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Abstract—This paper describes our work towards building
a smart personal assistantthat helps users deal with the ever
increasing volume of email. To this end, we lter incoming
messagedor the user, organising messagesn ways that enable
the user to deal with the information effectively. We describean
initial corpus of public email built for experimentson learning
to classify email. We also report initial results of experiments
based on that corpus. These explore the question of how well
a classi er can perform the task of classifying a user's email
into categoriesthat re ect the users' thinking about that email.
We also report initial experimentsaimed at answering a second
question: if a learner hasbeentrained by one user, how effective
is it for another user? That is, can we share information about
classi cations of messagesmproving collective performance?

I. INTRODUCTION

Informationoverloadposescritical challengesasincreasing
amountsof information becomeavailable throughthe WWW
and as large amountsof it are deliveredto users.At present,
oneof theimportantwaysthatinformationis pushedo people
is via email. With the growth of novel interfacesand their
ubiquity, we canexpectto seemary moreformsof information
push, such as SMS, mobile phone messagesThis makes it
critical to improve our understandingf how to help people
manageemail effectively: this is a testbedfor a future where
mary forms of information are pushedto peoplethroughthe
web and networks.

We have beenexploring the combinationof machinelearn-
ing and other classi cation approachedn conjunctionwith a
novel emailinterface[11], [9]. The novelty in the interfaceis
thatit attemptsto presortthe users inbox into the categories
that the usernormally sortsmail into. If this is successfuljt
meansthat the user can then deal with relatedsetsof email
together This offers a substantiabene t in reducingcontext
shifts and in enablingthe userto deal with more important
tasksmoreeffectively. It alsohasthe potentialto speedup the
processof moving the mail from the inbox to the appropriate
folder.

One of the centralquestionsin this work is just how well
a classi er can perform on this task of classifyinga users
email into the categoriesthat they chooseto structuretheir
thinking aboutemail. A secondquestionis: canwe improve
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the learners performanceby exploiting peoples community
membershiplt is thesequestionghatwe have beenexploring.
The answersare likely to be differentfor different people
and for different aspectsof email classi cation, since there
is considerablesvidenceof quite differentemail management
stratgies for differentusers[7], [9], [8]. As a rst step,we
neededo de ne a suitablecollection of classi ed email that
could be usedin a seriesof experiments.ldeally, we would
have beenableto drawv uponan existing corpusbut nonewas
available. Thereforewe have beenbuilding a corpus,as we
describein Section2. Section3 describeour experimentsto
explorehow well standardnachinelearningtools canperform
on the task of predictingusers classi cationsand which ma-
chinelearningapproachesppearto performwell on this task.
In Section4, we considerprediction of classi cationsbased
upontrainingthe learneron oneusers dataandassessingpowv
this might performin predictingother users classi cations.

Il. THE E-MAIL CORPUS

There has been considerablework on machine learning
for email classi cation. A seriesof particularly successful
experimentsSpamCopg13], Sahamiet al. [16], Katirai [10],
Provost [14] has given excellent results in distinguishing
junk mail, with a rangeof differentclassi cation techniques.
Androutsopouloset al. [2] built and madepublicly available
two large corporafor junk email Itering (PUlandLingSpam)
thathave beenwidely usedasa benchmarklt wasfound that
Naive Bayes(NB) outperformsboth RIPPERand a keyword-
based Iter similar to those usedin Microsoft Outlook [1]
Sakkis et al. [17] combineda Naive Bayesand k nearest
neighborby stackingand found that the ensembleachieved
better performance Carreraset al. [4] shaved that boosted
treesoutperformeddecisiontrees,Naive Bayesand k-nearest
neighbor A neural network-basedapproach[5] has been
shawvn to outperformtheabose mentionedclassi ers.All these
papersreportextremelyhigh accurag, precisionandrecallon
thejunk mail classi cation,typically betterthan95%on all of
thesemeasuresSincethe junk mail classi cation taskis rel-
atively easily appreciatedthoughnot well or stablyde ned),
we might considertheseresultsto be comparable.In that
case they indicatethat a rangeof differentmachinelearning



techniquesachieve similar high performancdor Itering junk
mail.

As one would expect, the more generalclassi cation of
email hashadpoorerperformancelf oneexploresthe consid-
erableamountof work on this task, the collection of results
are hard to reconcileand compare.For example,Cohen[6],
reports87%- 94% accurag in one experment,85%-94%in
anotherwhereasRennie[15] reports89% accurag, Brutlag
andMeek[3] 70%to 90% with onelearner 65% to 90% with
anotherand67%to 95%with yetanotherNotablytherangeof
resultsreporteddependsiponthe particularmail corpusused.
In our own work [7], [9], we comparedthe effectivenessof
differentlearnerdor differentusersgachclassifyingtheirown
email. However, theseresultsdo not give a good indication
of what we might reasonablyexpect of a classi er for this
task as it is almost impossibleto compareresults derived
from differentdatasetsand using differentexperimentaland
evaluation setup.ltis timely to build a corpusof classi ed
emailthatcanbe usedin experimentswvhich evaluatedifferent
machinelearning approachesilt is important that we move
beyond just the well-de ned areaof junk mail to a task that
is more typical of that we might like to delegateto a smart
personalassistant.

A. Collectionof the email

Our rst task wasto collect suitableemail messageswe
asled several usersto collect mail that was essentiallya
public announcemerih someform. Participantswereasledto
sasze and make availableto us public email aboutevents.We
asled for mail suchasthe following: calls for papersnotices
of seminars,other departmentalevents. These constitute a
collectionof mail thatis quite distinctfrom junk mail in thatat
leastsomeof it is of considerablémportanceto the recipient.
At the sametime, it is different from purely personalemail
and it constitutesan interestingclassof mail: usersreceve
considerablemountsof this mail andsomeof it is of varying
degreesof usefulnesswhile the bulk is not of interest. This
paperreportsour experimentson one of thesecollections:it
was by a single over 7 monthsin 2002.

We processedeach collection, deleting all headersexcept
From, Date, Subjectand our own specialidenti er header
We also removed all binary types of content as well as
extractingactualtext from html documentsEffectivly we strip
the messagedack to this main headersand the text of the
body Finally, we removed ary emailsthat we thoughtwere
'not public enough'manually We purposelyleft all duplicates
and near duplicatesin the set since they are an part of the
authenticdataset.

B. Collectionof classi cations

It is importantthat our email corpusshould enableus to
evaluate the effectivenessof classi ers for different people.
Accordingly, we asled several usersto classifythe email into

ve catgyories.Theseareshavn in Tablel. Thereasorfor the
two classef duplicateswasto ensurethat the classi cation
of Importantand Interestingwere unambiguousif a person

Catgyory Guideline

Important: I de nitely wantedto seethis.
DuplicateImportant: As above but | have alreadyseenit.
Interesting: | wantto seebut not asimportantasthe above.

DuplicateInteresting:
Uninteresting:

As above but | have alreadyseenit.
prefernot to see.

TABLE |
THE FIVE CATEGORIES USERS CLASSIFY THE EMAIL INTO.

Breakdown of users classifications (5 classes)

B uninteresting
Erptinteresting
@interesting

O rptimportant
Oimpartant

userl userl user? userd userd userd userd

Fig. 1. Breakdaevn of usersclassi cationsinto the 5 original classesUser0s
classi cationsare distributed randomlyand uniformly acrossthe 5 classes.

is classifying an email that they have previously classi ed
as Important, they may decideto classit as Uninteresting
becausethey had already seenit. We did not want this to
happen.Userswere free to do this classi cation taskin ary
way they wished.Six usershave classi ed the rst email set.
Their classi cationswereusedin the experimentshatwe now
report. Figure 1 shows the distribution of mail itemsin each
classi cation acrossthese ve catgyories.Figure 4 shaws the
correspondinglistribution where theseare folded into three
classesimportant(includingduplicates)interesting(including
duplicates)and uninteresting.

C. Featur Selectionand DimensionalityReduction

We exploredtwo differentsetsof features:ithe senderand
the union of the email body and subject.

Sender : The size of the feature vector was 159 and the
individual featurescorrespondedo the email addressesf all
the different peoplewho sentmail. A binary representation
wasused.

Body and subject.: A bagof wordsrepresentatiomwith tf-idf
weightingwasapplied.First, all uniquewordsin the body and
subjectof the email corpuswereidenti ed (approximatelyl3
0000). A featureselectionmechanismwas appliedto reduce
dimensionality:wordsthat appeairin fewer than X documents
were discarded.The value of X was empirically set to 60
and this reducedthe numberof unique words to 320. Each
email wasthenrepresentedy a vectorthat containsthe tf-idf
weighting of the selectedfeatures.



Classi er Description

IBK K nearesnheighbor We variedK over the rangel to 25:
1,5,10,15,20,25.

ZeroR Zero Rule. Predictsthe majority class.Usedasbaseline.

OneR One Rule. One level decisiontree expressedas a set of
rulestestingthe value of one attribute.

NaiveBayes Statisticalmethod.Assumesndependencef Attributes.
Usesconditionalprobability and Bayesrule.

J48.j48 C4.5algorithm. A decisiontree learnerwith pruning.

DecisionTable A simple decisiontable majority classi er.

1d3 1d3 decisiontree inductionalgorithm.

Bagging We used5 bagswith either66% or 100%resamplingon
variousclassi ers.

Boosting We usedthe AdaBoostM1algorithm on various classi-

ers.

TABLE I
THE ALGORITHMS USED FROM THE WEK A REPOSITORY.

I1l. CLASSIFIERS USED

Tablell summarizeslgorithmswe employed.We usedtheir
WEKA [18] implementation.

IV. EXPERIMENTS
A. Learningto modeluserinterest

The goal of the experimentswas twofold: to gain a sense
how the machinelearning algorithms perform overall using
the two set of features,andto compareperformanceacross
users.

We used10-fold crossvalidation and calculatedaccurag,
precision,recall and an averageF measurewhich weighted
recall by a factor of 2 and precisionwith a weight of 1.
This is in contrastto the usual F1 measurewhich weights
them equally We considerthat in this domainrecall is more
importantthanprecisionandsochosea measurdo re ect this.
Thisis particularlytrue in our emailinterfacebecause¢he goal
is to provide the userwith relateditems. This makes recall
moreimportantin ary trade-of betweenrecall and precision,
sinceit is preferableto have someextraneousitems than to
miss oneswhich belongin the category.

To provide a benchmarkfor the other classi ers, we in-
cluded ZeroR. It is a simple classi er that simply predicts
the majority class(that was always classuninteresting)If a
classi er performsworsethanZeroRthis indicatessubstantial
overtraining.We alsoincludeda randomuser User00,which
classi ed all message#to importantand repeat,interesting
and repeat,or unimportantwith equal probability. This was
another benchmarkthat helped us to distinguish spurious
results.In particular it givesan indicationof how muchcare
peopletook in classifyingthe email, and secondlyit givesan
idea of the level of performancerequiredin orderto deduce
that thereis a patternpresent.

B. Ovenll performance

Figure2 and3 shawv the classi cationaccurag whensender
andbody&subjectwere used,respectiely. Decisiontreesand
1-nearestneighborwere found to be the best classi ers on
both featuresBasedon Sendetthe bestaccurag rangedfrom
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Accuray on differentusersusing Sender

65% on user3 to 45% on user6. The useof the bag-ofwords
representatiomf the e-mail's body and subjectincreasedhe
accurag with almost 10% (ranging from 75% on user 3
to 52% on user 6). Thus, the contentof the email is more
importantthanthe sendemwhen classifyingemail.

C. Comparisonacrossclassi ers

All algorithms performedbetterthan ZeroR and their ac-
curag/ on users1-6 was always considerablyhigher than on
user00. Theone-level decisiontree 1Ruleperformedrelatively
well comparedto more complicatedclassi ers sucha Naive
Bayes.This con rms thatit is worth trying simple classi ers
rst asthey sometimeswork surprisinglywell.

The good performanceof nearesteighborand the unsat-
isfactory performanceof Naive Bayesare consistentwith the
resultsof YangandLiu [19] on Reutersdata.

Thelower resultsof Naive BayeswhenSendemwasusedcan
alsobe explainedby its problemswith sparsedata.Recallthat
in this caseeachattribute is anemailaddressThuseachemail
is representetly a binaryfeaturevectorwith only oneattribute
having a value of 1. Thus, whenthe conditionalprobabilities
are calculated(for example the conditional probability that
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Fig. 3. Accuray on differentusersusing e-mail body and subject.

addressX wasthe sourceof the email giventhatit is in class
Y), theseare very small. This is especiallyimportantasit is
very likely that someattributes do not occurin conjunction
with every classvalue. (For example, a user might always
nd emailsinterestingor importantif they comefrom X, and
never uninteresting) If the Laplace estimatorwas not used,
this would causeproblemsas at allows zero probabilitiesto
creepin and hold a veto over the other probabilities. We
usedthe Laplaceestimatoy but we might be overcompensating
by giving what would be zero probabilitiesa value similar
to the other probabilities. This might explain why Naive
Bayes performs signi cantly better when tf-idf is used for
featurerepresentationas tf-idf will causehigher conditional
probabilitiesin general,asit is very likely, especiallywhen
using frequeng thresholdingfor featureselection,that most
of the attribute valueswill be non zero.

DecisionTreesareoneof thetop performerson bothfeature
sets. In contrastto Naive Bayes, they do not give equal
weightingto eachattribute but have anin-built mechanisnfor
attribute selectionbasedon the information gain. Duplication
of an attribute will make no differenceto the learningprocess

Breakdown of users classifications

— (3 classes)

W unirteresting
00 +

400 4

Oirteresting +
ret
interesting
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100 4 rpt important
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Fig. 4. Breakdevn of usersclassi cationsinto the 3 (amalgamatedglasses.
User00$ classi cations distributed randomly and uniformly acrossthe 3
classes.

becausedf one copy is split on, the other copy will have a
consistentlylow information gain at eachsubsequenf{down
the tree) split. Both decisiontrees and decisiontable do a
little betterwhen TFIDF is used.

With K nearestNeighboursjt wasfoundthatincreasinghe
valueof K doesnotimprove performanceThis wassurprising
ashigherK generallywork betterfor noisierdataandwe had
assumedhatour datawasquite noisy. Furthermorethevalues
seemto stabilizequite rapidly. SeeFigures2 and 3. Overall,
this schemeperformedvery well for all users.

D. Comparisonsacrossuses

User2and user3consistentlyhad betterresultsthroughout
most of the classi ers. In fact, the valuesfor both usersare
very similar for all of the classi ers. This suggestsomesort
of similarity betweentheseusers.

Overall, the distribution of performancescoresbetween
usersseemsto be very similar over most of the classi ers.
This seemsto suggestthat there are no classi ers that are
suited to one persononly. Classi ers that do well do well
for all usersin general.This is good news asit shouldallow
genericsoftware to be developedbasedon one,or at mosta
few, classi ers.

E. Effect of the classdistribution on classi er performance

As Figure4 shows, thedistribution of classedbetweerusers
variessubstantially It is imperatve to explore the effect that
this might have on the performanceof the classi ers. For
example,userland4 have very similar distributions,andmost
of the classi ers producesimilar accurag results(apartfrom
usingNaive Bayesanddecisiontrees(j48) on Senderandalso
decisiontable and j48 on the tf-idf features).The effect on
the otherperformancemeasuresthough,seemgo be affected
more by the classdistributions.

We found that recall fell uniformly for all usersasK was
increasedin K nearestneighborswhen using TFIDF, see
Figure 7. Precisionon the other hand shoved a signi cant
increasefor userland userdwhile the othersincreasedonly
slightly or not at all. This canbe seenin Figure 6.
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Fig.5. Performanceneasuredisingprecisionof Classi ersondifferentusers
using DocumentFrequeng Thresh-holding60 and TFIDF. 10 Fold Cross
Validation.

Fig.6. Performanceneasuredisingprecisionof Classi ersondifferentusers
using DocumentFrequeng Thresh-holding60 and TFIDF. 10 Fold Cross
Validation.

Fig. 7. Performanceneasuredisingrecall of Classi ers on different users
using DocumentFrequeng Thresh-holding60 and TFIDF. 10 Fold Cross
Validation.

Fig. 8. Performancemeasuredusing precisionof Classi ers on different
usersusing 'From' only. 10 Fold CrossValidation.

The resultsalso shav the hypothesizedias that precision
introduceswhen someclassvaluesare infrequent.Userland
userdhad high precisionvaluescomparedto the other users
and also had the most documentsclassi ed as uninteresting.
Furthermore this was the casewhen classi cation was done
by zerorule, while zerorule producedthe samerecall across
all users.SeeFigures8, 9, 6 and 7. We thus believe that our
measurevasjusti ed andachiezesour objectivesof reducing
the effect of classi cationdistribution and highlighting classi-
ers with good performanceon importantand interesting.

We found that accurag was also biased heaiily by the
distributions of classi cations.The differencesbetweenusers

Fig. 9. Performanceneasuredisingrecall of Classi ers on different users
using'From' only. 10 Fold CrossValidation.



Fig. 10. DifferenceBetweenRecall of TFIDF and From on Classi ers. 10
Fold CrossValidation. Note that, the order that the learnersappearon the
x-axis of all thesediagramsis the same.So, althoughthe font is dif cult to
seea direct comparisoncan still be made.

Fig. 11. DifferenceBetweenPrecisionof TFIDF and From on Classi ers.
10 Fold CrossValidation.

when measuredwith accurag were highly correlatedwith
the numberof documentslassi ed asuninterestingCompare
Figure 19 and Figure 4.

It wasexpectedthat TFIDF would performbetterthanFrom
asit takesthebody of themessaginto accountandwill bethe
focusof attemptsto integratebackgroundknowledgeinto the
classi ers. This turned out to be the case,with performance
using TFIDF signi cantly higher than for From over almost
all classi ersandusers.SeeFigure 10. The amountof bene t
that was gained by using TFIDF varied betweenusersand
algorithms.Whenthe performancevassplit up betweerrecall
and precision, someinterestingtrends emeged. The use of
TFIDF increasedrecall in generaland relatively uniformly
acrossthe classi ers and users,as can be seenin Figure 10.
Precisionwas far less stable however. K nearestneighbors
scoredmuch higherin precisionwhen using TFIDF for high
valuesof K, while otheralgorithms,notablyj48, scoredower
in precisionwhenusing TFIDF. SeeFigure11.

Sincethe datasets madeup of a large amountof mailing
list items and and announcementsayhich all generallycome
from thesamesourcethe useof Fromwould beexpectedo do
well if therewaslittle variationin the topic of the mailing list.
For example,a mailing list for machinelearningwould most
likely be alwaysinterestingto a userwho works in this eld
and thus From would be an excellentindicator On the other
hand,announcementsf talksor seminarsaryin topic. Hence,

Fig. 12. Performanceof Baggedand BoostedClassi ers on differentusers
using'From' only. 10 Fold CrossValidation.Baggingwasdoneusing5 bags
and 100% resampling.

unlessa userdoesnot care aboutthe content, TFIDF would
be expectedto be more usefuland From might be lessuseful.
On the otherhand,a messagdrom a mailing list dedicatedo
onetopic shouldalsobedetectedvell by TFIDF. Thusoverall,
TFIDF shouldperformbetter

F. Effect of Bagging and Boosting

WhenusingFrom asa feature,Baggingtendedto eitherre-
ducethe performanceor leave it roughly unchangedBoosting
did not have much effect for all classi ers except5 nearest
neighbors,where the performancewas increasedfor most
users.See Figures2 and 12. Note that we did not perform
ary boostingfor K higherthan5.

For TFIDF, baggingincreasedthe performanceof j48 for
all users,but did not signi cantly alter the other algorithms.
Boosting j48 dramatically increasedits performancefor all
usersexcepttherandomuser Boostingof K neighborsshaved
no signi cant change Referto Figures3 and 13.

This questionis of importancefor applicationsthat assist
userswith managemenbf their email. For this purposewe



Fig. 13. Performanceof Baggedand BoostedClassi ers on different users
using DocumentFrequeng Thresh-holding60 and TFIDF. 10 Fold Cross
Validation. Baggingwas doneusing 5 bagsand 100% resampling.

suggesthatout of the reportedmeasurespur measures most
usefulin picking a classi er.

Our bestperformancavasboostedl48on user2at 0.77,the
seconchighestwasl nearesheighborsonuser2at0.75.These
correspondedo an accurag of 78% and 75% respectiely. In
termsof accuray, 85% s easilyachieved by mary classi ers
on user4,and baggingof 15, 20, and 25 nearestneighbors
achieved over 90% for userd4.Many other usershoveredjust
under80% accurag. We believe that this is usable.

Overall, 1 NearestNeighbors,ID3 and J48 seemto do
best, and this is true for all usersin general.Boosting J48
signi cantly increasesits performance,and this performed
best overall. Furthermore,we shaved that our measureof
performancewas indeeda good choice for our dataset and
application.Hence,we only report resultsusing our measure
for the following crossexperiments.

V. CROSS-USER EXPERIMENTS

We have also begun to explore the potential power of
communitymembershipSomeof theusersin our experiments

Fig. 14. Train on userX,teston userYfor all X, Y. 10 fold crossvalidation
usedwhereX == Y. Performanceof Naive Bayesusing‘'From' only.

Fig. 15. Train on userX,teston userYfor all X, Y. 10 fold crossvalidation
usedwhereX == Y. Performanceof J48 using'From' only.

havevery similarinterestsThis suggestshata classi er which
wastrainedon one usermight achieve good predictionsof the
classi cationsof anothersimilar user Althoughtherearemary

waysto explorethis, we chosea simplestartingpoint. We train
a classi er on one user andthentestit on all otherusers.(It

is obviously impossibleto use 10 fold cross validation for

this!) Sincewe knew that someusersin the grouphadsimilar
interests this evaluationgave the learnera real advantage:it

would train on the sameitems for one userasit was tested
on for otherusers.

The useof two separatdeaturesgivesus animportantway
to interprettheresultswe obtainedrom theseexperimentsFor
example,if two usershave a re exive relationshipexpressed
in the From results, this could meanthat they have similar
interests(an interpretationof the results),or simply that they
areinterestedn datathatcomesfrom the samesource(which
is whatthe datais actuallytelling us). By observingthe same
patternsin the TFIDF results,it is morelikely thatthe former
holds.By re exive we meanthatthe performanceés highwhen
trainedon userXandtestedon userY aswell aswhenwe train
on userY andthe teston userX.



Fig. 16. Train on userX,teston userYfor all X, Y. 10 fold crossvalidation
usedwhereX == Y. Performanceof ID3 using'From' only.

Fig. 17. Train on userX,teston userYfor all X, Y. 10 fold crossvalidation
usedwhereX ==Y. Performanceof 1 NearestNeighborsusing'From' only.

Fig. 18. Train on userX,teston userYfor all X, Y. 10 fold crossvalidation
usedwhereX ==Y. Performanceof 5 NearestNeighborsusing'From' only.

A. CrossExperimentausing From

We obsened someinterestingcorrelationsbetweenuserl
and user4, userl and user6, user 4 and user 6 and most
prominentlyuser2and user3.The last relationshipwas espe-
cially interestingasboth thesepeoplesharemary of the same
researchinterests.Furthermore usersl, 4 are both students.

Training on user2 and testing on user3 had consistently
high valuesacrossall classi ers for From, seefor example
Figures15, 16 and17. Thereverse,thatis training on user3
andtestingon user2alsohadhigh values althoughthis tended
to beslightly lower. This suggestshatthesetwo usersclassify
their email similarly, which in turn implies that they have
similar interestsIn mary casestraining on user2andtesting
on user3was almostas good as 10 fold crossvalidation on
user3,ascanbe seenin Figure 18. In one case hotablywhen
Naive Bayeswasused,(Figure14), training on user2achieved
higher performancethan training on user3when testing on
user3.This suggeststhat ary classi er producedfrom data
classi ed by user2would be very usefulto user3.

Another similarity was evident betweenuserl and user4.
Although not as profound,it was neverthelesgprominentand
consistentacrossmost of the classi ers, as for example,in
Figures16 and 15 A further similarity arosebetweenuser1
anduser6. This is especiallyprominentfor J48 (Figure 15).
Furthermoreit seemsto be re exive and appearsfor other
classi ersalso.The questionarises:if userlis similar to both
userdanduser6(andviseversa) doesthisimply thatuser4and
user6are also similar? That s, is this relationshiptransitve?
Theresultsseemto imply thatthereexistsa smallrelationship.
This is especiallyevidentin J48 (Figure 15) but alsoappears
in the otherclassi ers,notablyl NearestNeighbors(Figure17
and D3 (Figure 16).

K Nearest Neighbors : Variationsin K did not seemto have
ary uniform or signi cant effect on performanceThe largest
changewasbetweenl and5 nearesneighborsthe remaining
resultsbeingvery similar.

Effect of Classi cation Distribution : The similarity found
betweenusersas outlined abosre seemsalsoto occurin their
respectre distributions. The following discussionrefers to
Figure4. Userlanduserdhave extremelysimilar distributions
in classi cations,while user2anduser3have a similar number
of itemsin theimportantcategory, althoughthe numberin the
interestingcategory varies. |t is unlikely that the distribution
alone could accountfor the obsened similarities, and in

the caseof user2 and user3, where the similarity is most
prominent, the distributions vary more than for userl and
userd.User 1 and user 6 have quite different distributions.
However, they appearto be similar. Hencewe concludethat
the cross experimentsare sensitve to more than just the
distribution andarein fact quite useful. However the possible
effect of thesedistributionshasto be keptin mind.

Effect of Bagging : Baggingusing 66% samplingin general
performedslightly worsethanwithout bagging.This maywell

be dueto only usingtwo thirds of the dataper bag and will

be further investigated.



Fig. 19. Performancemeasuredusing accurag of Classi ers on different
usersusing 'From' only. 10 Fold CrossValidation.

Fig. 20. Train on userX,teston userYfor all X, Y. 10 fold crossvalidation
usedwhereX == Y. Performanceof Naive Bayesusing'T df ' only.

Overall, the sameclassi ersthatworked well for individual
experimentsalso exibit the highestresultsfor crossexperi-
ments.The similaritiesthatoccurin theresultsshouldbe quite
useful in the sharingof classi ers, at leastfor From. These
similarities seemto be re exive and somevhat transitve,
which is very encouraging.

B. CrossExperimentaising TFIDF

The samerelationshipsthat we obsened using the From
attribute also shoved up using TFIDF. Namely there was
a strongand re exive relationshipbetweenuser2and user3.
Training on user3andtestingon user2wasconsistentlyhigher
than the reverse over the classi ers. However, this mamgin
was less that 0.01 generally The second most prominent
relationshipwaswhenwe trainedon userlandtestedon user6.
This relationshipwas also somavhat re exive but not to the
extent of the relationshipbetweenusers2 and 3. Training
on userlandtesting on user4was the third most prominent
relationship,and also tendedto be re exive, once again not
as prominently as that betweenuserstwo and three. User5
and user6seemedto have a small relationship,while user4
and user6did likewise. Theserelationshipsshoved up quite
uniformly over all the classi ers. Referto Figures20, 21 and
22.

It wasvery interestingto seethatthe patternsfor Fromand
TFIDF matchedvery closely Comparingthe graphs,one can

Fig. 21. Trainon userX,teston userYfor all X, Y. 10 fold crossvalidation
usedwhereX == Y. Performanceof J48using'T df ' only.

Fig. 22. Train on userX,teston userYfor all X, Y. 10 fold crossvalidation
usedwhereX ==Y. Performancef 1 NearestNeighborsusing'T df ' only.

Note that, thereis a small differencein the scaleof the y-axisin comparison
to the surroundinggraphs.

seethe samerelative performancesThis is very interestingas
it meansthat Fromis a good predictorof performanceon this
dataset. Furthermorejt shavs that the similarities obsered
betweerusersarelik ely to besigni cant. In generaltheresults
using TFIDF were similar to thoseusing From. It seemg&hat
TFIDF actually increasesthe similarities betweenthe users
that were identi ed. This effect is especiallyevident in K

NearesNeighbors.ThiswassomevhatsurprisingasFromis a
muchcoarserfeaturewe thoughtit wasthuslesslikely to fully

t ausersclassi cationpatternsandbe betteron others.Being
ableto predictsimilaritiesbetweerusersusingthe contentsof

the messaget leastasreliably asFromis very encouraging.
K NearestNeighbors: The performacebetweersimilar users
increasedasK increasedor 1to 5 (Figures22 and 23). This

doesnot re ect the sametrend aswas seenin the individual

users,where the best performancewas with low K. These
resultsmake senseas the datapresentedo the learneris far
more noisy comparedo the datait wastrainedon. And it is

well known thatincreasingthe valueof K cansmoothout the
impactor noisy datapoints[13.

Effect of Bagging : Baggingusing 66% samplingof the data



Fig. 23. Train on userX,teston userYfor all X, Y. 10 fold crossvalidation
usedwhereX ==Y. Performancef 5 NearestNeighborsusing'T df ' only.

onJ48did notseemto improvetheresults.The sameechnique
on K nearestneighborsactually degradedthe performance
someavhat on average.We had expectedbaggingto improve
the performanceof classi ers in the crossexperiments.This
may have beendue to using only 66% of the data when
sampling,however.
Performance Measure : We did not evaluate cross experi-
mentsusing measurether than two thirds recall, one third
precision.This measurevas quite similar to F1 andwe have
shawvn that our measurds appropriate.

J48 (Figure 21) and 5 Nearest Neighbors (Figure 23)
were the best performerswhen using TFIDF for Crossuser
experiments.

VI. CONCLUSIONS

TFIDF wasmostsuccessfuin all typesof experimentsput
the resultsgenerallyagreedwell with From. Using classi ers
to predictsimilaritiesbetweerusersoy trainingon onepersons
data and testing on anothers data was shovn to be quite
successful.The fact that the similarities were re exive and
someavhat transitve is very good news for applicationsin
the sharinguser models. The bestclassi ers were J48, ID3
and 1 NearestNeighborfor From on individuals. Excluding
ID3 which doesnot handlenumericattributes,theseclassi ers
alsodid bestwhenusing TFIDF, althoughl NearestNeighbor
outperformedhe others.

In the cross experiments,using a higher values of ve
for K was necessaryfor the best performancewhen using
TFIDF, while K was generally not important when using
From. The sameclassi ers that performedbestfor individual
experimentsalso performedbest for the cross experiments.
This suggestghat theseclassi ers are betterfor this problem
domain generally which is good news as it will allow us
to focus our attention. Both decision treesand K Nearest
Neighbor classifying algorithmsare scrutableand K Nearest
Neighborslendsitself especiallywell to visualizationwhich
may becomevery useful when applying theseresultsto an
application.

VIlI. SUMMARY AND OUTLOOK

At this stagein our researchwe have succeededn com-
paring classi ers for differentuserson our corpus,aswell as
comparingusersto eachothervia a classi er. We have not yet
incorporatedbackgroundinformation into the classi ers, but
we ervisagedoing this asa next step.
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