailhasbeenobtained,emailsareclassifiedintoclassesspamornon-
spam.Thisclassificationisdonebyusinganyclassificationtechnique.Non-spamemailmessages
areconsideredforperformingtheresearch.
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• EmailClustering:CreateEmailClustersusingK-meansorAgglomerativeorNMF

Clusteringalgorithmhasbeenusedtoformtheemailsclusters.Eachclustercontainsthe
emails which are similar in their content to derive relevant information from a huge corpus
of emails. Clusters are formed by using one of the clustering technique among K-means or
agglomerativeorNMF.

• ClusterLabelGeneration

Afterformingtheclusters,eachclusterhastobelabeled.Theclusterlabelisgeneratedby
selectingandconcatenatingtheN-mostfrequentwordsthatarepresentinthecluster.Selection
ofvalueofNdependsontheextentofdetailsthattheuserwantstorepresentforeachcluster.If
Nistoohigh,thentheresultswillnotbegeneralizedandwouldoverfitthedata,whereasifNis
toolow,usefulinformationmaygetlost.Ifthetermsobtainedinclusterlabelmatcheswiththe
categoricaltermswithathresholdvalue(categorythreshold)thenthatclusterwillbelongtothat
category.Ifthematchingterm(frequenttermsobtainedthroughclusterlabel)withtaxonomic
termsismorethanacategorythresholdoftwoormorenumberofcategoriesthenthecluster
willbelongtoallofthesecategories.

• MappingClusterstoClasses

ThevariousclassestowhicheachclusteristobeassignedhavebeengeneratedusingLDA.Each
classconsistsofasetofwordswhichdescribesthegistoftheclasses.Hencetheclustersaremapped
toclassesbasedontheirlabels.Thewordsonthelabelofaclusterarematchedwiththewordsin
eachclass.Themostsuitableclassbasedonthismatchingisselectedforthatcluster.Ifnoneofthe
classesmappedtothecluster,thentheclusterisdeemedasuncategorized.Multipleclusterscanbe
assignedtoasingleclass,whichisamany-to-oneformofmapping.

• PerformanceEvaluationandOutputRepresentation

TheperformanceparametersSamplesize,NumberofClusters,EntropyandDavies-Bouldin
indexarecalculated.

Email Clustering
Severaltextclusteringapproachesareusedforformingclustersofemailmessages.Inthispaper,
K-means,AgglomerativeandNon-negativeMatrixFactorization (NMF)clusteringapproaches
arediscussed.

• K–means

K–meansisaniterativeclusteringapproach.Themainideabehindk–meansclusteringapproach
istoselectinitiallykseeds(ormessages)fromtheoriginaldataandassigntheemailmessagesto
emailmessagestooneofthesekseedsbasedontheirclosestsimilarity.Inthenextstep,thecentroid
ofassignedmessagestoeachseediscomputedinordertodefineanewseedforthatcluster.The
processcontinues till itconverges.Themaindisavantagewithk-means is the initial selectionof
seedswhichaffectsthequalityofclusterformed.Henceagglomerativeclusteringapproachisused
todecidetheinitialknumberofseeds(Alsmadi&Alhami2015).
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• AgglomerativeClustering

Agglomerativeclusteringisahierarchicalclusteringtechniquebasedonbottomupapproach.It
createsatreelikeahierarchyandimprovesthesearchingprocess.Theconceptbehindagglomerative
clusteringapproachistosuccessivelymergethemessagesintoclustersbyfindingthebestpairwise
similaritybetweenthemessagesandgroups.Thisclusteringtechniqueformsadendogramorcluster
hierarchyinwhicheachleafnoderepresentsanindividualmessage,internalnodesrepresentsmerged
clusters(groupofmessages).Whentwogroupsofclustersaremerged,theyformanewnode(large
mergedgroup)intree.Thisprocessofformingachainofnestedclusterscontinuesuntilasingle
clusterisformedwhichconsistsofallthemessagesinacorpus.

• Non-negativeMatrixFactorization(NMF)

NMF is a feature transformationmethodbasedonanalysisof termdocumentmatrix.NMF
canbeused todeterminewordclusters insteadofdocumentclustersand isparticularly suitable
forclustering.Supposeanon-negativedatamatrixVisgiven,theobjectiveofNMFistofindan
approximatefactorizationV≈WHintonon-negativefactorsWandH.Twonon-negativematrices
WandHaredeterminefromTermEmailMatrix(TEM)suchthatitshouldminimizetheobjective
functionoferrorfunctionJdescribedinEquation(1):

J V WH= −
1

2
 (1)

EXPERIMENTS

TheexperimentsareperformedusingJavaprogramminglanguage,andimplementationofLDA,is
carriedusingJava-basedAPInamely,Mallet(McCallum,2002).Experimentsareperformedonthe
popularandfreelyavailableEnronemailcorpusdataset(Klimt,&Yang,2004).TheEnroncorpus
consistsoftheEnronCorporationemails,with200,399messagesfrom158uniqueusers.Enronis
consideredtobethelargestpubliclyavailableemaildataset.Alltheexperimentswereperformedon
thesentmailfolderofEnrondataset.

Generating Taxonomic Terms
Alargenumberofemailsandthelargenumberofuniquetermsareusedasinputstotheclustering
andclassificationprocess;hencediscoveringcategoricalterms(uniquefeatures)isamajorchallenge.
Categoricaltermsareusedtodefinethecategorybasedontopicterms.Thecategoricaltermsare
generatedusingtopicmodellingapproachLDA,frequenttermanalysis.Thecategoriesbasedonthe
categoricaltermsisidentifiedfromemailcorpusispresentedinTable1.

Mapping of Categorical Terms to Category
ThecategoricaltermsaregeneratedforEnronemaildatasetusingLDA.Table1consistsofeight
major categories of email with their corresponding preprocessed (after stopping and stemming)
categoricalterms.Thetermswhicharenotcoveredintheabovementionedcategoriesareconsidered
asuncategorizedterms(orothers).

Classifier Performance Evaluation
Variousperformanceparametersexisttoevaluatetheperformanceofresultsobtained.Someofthe
parametersusedinexperimentsaredescribedbelow.
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• SampleSize

Thenumberofemailsrepresentsthesamplesize.Thesamplesareselectedfromahugedatabase
ofemailsrandomly.Thesamplesizeshouldbelargeforbetterandusefulresults.

• NumberofClusters

Thenumberofclustersaffectstheinformationextractedsubstantiallyandshouldbecarefully
selectedalongwithevaluationmeasureslikeentropyandDBIndex.

• Entropy

Itrepresentstheaverageinformationcontentoftheclustersformed.Lesstheentropy,themoreis
theinformationobtainedfromclusters.Hence,itgivesbetterresultswhenentropyislessandthusthe
classificationofemailswillbebetter.EntropyofaclusterkcanbecalculatedasgiveninEquation(2):

E p p
k

j
jk jk

= −∑ log( )  (2)

where p
jk

istheprobabilitythatamemberofclusterkbelongstoclassj.

• Davies-BouldinIndex

Itisaninternalevaluationmetricwhichgivesameasureofinter-clusterandintra-clusterdensity.
Itmeasurestheaveragedistancebetweeneachclusterandfindsthemostsimilarone.LowertheDB
Indexbetteristheresultasitimplieshighinter-clusterdistanceandlowintra-clusterdistancebetween
emails.TheDB-indexiscalculatedusingEquation(3):

Table 1. Categorical terms

Category Name Categorical Terms

Resources gas,natural,oil,plant,tree,power,internet,web,electricity

Information
Technology

information,message,email,news,communication,contact,research,data,transmission,project,
images,question,request,call,to/from,review,list,spam,services,click,program,system,link,
server,online,internet,web,etrade,file

Interface color,changes,font,size,center,left,class,align,font-size,image,width,height,position,list,
table,click,intended,updated,attached,link

Timeanddate time,hour,rate,night,day,future,schedule,sat,fri,meeting,sun,week,travel,october,november,
year,june,date,daily,over,morning,behold,set,wait,tomorrow

Business
report,work,schedule,meeting,agreement,credit,management,conference,market,company,
business,trading,deal,stock,services,contract,corporate,manage,project,order,product,sell,
agreement,program,employee,member,team,people,group,launch

Location london,texas,california,houston,address,position,market,company,class,travel,miles,east,
north,left,migration,states

Finance credit,rate,market,business,trading,deal,stock,order,seal,price,change,bill,financial,buy,
fare,transaction,tax,billion,total,etrade,credit

Uncategorized Termsthatarenotincludedinaboveeightcategories



International Journal of Web-Based Learning and Teaching Technologies
Volume 15 • Issue 2 • April-June 2020

28

DB
k

max
k

i

k

j k
distance c distance c

c c

i j

i j

= ⋅
= = …

( )+ ( )
−






∑
1

1 1, , 







 (3)

Wheni≠j,distance(ci)isthesumofdistances(cosinesimilarity)ofallemailsofclusteritoits
centroidanddistance(cj)isthesumofdistances(cosinesimilarity)ofallemailsofclusterjtoitscentroid.

Theresultsobtainedfromtheexperimentsareanalyzedbyconsideringfourparameters,namely
samplesize,numberofclusters,entropyanddavies-bouldinindex.Theobservationsmadefromeach
experimenthasbeendiscussedbelow.

Effect of Number of Clusters over Entropy
Asentropymeasuresthedisorderinclustering.Itrepresentstheinformationcontentoftheclusters
ofemails,hencethelesstheentropy,thebetteristhequalityofcluster(Kovács,Legány,&Babos,
2005).ItcanbeobservedfromFigure2thatwhenthesamplesizeis400andnumberofclusteris
low,theentropyistoolowforallclusteringtechniques;whereaswhennumberofclustersincreases
entropy also increases which signify that a good cluster can be formed with lower number of
clusters.ItisfoundthatK-meansclusteringalgorithmgivesminimumentropywhencomparedwith
agglomerativeandNMFclusteringwhentwonumbersofclustersaregenerated.Astheclustersize
increasesagglomerativeandK-meansbothperformswellbutNMFcomesouttobetheleastperformer.

Effect of Number of Clusters over dB Index
DBIndexisusedtosignifythequalityoftheclustersformed(Kovács,Legány,&Babos,2005).
Takingasampleof400emails,andvaryingthenumberofclusters,alowvalueofDBIndexsignifies
agoodperformancebytheclusteringalgorithm.Sameasthatwithentropy,thegeneraltrendisthat
increasingthenumberofclusterscanhelpingettingbetterperformance,butonlyuptoalimitafter
whichitwilltainttheoutcome.ItcanbeobservedfromFigure3thatNMFperformsbetterthanthe
othertwoalgorithmswhereasK-meansandagglomerativegivesapproximatelysameresultbutwhen
theclustersizeissmallK-meansoutperformsafterNMF.

Effect of Sample Size over Entropy
Samplesizeisthenumberofemailsthatwereclusteredandconcurringwiththeideathatincreasing
sample size results inbetteroutcome. It canbeclearlyobserved fromFigure4 that theentropy
increasessteadilywhichcanbeinterpretedasaconstantincreaseintheinformationretrievedby

Figure 2. Effect of number of clusters over entropy for ML-EC2
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proposedprocedure.AmongallclusteringalgorithmK-meansperformsbetterfordifferentsample
size.Butitcanalsobepredictedthatasthenumberofemailsincreasesentropyalsoincreaseswhich
meanstheobtainedclusterqualityisnotgood.Hencesmallerthenumberofemailconsideredbetter
entropywillbeachieved.

Effect of Sample Size over dB Index
WhenthenumberofemailskeepsonincreasingtheDBIndexdecreasesinalmostasteadyrate,
whichsignifiesaconsistentandgoodperformance.ItisalsoeasilyobservedfromFigure5thatthe
NMFclusteringalgorithmperformsbetterintermsofDBindex.

Email and Cluster Analysis Using Clustering Approach
TheEmailclustersgeneratedusingK-means,AgglomerativeandNMFclusteringapproachfromEnron
emaildatabaseispresentedintheTable2.IntheTableE-idrepresentsEmail-idandC-idrepresents
clusterLabelid.C-idisagroupofE-idwhichformsclustersofemails.MultipleC-idsrepresents
thedifferentclusterformationofemails.Theclustersareformedbyfindingthesimilaritybetween
emails.TheTableshowstheclusterlabelgeneratedthroughfrequentwordsandtheircorresponding
emailcategory.

Figure 3. Effect of number of clusters over DB index for ML-EC2

Figure 4. Effect of sample size over entropy for ML-EC2
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Inthiswork,multilabelingofemailsusingclassificationbasedonclusteringapproachhasbeen
proposedandtheeffectofentropyanddavies-bouldinindexparametersovertheclusterqualityhas
beenstudied.Theeffectofsamplesizeaswellasnumberofclustersoverperformanceparameterisalso
exploredinthiswork.TheeffectofentropyoversamplesizeandnumberofclustershowsthatK-means
andagglomerativeclusteringapproachperformsapproximatelysimilarwhentheclustersizeissmall
butNMFdoesnotperformwellcomparedtoothertwoclusteringtechniques.Whereastheeffectof
DB-Indexoversamplesizeandnumberofclustershowsthatitperformsinaconsistentlydecreasing
mannerwhichindicatesagoodqualityofclusterformationinwhichNMFgivesgoodresults.

Figure 5. Effect of sample size over DB index for ML-EC2

Table 2. Email and cluster label analysis using clustering approach

S. 
No. E-id Email 

Subject Frequent Words
K-Means Agglomerative NMF

C-id Category C-id Category C-id Category

1 10027 Future,
meeting

from,forward,
future,meeting C-1 TimeandDate C-1 Timeand

Date C-1 TimeandDate

2 695
Buy,
tomorrow,
rate

tomorrow,from,
frank,buy,launch,
rate,tax

C-4 Business,
Finance C-3 Business,

Finance
C-2,
C-1

Business,
Finance,Time
andDate

3 15534
Coenergy
trading
company

energy,index,
coenergy,trading,
project,file,oil

C-3 Business,
Resource C-3 Business C-2,

C-4

Business,
Finance,
Resource

4 15206 Password,
set,from

trade,set,from,
password,forward,
project,file,seal

C-2 Information
Technology C-2 Information

Technology
C-3,
C-2

Information
Technology,
Business,
Finance

5 3410 Deal report,fare,total,
services,deal C-4 Business,

Finance C-3 Business C-2 Business,
Finance

6 15872 Conference
call

conference,over,
credit,call,from,
bill,sell

C-5 Finance C-3 Business,
Finance

C-2,
C-1

Business,
Finance,Time
andDate

7 15516 Gasdaily
pricing

work,employee,gas,
project,file,news,
services

C-3 Business,
Resource C-3 Business C-4,

C-3

Resource,
Information
Technology

8 2409 Meeting,
program

set,meeting,contact,
email,program C-2 Information

Technology C-2 Information
Technology C-1 TimeandDate

9 18835 Message,
agreement

etrade,daily,billion,
forward,message,
file,agreement

C-2 Information
Technology C-2 Information

Technology
C-3,
C-2

Information
Technology,
Business,
Finance
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CoNCLUSIoN

AnalgorithmML-EC2hasbeendesignedforcreatingcategorizedsimilaremailsusingtextclustering
andclassificationapproach.Thepurposeofthisalgorithmistocreateclustersofemailsbelonging
tovariouscategories.Thisalgorithm isdesigned formanagingemails intopre-definedcategory
usingclusterlabels.ML-EC2isbasedontextclassificationusingclusteringapproach.Thegoalof
thisworkistomanagetheemailssystematicallywhenthereisavagueideaofemailtopic.Proper
categoricaltermidentificationisrequiredforeffectivecategorizationofemails.Henceamethodology
foridentifyingcategoricaltermsandclusteringemailsbasedonLDAhaspresentedinthisproposed
work.ML-EC2ispresentedwithpseudo-codewhereasingleemailclustercanbemappedtomore
thanoneemailcategoryi.e.aformofmany-to-onemapping.ItusesK-means,Agglomerativeand
NMFbasedclusteringalgorithmtoformemailcluster.Throughexperimentstheeffectofclusters
andsamplesize(numberofemails)overtheperformanceparameterentropyandDB-Indexhasbeen
studied.Whilecarryingoutexperiments,ithasbeenobservedthatwhenincreasingtheclustersize
andsamplesizeDBindexdecreasesalmostatasteadyrateandperformsconsistentlygoodwhereas
entropykeepsonincreasing.NMFgivesbetterresultintermsofDB-indexbutperformsleastwhen
entropyisconsidered.WhereasK-meansperformsbetterwithsmallersizeofclusterandsamplesize
whenentropyisconsidered.

oPEN RESEARCH

Infuture,theworkpresentedcanbeutilizedwithbio-inspiredalgorithmforclassifyingemails.The
categoricaltermshasbeenidentifiedbyusinglatentDirichletallocationinthispaper.Furthersome
re-estimation technique based on topic modeling approach can be explored to identify effective
categoricalterms.
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