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Abstract

In this paper we describeEMMA (E-Mail Management
Assistan), an e-mail systenthat addresseshe processof
e-mail manggement,from initially sorting messges into
virtual folders, to prioritizing, reading replying (automat-
ically or semi-automatically)archiving and deletingmail
items. EMMA attains a high degree of accuracy on e-
mail classi cation by usinga rule-basedapproacdc known
asRippleDown Rules(RDR)asthe basisof rule construc-
tion. In contrastto traditionalrule-basedsystemaRDRsys-
temsprovide extensivehelpto theuserin de ning rulesand
maintainingthe consistencyf a rule base makingeMMA
easyto use We discusgheresultsof evaluatingthe usabil-
ity of EMMA onatrial ofindependentises.

1. Intr oduction

As e-mail becomesa more prevalentform of commu-
nication, dealingwith e-mailis becomingmore and more
costlyandtime consuming Thereis arealneedor software
assistantghatcanimprovethemanagemeraf personabnd
organizationake-mail. But despitemuchresearchinto the
developmenbf e-mailassistants;urrente-mailclientsand
researctprototypegprovide only limited helpin addressing
this problemof communicatioroverload.

Maes[5] identi es competencend trust astwo main
criteriafor the effectivenesf personahssistantscompe-
tencerefersto theacquisitionof knowledgeby the assistant
andthe useof this knowledgeto aid the user;trust refersto
the users willingnessto deleggatetasksto the assistant.Of
coursethis assumeshattheassistanis “competent”to the
extentthatthe usermodelit developsis correctandableto
beemployedto helptheuser In this moreeverydaysense,
competenceefersto the correctnes®f the assistans be-
haviour. To thesewe canaddusability, the easeof interac-
tion betweernthe userandthe assistantjncluding the ease
with which knowledgeis acquiredby the assistant.

In the caseof e-mail, usergroupstudies.e.g.Singhand
Ryan[8] have endorsedVaes'view by shawving thatusers'
lack of trustin their systemss a major barrierto the use
of e-mailin organizationgandthis would apply evenmore
to the useof e-mail assistants).We believe that the main
reasonthat existing prototypee-mail assistantsare not in
widespreadiseis thatsuchsystemgtypically basedn ma-
chinelearningtechniquessuchas Bayesianclassi cation)
donotprovide competencéin thesensef correctnessand
hencedo notengendethetrustof their users.

In this paper we focuson e-mailmanagemenrésa pro-
cess.Consideringasinglee-mailmessagehemessagerst
arrivesin ausers Inbox andis perhapssortedand/orprior-
itized for displayto the userbeforebeingread. The mes-
sagemay beleft in the Inbox for sometime beforethe user
repliesto it, thenit mayeitherbearchivedand/oreventually
deleted. Archived messagesay be culled at a later date.
We believethatanotherreasorexisting e-mailassistanpro-
totypesareof limited useis thatthey typically addres®nly
oneof theseaspect®f thee-mailmanagemenrocessAn
effective e-mail assistanshouldideally addressll aspects
of theprocess.

Another dif culty in developing a general-purpose-
mail assistanis thatusersvarywidely in thetypeandquan-
tity of e-mail they receve and their behaiour in manag-
ing their mail. Someusersreceive more than a hundred
e-mailsperday, othersonly very few. Therehave beensur
prisingly few studiesof exactly how usersmanagee-mail,
but it seemsnostpeopleusefoldersfor ling theire-mails,
thoughsomekeepall of their mail in the Inbox andrely on
efcient searchfunctionsto re-locatemessagesOf those
who usefolders, mostseemto organizefolders basedon
the contentor senderof a messagesomeorganizefolders
basedntheactionto betakenin responsé¢o thee-mail(re-
ply, delete etc.), while othersagainorganizefoldersbased
ontheurgeng of therequiredresponseThusfor ane-mail
assistanto bewidely usablejt mustcaterfor thewide va-
riety of e-mail usersandthe differentstratgiesthey have
adoptedo copewith managingheir e-mail.



In this paper we presenEMMA (E-Mail Management
Assistan), a personak-mailassistanthataimsto ful | the
requirementsof competencend trust, be usableand ap-
plicableto a wide variety of users,while also addressing
mary aspect®f thee-mailmanagememrocessTheheart
of the systemis a knowledgeacquisitiontechniqueknown
asRipple Down Rules(RDR), which provide both the ac-
curag of rule-basedsystemgguaranteeinghe correctness
and hencetrustworthinessof the agent)while simplifying
theknowledgeacquisitionprocesgo suchanextentthatthe
usemeverevenhasto look attherulebasen orderto de ne
or correctexisting rules. RDR systemsarealsoincremen-
tal: the userstartswith anemptyknowledgebaseandadds
ruleswhile processingexamples. Thusin contrastto ma-
chinelearningalgorithms notrainingsetis requiredbefore
thesystemcanbeused.

In EMMA, individual rulesare’if-then' ruleswith con-
ditions such as the sender recipients, subjectand key-
words/phrases the contentof the messageandwith con-
clusionsthat may be ary combinationof a virtual display
folder (for sortingmessagebeforethe userreadsthem),a
priority (high,normalor low) andanaction(read/replythen
delete/archie). Theusercande ne templatefor automat-
ically replyingto messagesdn thisway, EMMA addresses
multiple aspect®f the e-mailmanagemerprocessinclud-
ing sorting, prioritization andautomaticreply, usinga uni-

ed rule-basedpproach.

RDR systemsovercomethe major dif culty with rule
systemsn existing e-mailclients(andotherexpertsystems)
— the problemof maintainingconsisteng in a rule system
that potentially containsmary interactingrules. However,
theonusis ontheuserto de ne appropriateulesthatclas-
sify messagesln this paper we adopta machinelearning
techniqugBayesiarclassi cation)to improve the usability
of EMMA in threeways: to suggesta folder for ling a
given e-mail, to suggestvhich keywordsin a messageare
useful indicatorsof a given folder, andto build “interest
pro les” thatcharacteriz¢he contentof a usersfolders.

Theorganizatiorof this papelis asfollows. In Section2,
we give a brief overview of Ripple Down Rules,with clas-
sifying e-mailinto foldersasa motivatingexample.In Sec-
tion 3, we describehe EMMA systemin moredetail,andin
Section4 describeour evaluationof the competencetrust-
worthinessand usability of EMMA in a trial of technical
users.Section5 containsa discussiorof relatedwork.

2. Ripple Down Rules

RippleDown Rules(RDR), ComptonandJanseif2], are
systemsof “if-then' rulesorganizedin a hierarchyof rules
and exceptions(exceptionsto rules may themseles have
exceptionsetc.). An RDR rule baseis organizedasa tree
structurén whicheachnodecontainsarule andthechildren

of anoderepresenéxceptiongo therule. RDR systemgan
beviewedasclassi cationsystemsvhenthe conclusionof

arulede nesaclassto beassignedo anexample.Theuse
of RDRs supportsan incrementalapproachto knowledge
acquisition:startingwith anemptyrule baseasnew exam-
plesareencounteredthe useraddsarule to correctlyclas-
sify the example,andwhenan exampleis classi ed incor-

rectly, the userde nes exceptionsto the rulesthatresulted
in themisclassi cation.

Thereare varioustypesof RDR system. EMMA uses
Multiple Classi cationRipple Down Rules,Kangetal. [4].
With this type of rule base,an example hasa classi ca-
tion resultingfrom multiple conclusionsin the rule base.
Theseconclusionsarefoundby following every pathin the
RDR treeto the mostspeci ¢ nodeapplicableto the exam-
ple. The classi cationis thenthe setof conclusionsrom
all suchnodes.For example,considerthe RDR treeshawvn
in Figurel. Theroot nodeis adummynodegiving no con-
clusion. Rules1 to 5 aretherulesin the treethat are not
de ned asexceptiongo otherrules,while Rules6 and7 are
exceptionsto Rule 1, etc. Consideran examplewith fea-
turesf a, b, c, g f, xg (which might correspondo thesender
of amessager keywordsin thebodyof amessage)At the
top level of thetree,Rulesl, 3 and5 areapplicableto the
example. However, Rule 7, which is an exceptionto Rule
1, alsoappliesto the example. So the mostspeci c rules
applyingto the exampleare Rules7, 3 and 5, giving the
classi cationf CRC,Friendsy. Note how in this example,
thereare two rules applyingto the messagédhat give the
conclusionFriends but thismakesno differenceto the nal
classi cation.

-------------

Rule 2 Rule 3 Rule 4 Aula 5
h-»> 0509393 | |fa, ¢} -> Friends &, e} -> 58888 | |* -> Friends

Rulz 3
@ -> Assignment

Rule &
@, h)-> SPAT

Figure 1. RDR Rule Base

An RDR systemprovides extensve supportto the user
in de ning rules,andthis is whereRDR systemgaintheir
power comparedo traditional rule-basedexpert systems.
Theuserdoesnot ever needto examinetherule basein or-
derto de ne new rules: the useronly needsto be ableto
de ne anew rule that correctlyclassi esa givenexample,
andthe systemcandeterminewherethoserulesshouldbe



placedin the hierarchy In anRDR system frulesarenever

modi ed or removed,only re ned or added.Re nementis

the creationof an exceptionrule to correcta misclassi ca-
tion, while additionrefersto addinga new rule at the top

level of the tree. Rulesare alwaysde ned in the context

of aspeci c exampleandin relationto other“relevant” ex-

amplesandarenot meantto be absolute.To de ne a new

rule “in contet,” the userhasonly to identify featuresof

the examplethat distinguishit from examplesthat should
be classi ed differently. The RDR systemcan determine
which examplesneedto be consideredy checkingtherule

basefor prior examplesthat are also coveredby the pro-

posedrule. To do this, the systemmaintainsfor eachrule

the examplethat was usedwhenthe usercreatedthe rule

(calledthe “cornerstonecase”). The cornerstonecasesof

potentiallycon icting rulescanbe presentedo the useras
the new rule is beingde ned, promptingthe userto either
acceptthe new conclusionasalsoapplyingto the existing

cornerstonecase,or to identify additionalfeaturesto fur-

ther distinguishthe currentexample. The processcontin-
uesiteratively until the useracceptsthe new rule and its

consequenceslhis makesthe taskof de ning rulesmuch
simplerthanif the useris requiredto de ne arule basein-

dependenthyof the context of a speci c example(asis re-

quiredin traditional rule-basedexpert systemsandin the
rule basef currente-mail Itering systems).n this way,

anRDR systemcanbeusedby “end users’ratherthanonly

by knowledgeengineers.

Consideragainthe example RDR tree showvn in Fig-
ure1l. A messagevith featuresf a, c, xg is classi ed as
f Friendsy. Supposeéhe userwishesto changethis classi -
cationto f ARQy, soneedgo determineadditionalfeatures
of the examplethat will leadto the new conclusion. By
usingthe RDR system the useris certainthatthe selected
featuresy andz do notresultin incorrectconclusiondeing
generatedising otherrules. For example,asthe featurey
of the messages selectedthe useris shovn ary corner
stonecaseghat satisfy the conditionsof the new rule, in-
cludingy: notethattheremaybe suchcasesventhoughy
doesnot occurin the conditionsof ary existing rule. The
new conclusionf ARQ appliesto suchcasessothe useris
promptedto determinewhetheror not this is the intended
behaiour; if it is not, the usermustidentify additionalfea-
tures(herez) thatfurther discriminatethe currentmessage
from thesecornerstoneases Finally, two instancesf the
ruleif yandzthenARC areaddedasexceptionsto Rules
3 and>5 (so that both conclusionsare overriddenby more
speci c rules),asshovn in Figure2. Theexamplewill now
beclassi edcorrectly

In summarythe mainadvantage®f Ripple Down Rules
asaknowledgeacquisitiontechniquearethe high degreeof
accurag, the validationof conclusionghatthe systemcan
provide, and the easeof constructingthe rule base. This

-------------

Rule 7

Aule §
ta, b3-=CSE h -> C59399

£ - Friends

Aule 17
(v, ) -» ARC

E Rule 4
{a, ¢} ->Friends | | (&, ) -» C56088

h 4
Rule 7 Rule 10
(e, f-=CRC (. z)-> ARC

Rule §
a -> Assignmert

Rule s
d -> John

Rule 9
@, h)-> SRAT

Figure 2. RDR Rule Base after Re nement

makes RDR systemssuitablein domainswhereaccurag,
explicitnessof reasoning,and the justi cation of conclu-
sionsareessential TypicalapplicatiordomainsvhereRDR
systemave beensuccessfullyappliedarein medicaldiag-
nosis,ComptonandJanseri2].

The high degreeof accuray is attainedbecauséheuser
re nestherule baseto maintainconsisteng whenever nec-
essary so the systemalways classi es seenexamplesac-
cordingto theusers (current)intentions(astherule baseis
beingconstructedthe usercanchangethe classi cationof
previously classi ed exampledby creatingexceptionrules).
Totalaccurag is notguaranteedhowever, becauseherules
de ned by the useraretypically over-general,n thatrules
alsoapplyto unseerexamplesn perhapsinforeseemvays.
However, in practice sincerulesapplyonly in speci ¢ con-
texts, misclassi cationappliesto arelatively small propor
tion of unseerexamples.More usualin practiceis thatthe
users rule baseasa whole coverstoo preciselythe setof
existing examples,andthe RDR systemtendsto be “con-
senative” andfails to generalize¢o unseerexamples.Thus
in comparisorto machinelearningsystemsRDR systems
gain high accurag (precision)at the expenseof coverage
(recall)of a setof exampleswhile typically machindearn-
ing algorithmshave highercoveragebut lower accurag.

As mentionedabove, rules are never deletedfrom an
RDR rule base. To achiese the effect of deletinga rule,
arule maybe“stopped; which meanghatary conclusions
thatwould normallybegeneratedisingtheruleareignored,
but notthoseobtainedrom its exceptiongandtheir excep-
tions, etc.). Onepotentialdisadwantageof this approachs
thatan RDR rule basecangrow to containa large number
of redundantrules, especiallyin dynamicdomainswhere
the usermay oftenwantto stopthe applicationof existing
rules. However, with the hierarchicalstructureof an RDR
rule base,remaoving redundantulesis a nontrivial opera-
tion, e.g.Wadaetal. [9], andin practice hasnot provento
benecessary



Figure 3. EMMA Main Windo w

3. E-Mail ManagementAssistant

We now describeEMMA (E-Mail ManagementAssis-
tant), whoseclassi cationmethodis basedn Ripple Down
Rules(RDR). As mentionedin Sectionl, the aim of this
work is to addressasmary aspectof e-mail management
aspossiblefor aswide avarietyof usersaspossible. Theas-
sistantshouldbe competenaindtrustworthy, andbe easyto
use.Competencés assuredy the useof RDR systemdor
classi cation,becaus®f the high degreeof accurag of the
constructedule basesthis leadsto a high degreeof trustin
the systemby the users. The EMMA interfaceis designed
to make it easyfor the userto view mail, andespeciallyto
de nerules.

OnereasorthatRippleDown Rulesareparticularlysuit-
able for e-mail classi cation is the incrementalnature of
the approach.Thereis no need,asthereis with somema-
chinelearningalgorithms,for large training sets. The user
startswith anemptyrule base andgraduallybuilds up the
rule baseto classifyincomingmessagedeadingto exten-
sive personalizatiomf therule basegnablingEMMA to be
usedby awide variety of users.

Rulesin EMMA (asin all RDR rule basespre if-then'
rulesapplyingin speci ¢ contets. The conditionpartof a
rule may be keywordsor keyphrasesravn from ary of the
messagdeadergSubject From, etc.) or from the body of
the messagéthoughat presentijt is not possibleto de ne
conditionsbasedon messagattachments).For the rule's
conclusiontheuserchooses combinationof avirtual dis-
play folder (for sorting), a priority (high, normalor low)

andan action (read/replythendelete/archie). Usingrules
with suchcombinedconclusionsyatherthan having sepa-
raterulesfor thevirtual folder, priority andaction,leadsto
fewer rulesoverall anda more consisteninterfacefor rule
building (seeFigure4 belaw).

Thevirtual folderis usedfor sortinganddisplayingmes-
sagedo theuser andis basedonwork in the [EMS system
of Crawford etal. [3]. Themaininterfacewindow is shovn
in Figure3. Message thelnbox aregroupednto anum-
ber of virtual folders and displayedtogetherin thesevir-
tual folder(s). If thereis no virtual folder associatedvith
amessageasis the casewhenno rule appliesto the mes-
sagethe messagés left in a virtual folder called "Inbox'.
Virtual foldersmay correspondo foldersfor archiving, but
thisis not essential. Messagesnay be sortedby date,sub-
ject, senderpriority or action,but arestill groupedogether
within virtual folders.

EMMA usesdMultiple Classi cationRippleDown Rules.
Thusmorethanonerule may apply to a messageandthe
classi cationis a setof rule conclusionsj.e. a setof com-
binationsof virtual folder, priority and action. If thereis
more than one virtual folder for a messagethe message
headersare displayedunderboth virtual foldersin the In-
box but thereis only ever onecopy of the messageén the
Inbox le (sodeletingonesuchmessageemoveshothsets
of headerdrom the Inbox display). Within eachvirtual
folder, the priority (and suggesteaction) of a messageés
thatof the highestpriority (high> normal> low) assigned

10ne of the authors,Wobcle, hasa ne-grained set of folders for
archving, but amorecoarse-grainedetof virtual foldersfor display



Figure 4. EMMA Rule Building Interface

to themessagéy arule for thatvirtual folder; multiple pri-
orities and actionsare availableto the userby clicking the
mouse. The userhasthe option to display the conditions
leadingto the givenconclusiongkeywordsandkeyphrases
arehighlightedin the messagelisplay),andseetherule(s)
thatresultedn the currentconclusion.

As describedibore,onemainadvantagef RippleDown
Rulesis theeasewith whichrulesarecreated Rulesareal-
waysde ned to classifya given message Whenthe user
wishesto de ne arule, the messagés displayedn a sepa-
ratewindow andthe usersimply selectsvariouswordsand
phrasesn the messagdeadersaandbody The rule being
constructeds shavn in the upperportionof thewindow, as
shavn in Figure4 (in the caseof a misclassi cation,along
with any conditionsof thisrule inheritedfrom its parentsn
therule baseasthis processe nes therule baseby adding
anexceptionrule,asshovnin Figureb).

As the userselectdeaturedor the conditionpart of the
rule from amongsthe messagéeaderandbody, therule
beingde nedis updatedn the upperwindow, but moreim-
portantly anindicationof the numberof rulesthatcon ict
with the new rule is displayed. Eachcon icting rule rep-
resentsa possibly unintendedside effect of the rule, that
thepresentule will alsoapplyto otherpreviousexamples.
Thisindicatesthattherule's conditionsmay betoo general
andneedfurtherspecializationThe usercanexaminetypi-
calexamplesof thecon icting rules(thecornerstoneases,
herethe messagethat were usedto createthe rules),and
eitheracceptghe new classi cationof the previouscorner
stonecase,or mustfurther specializethe conditionsof the

newly constructedule. The window for viewing corner
stonecasesds shavn in Figure5. Using machinelearning
techniquegseebelon), EMMA is ableto suggessometyp-
ical keywordsfor theintendedfolder; in Figure4, the user
hasselectecbne suchkeyword SFA that hasbeenincorpo-
ratedinto the conditionof thenew rule. Any occurrencesf
thekeyword arehighlightedin thebody of themessage.

Finally, the rule will be createdand addedto the rule
baseby the systemautomaticallybasedon the users cho-
senoptions;the userdoesnot have to examinetherule base
to determinewheretherule(s)shouldbe added.If the new
ruleis for amessagé¢hathasbeenmisclassi ed,thedefault
actionis to modify the conclusion andthe systemaddsex-
ceptionrulesfor eachrule generatinghe incorrectconclu-
sion. For a message@ot classi ed or wherethe userwants
to de ne anadditionalconclusiorfor apreviouslyclassi ed
messagethe systemaddsa new rule at thetop level of the
ruletree.

3.1 Machine Learning in EMMA

Oneway in which machinelearningalgorithmscanbe
incorporatednto EMMA to improve the coverageof the
RDR classi cation algorithmsis by applyingone or more
machinelearning techniqgueswhen the rule basefails to
classifyan example. However, we wantedto evaluatethe
usefulnessof Ripple Down Rules as a methodfor per
forming e-mail classi cation on its own, ratherthan the
usefulnes®f somehybrid method. Furthermoremachine
learningtechniquegenerallyrely on extensvetrainingsets



Figure 5. EMMA Interface

which were not necessarilyavailable for all our usersor
whosecharacteristicsvould vary widely betweerusers?
Ratherthan using machinelearning algorithmsto at-
temptto improve coveragewe have developedthreeways
thata machinelearningtechnique(Bayesiarclassi cation)
canbeusedo improve EMMA'susability Theseareto sug-
gestafolderfor ling agivene-mail,to suggestwhich key-
wordsin a messageareusefulindicatorsof a givenfolder,
andto build “interestpro les” thatcharacterizehe content
of a users folders. We expectedthat the most useful of
thesewould be suggestingvordsfrom particularmessages
to be usedin rule construction,sincerule constructionis
the hardespartof usingthe RDR systemandthis is where
Bayesiarclassi cationcould provide themosthelp. Thisis
thelist of suggestionshawn to theuserin Figure4.
Thedetailsof theNaive Bayesclassi cationmethodsare
standarde.g. Mitchell [6]. Datais taken from the users
existing folders. For a givenfolder f , EMMA calculates
P (f jw) for all keywordsw thatoccurin any messaggin
Mitchell'smethod all suchprobabilitiesarenon-zero).The
folder f with the highestvaluefor P (f jW), whereW is
the set of words occurringin a messageis the one sug-
gestedto the userfor archving the messagep (f jW) is
calculatedusingBayes'rule andanindependencassump-
tion, so that P (Wjf ) is the productover the wordsw in
W of P(wjf). Givena particularmessagevhich the user
hasselectedo le in folderf, the keywordssuggestedo

2Therelatedwork of Wadaet al. [9], which combinesnductive learn-
ing andRipple Down Rules,is alsodirectedtowardsmaintainingthe con-
sisteny of achangingrule basein adynamicervironment.

for Conict Resolution

theuserfor de ning rulesarethosewordsw in themessage
for which P (f jw) > P(f), ranked accordingto P (f jw).
Finally, the“interestpro le” for afolderis simply alist of
wordsw occurringin thefolder (afterremoving stop-words)
ranked accordingto P (f jw). Note that the Naive Bayes
classi cationalgorithmassumethattheoccurrencef each
word in a messagén afolderis conditionallyindependent
from thatof any otherword, a simplifying assumptiorthat
hasbeenshavn to work in practicein mary applications.
Note alsothatwe have usedonly singlewordsin the algo-
rithm ratherthanphrasesfor which thereis typically insuf-
cient statisticalinformationin a users mail boxes.

4. Evaluation

RDR systemscannotbe evaluatedin the sameway as
machinelearningalgorithms,mainly becausef theincre-
mental natureof the approach;thereis no clear division
between'training set” and “test set’ Hencecare should
be takenin interpretingthe resultsdescribedbelow, espe-
cially takenin comparisorto machindearningapproaches.
In any case suchexperimentstypically shav only general
statisticsconcerningthe performanceof an algorithm,and
do notaddresgheimportantquestionof usability.

One major questionconcerningthe usefulnesof RDR
systemsin a given applicationis the degreeto which the
userhasto continuallyaddrulesto cover misclassi cations
or non-classi cations. It is expectedthatin dynamicdo-
mains, userswill have to keepaddingrulesto cover ex-
amplesnot seenpreviously, and e-mail classi cation can



User | #Rules | # messages # classi ed | # misclassi ed | % accurag | % coverage
1 36 156 134 4 97.01 85.90
2 12 259 225 9 96.00 86.87
3 8 236 165 7 95.76 69.92
4 11 620 460 3 99.35 74.19
5 24 367 312 15 95.19 85.01
6 131 1766 1696 82 95.17 96.04
7 6 25 22 1 95.45 88.00
8 55 276 258 7 97.29 93.48

Table 1. EMMA User Trial Results

to a certainextent be considereddynamicin that the type
of messagea userreceveschangeswith time. The main
guestionis whetherthe burdenof creatingnew rules out-
weighsthe usefulnessf the classi cationsystem.Thisis a
guestiorthatcanonly beansweredy askingtheusers.

We conducteda two weektrial of EMMA with 8 tech-
nical usersin the Schoolof ComputerScienceand Engi-
neeringat the University of New SouthWales(not count-
ing the authors,who had beenusing EMMA for a period
of two monthsprior to the trial). The aim of the trial was
to evaluatethe competencetrustworthinessaandusability of
EMMA. More particularly we were interestedn the fol-
lowing aspect®f the system.

The usefulnesof virtual foldersfor displayingmes-
sagesn thelnbox.

Theaccuray of theclassi cation.
Theeaseof therule building process.

The degreeof usemadeof differenttypesof conclu-
sion(virtual folders,prioritiesandactions).

The usefulnessand accurag of the suggestiongro-
videdby the Bayesiarclassi cationalgorithm.

It was expectedthat much of the users' evaluations
would becolouredby their previousexperiencewith e-mail
clients: the two clientsmostcommonlyusedby the evalu-
atorswere NetscapeMessengeand Unix mail (pine, elm,
mutt). Sincesomepeopleinvolvedin the evaluationhad
alsobeenusingthe Itering systemsf othere-mailclients,
we alsowantedto compareEMMA with their existing e-
mail system.

Table 1 shows the characteristicof the rule basesand
mail processetby the 8 usersin atwo weektrial (theusers
arelistedin no particularorder). Column2 is the number
of rulesin the users rule base- notethatbecaus&eMMA
automaticallydeterminesvhereto addexceptionrules,the
usersmaynothave hadto de ne thatmary rules(mostusers
hadlittle ideahow mary rulesthey hadde ned). Column3
shavs how mary messagewererecevedin the two week
period:amazinglyuser6 receved1766messagem thepe-
riod, which weremostly junk mail. Column4 showvs how

mary messagewereclassi edaccordingo therule baseas
it was constructedduring the period and Column5 shows
how mary messagesvere misclassi ed(seebelow for the
de nition of misclassi cation). Column6 shaws the pro-
portionof messageslassi edthatwerecorrectlyclassi ed
(accurag), andColumn7 shows the proportionof all mes-
sageseceiedthatwereclassi edeithercorrectlyor incor-
rectly (coverage).

Dueto the useof the RDR rule base, EMMA achieves
very high levels of accurag in classifyingmessageshe-
tween95% and 99% over the trial period (note that dur-
ing the periodusersarecontinuallyde ning rules,affecting
both accurag andcoverage). Thereis no direct feedback
from the userconcerningmisclassi cations;EMMA's ac-
curagy is determinedasfollows. If the messagés handled
by theuseraccordingo theclassi cationor if theuserdoes
nothandlethe messagé away con icting with theclassi-
cation, theclassi cationis countedascorrect.Only if the
messagés handleddifferentlyfrom theclassi cation,e.g.a
messagdrom onevirtual folder is archivedinto a different
folderor theuserre nes arule applyingto themessagéhat
changedts classi cation,is theclassi cationcountedasin-
correct. Thusaccordingto this measureuserswvereableto
de ne rulesresultingin a high degreeof accurag.

The coverageattainedby EMMA duringthetrial period
is alsohigh, rangingfrom 70% to 96%. This resultis sur
prising (at leastto one of the authors)becausef the wide
varietyof e-mailreceived, makingit dif cult to de ne rules
to cover this variety, and becausemuch e-mail is simply
readonceanddeletedandthisauthordoesnotfeeltheneed
to de ne rulesfor this type of message)lt is possiblethat
becausehetrial wasover a shortperiod,the mail received
by usergduringthatperioddid notvary much;it would have
beendesirableto measureoverageover alongerperiodto
seeif thesehigh coverageratesweremaintained.

Not shavn in thetableis userfeedbackconcerningthe
usability of EMMA. All usersagreedthe rule building in-
terfacewas easyto use, andthat virtual folders provided
a usefulinterface (thoughsomecommentedhat scrolling
throughalargeInboxwasmoredif cult with thisinterface,
especiallywhen the headerof a messageappearednore



thanonce). Few userscommentedn featuressuchasthe
creationof semi-automaticepliesor prioritization, proba-
bly becauseherewaslittle needfor thesefeaturesduring
the shorttrial period.

Oneaspecbf RDR systemghataroserelatesto the fact
that rules canonly be re ned or added. Userswantedto
deleteconditionsfrom a rule so asto generalizats appli-
cation: this is normally doneby de ning a new rule. The
issueis that the old rule persistsin the rule base. While
this resultsin no incorrectclassi cations,unlesstherule is
stoppedwhenotherrulesarere ned, the cornerstonease
for the old rule may be presentedo the userfor consider
ation along with that for the new rule; the userthus sees
cornerstoneaseghatdo not needto beexamined.Another
aspectelatingto the rule building languagevasthatsome
usersvantedto de ne ruleswith “negative” conditions(e.g.
themessageoesnotcontainCRQ), especiallyin exception
rules. Thereis no reasonsuchrulescannotbe de ned, but
eliciting theseconditionswould requiremorecomplex user
input, andfor this reasonis notincludedin EMMA.

5. Related Work

Thereare numerougesearctprototypeshat attemptto
addressaspect®f e-mailmanagementOnly onesuchpro-
totype,to ourknowledge hasbeenincorporatednto acom-
mercialproduct: SwiftFile in anextensionof Lotus Notes.
SwiftFile, Segal and Kephart[7], providesthe userwith
threeextrabuttonsfor suggestinghefolder(s)whereames-
sageshouldbe archived: the suggestedoldersare calcu-
lated usingthe tf-idf method. Therearethreebuttonsbe-
causehis providedanacceptablelegreeof accurag (73%
to 90% in trials). From our perspectie, however, the use
of threebuttonsmeanghat SwiftFile canonly be usedrel-
atively “late” in the e-mail managemenprocesscertainly
after the userhas openedthe message.But on the other
hand,sortingincomingmessagessingthe rst recommen-
dation of SwiftFile doesnot give an acceptabledegree of
accurag (rangingfrom 52%to 76%in trials).

Cohen[1] comparegswo techniquedor sorting e-malil
into folders: the tf-idf approachand RIPPER,a rule in-
ductionalgorithm. Given a training setof messageslas-
si ed into folders, RIPPERuseskeyword spottingto re-
peatedlyaddrulesinto a rule setfor eachfolder until all
positive examplesare coveredwhile all negative examples
areexcluded. Initial resultsseemimpressie (the accurayg
of RIPPERIs betweerB7%and94% on varying sizeddata
setswhen80% of the datais usedfor trainingand20% for
testing),but it appearshis assumesll messageareclassi-
ed in exactlyoneof thegivenfolders. Thusthesestatistics
addressaccurag, but not coverageof the data,andthe ac-
curag is attainedusinga “batch” methodon a sufciently
largetrainingset.

6. Conclusion

EMMA is ane-mailmanagemerdssistanbasedn Rip-
ple Down Rules. addressingnultiple aspectof the e-mail
managemenprocess.from sorting messagesnto virtual
foldersto archiving messageandcreatingsemi-automatic
replies.TheRDR approaclprovidesahighdegreeof classi-
cation accuray, while simplifying thetaskof maintaining
the consisteng of the rule base.A Bayesiarclassi cation
algorithmis usedto improve the usability of the systemby
suggestindkeywordsfor ling messagemto agivenfolder,
suggestinga folder for ling a given e-mail, and building
“interestpro les” characterizingusersfolders.
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