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Abstract

In this paper, wedescribeEMMA (E-Mail Management
Assistant), an e-mail systemthat addressesthe processof
e-mail management,from initially sorting messages 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-basedapproach known
asRippleDownRules(RDR)asthebasisof rule construc-
tion. In contrastto traditionalrule-basedsystems,RDRsys-
temsprovideextensivehelpto theuserin de�ning rulesand
maintainingtheconsistencyof a rule base, makingEMMA
easyto use. We discusstheresultsof evaluatingtheusabil-
ity of EMMAona trial of independentusers.

1. Intr oduction

As e-mail becomesa more prevalent form of commu-
nication,dealingwith e-mail is becomingmoreandmore
costlyandtimeconsuming.Thereisarealneedfor software
assistantsthatcanimprovethemanagementof personaland
organizationale-mail. But despitemuchresearchinto the
developmentof e-mailassistants,currente-mailclientsand
researchprototypesprovideonly limited helpin addressing
thisproblemof communicationoverload.

Maes[5] identi�es competenceand trust as two main
criteria for theeffectivenessof personalassistants:compe-
tencerefersto theacquisitionof knowledgeby theassistant
andtheuseof this knowledgeto aid theuser;trust refersto
theuser's willingnessto delegatetasksto theassistant.Of
course,thisassumesthattheassistantis “competent”to the
extentthat theusermodelit developsis correctandableto
beemployedto helptheuser. In this moreeverydaysense,
competencerefersto the correctnessof the assistant's be-
haviour. To these,we canaddusability; theeaseof interac-
tion betweenthe userandthe assistant,including the ease
with whichknowledgeis acquiredby theassistant.

In thecaseof e-mail,usergroupstudies,e.g.Singhand
Ryan[8] have endorsedMaes'view by showing thatusers'
lack of trust in their systemsis a major barrier to the use
of e-mail in organizations(andthis would applyevenmore
to the useof e-mail assistants).We believe that the main
reasonthat existing prototypee-mail assistantsare not in
widespreaduseis thatsuchsystems(typically basedonma-
chine learningtechniquessuchasBayesianclassi�cation)
donotprovidecompetence(in thesenseof correctness)and
hencedonotengenderthetrustof their users.

In this paper, we focuson e-mailmanagementasa pro-
cess.Consideringasinglee-mailmessage,themessage�rst
arrivesin a user's Inbox andis perhapssortedand/orprior-
itized for displayto the userbeforebeingread. The mes-
sagemaybeleft in theInbox for sometime beforetheuser
repliesto it, thenit mayeitherbearchivedand/oreventually
deleted.Archived messagesmay be culled at a later date.
Webelievethatanotherreasonexistinge-mailassistantpro-
totypesareof limited useis thatthey typically addressonly
oneof theseaspectsof thee-mailmanagementprocess.An
effective e-mailassistantshouldideally addressall aspects
of theprocess.

Another dif�culty in developing a general-purposee-
mail assistantis thatusersvarywidely in thetypeandquan-
tity of e-mail they receive and their behaviour in manag-
ing their mail. Someusersreceive more than a hundred
e-mailsperday, othersonly very few. Therehavebeensur-
prisingly few studiesof exactly how usersmanagee-mail,
but it seemsmostpeopleusefoldersfor �ling theire-mails,
thoughsomekeepall of their mail in theInbox andrely on
ef�cient searchfunctionsto re-locatemessages.Of those
who usefolders, most seemto organizefolders basedon
the contentor senderof a message,someorganizefolders
basedontheactionto betakenin responseto thee-mail(re-
ply, delete,etc.),while othersagainorganizefoldersbased
on theurgency of therequiredresponse.Thusfor ane-mail
assistantto bewidely usable,it mustcaterfor thewide va-
riety of e-mail usersandthe differentstrategiesthey have
adoptedto copewith managingtheir e-mail.



In this paper, we presentEMMA (E-Mail Management
Assistant), a personale-mailassistantthataimsto ful�l the
requirementsof competenceand trust, be usableand ap-
plicable to a wide variety of users,while also addressing
many aspectsof thee-mailmanagementprocess.Theheart
of thesystemis a knowledgeacquisitiontechniqueknown
asRipple Down Rules(RDR), which provide both the ac-
curacy of rule-basedsystems(guaranteeingthecorrectness
andhencetrustworthinessof the agent)while simplifying
theknowledgeacquisitionprocessto suchanextentthatthe
userneverevenhasto look at therulebasein orderto de�ne
or correctexisting rules. RDR systemsarealsoincremen-
tal: theuserstartswith anemptyknowledgebaseandadds
ruleswhile processingexamples. Thusin contrastto ma-
chinelearningalgorithms,no trainingsetis requiredbefore
thesystemcanbeused.

In EMMA, individual rulesare`if-then' ruleswith con-
ditions such as the sender, recipients, subject and key-
words/phrasesin thecontentof themessage,andwith con-
clusionsthat may be any combinationof a virtual display
folder (for sortingmessagesbeforetheuserreadsthem),a
priority (high,normalor low) andanaction(read/replythen
delete/archive). Theusercande�ne templatesfor automat-
ically replyingto messages.In this way, EMMA addresses
multipleaspectsof thee-mailmanagementprocess,includ-
ing sorting,prioritizationandautomaticreply, usinga uni-
�ed rule-basedapproach.

RDR systemsovercomethe major dif�culty with rule
systemsin existinge-mailclients(andotherexpertsystems)
– the problemof maintainingconsistency in a rule system
that potentiallycontainsmany interactingrules. However,
theonusis on theuserto de�ne appropriaterulesthatclas-
sify messages.In this paper, we adopta machinelearning
technique(Bayesianclassi�cation)to improvetheusability
of EMMA in threeways: to suggesta folder for �ling a
givene-mail, to suggestwhich keywordsin a messageare
useful indicatorsof a given folder, and to build “interest
pro�les” thatcharacterizethecontentof auser's folders.

Theorganizationof thispaperis asfollows. In Section2,
we give a brief overview of RippleDown Rules,with clas-
sifying e-mail into foldersasamotivatingexample.In Sec-
tion 3,wedescribetheEMMA systemin moredetail,andin
Section4 describeour evaluationof thecompetence,trust-
worthiness,andusability of EMMA in a trial of technical
users.Section5 containsa discussionof relatedwork.

2. Ripple Down Rules

RippleDown Rules(RDR),ComptonandJansen[2], are
systemsof `if-then' rulesorganizedin a hierarchyof rules
and exceptions(exceptionsto rules may themselves have
exceptions,etc.). An RDR rule baseis organizedasa tree
structurein whicheachnodecontainsaruleandthechildren

of anoderepresentexceptionsto therule. RDRsystemscan
beviewedasclassi�cationsystemswhentheconclusionof
a rulede�nesa classto beassignedto anexample.Theuse
of RDRssupportsan incrementalapproachto knowledge
acquisition:startingwith anemptyrulebase,asnew exam-
plesareencountered,theuseraddsa rule to correctlyclas-
sify theexample,andwhenanexampleis classi�ed incor-
rectly, theuserde�nes exceptionsto therulesthat resulted
in themisclassi�cation.

Thereare varioustypesof RDR system. EMMA uses
Multiple Classi�cationRippleDown Rules,Kangetal. [4].
With this type of rule base,an examplehasa classi�ca-
tion resultingfrom multiple conclusionsin the rule base.
Theseconclusionsarefoundby following everypathin the
RDR treeto themostspeci�c nodeapplicableto theexam-
ple. The classi�cation is thenthe setof conclusionsfrom
all suchnodes.For example,considertheRDR treeshown
in Figure1. Theroot nodeis adummynodegiving nocon-
clusion. Rules1 to 5 are the rules in the treethat arenot
de�nedasexceptionsto otherrules,while Rules6 and7 are
exceptionsto Rule 1, etc. Consideran examplewith fea-
turesf a, b, c, e, f, xg (whichmightcorrespondto thesender
of amessageor keywordsin thebodyof amessage).At the
top level of the tree,Rules1, 3 and5 areapplicableto the
example. However, Rule 7, which is an exceptionto Rule
1, alsoappliesto the example. So the mostspeci�c rules
applying to the exampleare Rules7, 3 and 5, giving the
classi�cation f CRC,Friendsg. Note how in this example,
thereare two rules applying to the messagethat give the
conclusionFriends, but thismakesnodifferenceto the�nal
classi�cation.

Figure 1. RDR Rule Base

An RDR systemprovidesextensive supportto the user
in de�ning rules,andthis is whereRDR systemsgaintheir
power comparedto traditional rule-basedexpert systems.
Theuserdoesnot everneedto examinetherule basein or-
der to de�ne new rules: the useronly needsto be able to
de�ne a new rule that correctlyclassi�esa givenexample,
andthesystemcandeterminewherethoserulesshouldbe



placedin thehierarchy. In anRDR system,rulesarenever
modi�ed or removed,only re�ned or added.Re�nementis
thecreationof anexceptionrule to correcta misclassi�ca-
tion, while additionrefersto addinga new rule at the top
level of the tree. Rulesarealways de�ned in the context
of a speci�c exampleandin relationto other“relevant” ex-
amples,andarenot meantto beabsolute.To de�ne a new
rule “in context,” the userhasonly to identify featuresof
the examplethat distinguishit from examplesthat should
be classi�ed differently. The RDR systemcan determine
whichexamplesneedto beconsideredby checkingtherule
basefor prior examplesthat are also coveredby the pro-
posedrule. To do this, the systemmaintainsfor eachrule
the examplethat wasusedwhenthe usercreatedthe rule
(called the “cornerstonecase”). The cornerstonecasesof
potentiallycon�icting rulescanbepresentedto theuseras
thenew rule is beingde�ned, promptingtheuserto 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
consequences.This makesthe taskof de�ning rulesmuch
simplerthanif theuseris requiredto de�ne a rule basein-
dependentlyof the context of a speci�c example(asis re-
quiredin traditional rule-basedexpert systems,andin the
rule basesof currente-mail �ltering systems).In this way,
anRDRsystemcanbeusedby “endusers”ratherthanonly
by knowledgeengineers.

Consideragain the example RDR tree shown in Fig-
ure 1. A messagewith featuresf a, c, xg is classi�ed as
f Friendsg. Supposetheuserwishesto changethis classi�-
cationto f ARCg, soneedsto determineadditionalfeatures
of the examplethat will lead to the new conclusion. By
usingtheRDR system,theuseris certainthat theselected
featuresy andzdonot resultin incorrectconclusionsbeing
generatedusingotherrules. For example,asthe featurey
of the messageis selected,the useris shown any corner-
stonecasesthat satisfy the conditionsof the new rule, in-
cludingy: notethat theremaybesuchcaseseventhoughy
doesnot occurin the conditionsof any existing rule. The
new conclusionf ARCg appliesto suchcases,sotheuseris
promptedto determinewhetheror not this is the intended
behaviour; if it is not, theusermustidentify additionalfea-
tures(herez) that furtherdiscriminatethecurrentmessage
from thesecornerstonecases.Finally, two instancesof the
rule `if y andz thenARC' areaddedasexceptionsto Rules
3 and5 (so that both conclusionsareoverriddenby more
speci�c rules),asshown in Figure2. Theexamplewill now
beclassi�edcorrectly.

In summary, themainadvantagesof RippleDown Rules
asaknowledgeacquisitiontechniquearethehighdegreeof
accuracy, thevalidationof conclusionsthat thesystemcan
provide, and the easeof constructingthe rule base. This

Figure 2. RDR Rule Base after Re�nement

makesRDR systemssuitablein domainswhereaccuracy,
explicitnessof reasoning,and the justi�cation of conclu-
sionsareessential.TypicalapplicationdomainswhereRDR
systemshavebeensuccessfullyappliedarein medicaldiag-
nosis,ComptonandJansen[2].

Thehighdegreeof accuracy is attainedbecausetheuser
re�nes therulebaseto maintainconsistency whenevernec-
essary, so the systemalways classi�es seenexamplesac-
cordingto theuser's (current)intentions(astherulebaseis
beingconstructed,theusercanchangetheclassi�cationof
previouslyclassi�edexamplesby creatingexceptionrules).
Totalaccuracy is notguaranteed,however, becausetherules
de�ned by theuseraretypically over-general,in that rules
alsoapplyto unseenexamplesin perhapsunforeseenways.
However, in practice,sincerulesapplyonly in speci�c con-
texts, misclassi�cationappliesto a relatively smallpropor-
tion of unseenexamples.More usualin practiceis that the
user's rule baseasa whole coverstoo preciselythe setof
existing examples,andthe RDR systemtendsto be “con-
servative” andfails to generalizeto unseenexamples.Thus
in comparisonto machinelearningsystems,RDR systems
gain high accuracy (precision)at the expenseof coverage
(recall)of asetof examples,while typically machinelearn-
ing algorithmshavehighercoveragebut loweraccuracy.

As mentionedabove, rules are never deletedfrom an
RDR rule base. To achieve the effect of deletinga rule,
a rulemaybe“stopped,” whichmeansthatany conclusions
thatwouldnormallybegeneratedusingtheruleareignored,
but not thoseobtainedfrom its exceptions(andtheir excep-
tions,etc.). Onepotentialdisadvantageof this approachis
thatanRDR rule basecangrow to containa largenumber
of redundantrules, especiallyin dynamicdomainswhere
theusermayoftenwant to stoptheapplicationof existing
rules. However, with thehierarchicalstructureof an RDR
rule base,removing redundantrules is a nontrivial opera-
tion, e.g.Wadaet al. [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 basedonRippleDown
Rules(RDR). As mentionedin Section1, the aim of this
work is to addressasmany aspectsof e-mail management
aspossiblefor aswideavarietyof usersaspossible.Theas-
sistantshouldbecompetentandtrustworthy, andbeeasyto
use.Competenceis assuredby theuseof RDR systemsfor
classi�cation,becauseof thehighdegreeof accuracy of the
constructedrulebases;this leadsto ahighdegreeof trustin
thesystemby theusers.TheEMMA interfaceis designed
to make it easyfor theuserto view mail, andespecially, to
de�ne rules.

OnereasonthatRippleDown Rulesareparticularlysuit-
able for e-mail classi�cation is the incrementalnatureof
theapproach.Thereis no need,asthereis with somema-
chinelearningalgorithms,for largetrainingsets.Theuser
startswith anemptyrule base,andgraduallybuilds up the
rule baseto classifyincomingmessages,leadingto exten-
sivepersonalizationof therulebase,enablingEMMA to be
usedby a widevarietyof users.

Rulesin EMMA (asin all RDR rule bases)are`if-then'
rulesapplyingin speci�c contexts. Theconditionpartof a
rulemaybekeywordsor keyphrasesdrawn from any of the
messageheaders(Subject, From, etc.) or from thebodyof
themessage(thoughat present,it is not possibleto de�ne
conditionsbasedon messageattachments).For the rule's
conclusion,theuserchoosesacombinationof avirtual dis-
play folder (for sorting), a priority (high, normal or low)

andanaction(read/replythendelete/archive). Using rules
with suchcombinedconclusions,ratherthanhaving sepa-
raterulesfor thevirtual folder, priority andaction,leadsto
fewer rulesoverall anda moreconsistentinterfacefor rule
building (seeFigure4 below).

Thevirtual folder is usedfor sortinganddisplayingmes-
sagesto theuser, andis basedonwork in theIEMS system
of Crawford etal. [3]. Themaininterfacewindow is shown
in Figure3. Messagesin theInboxaregroupedinto anum-
ber of virtual folders and displayedtogetherin thesevir-
tual folder(s). If thereis no virtual folder associatedwith
a message,asis thecasewhenno rule appliesto themes-
sage,the messageis left in a virtual folder called`Inbox'.
Virtual foldersmaycorrespondto foldersfor archiving, but
this is notessential.1 Messagesmaybesortedby date,sub-
ject,sender, priority or action,but arestill groupedtogether
within virtual folders.

EMMA usesMultiple Classi�cationRippleDownRules.
Thusmorethanonerule may apply to a message,andthe
classi�cationis a setof rule conclusions,i.e. a setof com-
binationsof virtual folder, priority andaction. If thereis
more than one virtual folder for a message,the message
headersaredisplayedunderboth virtual folders in the In-
box but thereis only ever onecopy of the messagein the
Inbox �le (sodeletingonesuchmessageremovesbothsets
of headersfrom the Inbox display). Within eachvirtual
folder, the priority (andsuggestedaction)of a messageis
thatof thehighestpriority (high > normal> low) assigned

1One of the authors,Wobcke, has a �ne-grained set of folders for
archiving, but a morecoarse-grainedsetof virtual foldersfor display.



Figure 4. EMMA Rule Building Interface

to themessageby arule for thatvirtual folder;multiplepri-
oritiesandactionsareavailableto theuserby clicking the
mouse. The userhasthe option to display the conditions
leadingto thegivenconclusions(keywordsandkeyphrases
arehighlightedin themessagedisplay),andseetherule(s)
thatresultedin thecurrentconclusion.

As describedabove,onemainadvantageof RippleDown
Rulesis theeasewith which rulesarecreated.Rulesareal-
waysde�ned to classifya given message.Whenthe user
wishesto de�ne a rule, themessageis displayedin a sepa-
ratewindow andtheusersimply selectsvariouswordsand
phrasesin the messageheadersandbody. The rule being
constructedis shown in theupperportionof thewindow, as
shown in Figure4 (in thecaseof a misclassi�cation,along
with any conditionsof this rule inheritedfrom its parentsin
therulebase,asthisprocessre�nes therulebaseby adding
anexceptionrule,asshown in Figure5).

As theuserselectsfeaturesfor theconditionpartof the
rule from amongstthemessageheadersandbody, the rule
beingde�ned is updatedin theupperwindow, but moreim-
portantly, an indicationof thenumberof rulesthatcon�ict
with the new rule is displayed. Eachcon�icting rule rep-
resentsa possiblyunintendedside effect of the rule, that
thepresentrule will alsoapplyto otherpreviousexamples.
This indicatesthat therule's conditionsmaybetoo general
andneedfurtherspecialization.Theusercanexaminetypi-
calexamplesof thecon�icting rules(thecornerstonecases,
herethe messagesthat wereusedto createthe rules),and
eitheracceptsthenew classi�cationof thepreviouscorner-
stonecase,or mustfurtherspecializetheconditionsof the

newly constructedrule. The window for viewing corner-
stonecasesis shown in Figure5. Using machinelearning
techniques(seebelow), EMMA is ableto suggestsometyp-
ical keywordsfor the intendedfolder; in Figure4, theuser
hasselectedonesuchkeyword SPA thathasbeenincorpo-
ratedinto theconditionof thenew rule. Any occurrencesof
thekeywordarehighlightedin thebodyof themessage.

Finally, the rule will be createdand addedto the rule
baseby the systemautomaticallybasedon the user's cho-
senoptions;theuserdoesnothaveto examinetherulebase
to determinewheretherule(s)shouldbeadded.If thenew
rule is for amessagethathasbeenmisclassi�ed,thedefault
actionis to modify theconclusion,andthesystemaddsex-
ceptionrulesfor eachrule generatingthe incorrectconclu-
sion. For a messagenot classi�ed or wheretheuserwants
to de�ne anadditionalconclusionfor apreviouslyclassi�ed
message,thesystemaddsa new rule at thetop level of the
rule tree.

3.1 Machine Learning in EMMA

Oneway in which machinelearningalgorithmscanbe
incorporatedinto EMMA to improve the coverageof the
RDR classi�cationalgorithmsis by applyingoneor more
machinelearning techniqueswhen the rule basefails to
classifyan example. However, we wantedto evaluatethe
usefulnessof Ripple Down Rules as a method for per-
forming e-mail classi�cation on its own, rather than the
usefulnessof somehybrid method. Furthermore,machine
learningtechniquesgenerallyrely onextensivetrainingsets



Figure 5. EMMA Interface for Con�ict Resolution

which were not necessarilyavailable for all our usersor
whosecharacteristicswould varywidely betweenusers.2

Rather than using machinelearning algorithmsto at-
temptto improve coverage,we have developedthreeways
thata machinelearningtechnique(Bayesianclassi�cation)
canbeusedto improveEMMA'susability. Theseareto sug-
gesta folder for �ling agivene-mail,to suggestwhichkey-
wordsin a messageareusefulindicatorsof a givenfolder,
andto build “interestpro�les” thatcharacterizethecontent
of a user's folders. We expectedthat the most useful of
thesewould besuggestingwordsfrom particularmessages
to be usedin rule construction,sincerule constructionis
thehardestpartof usingtheRDR systemandthis is where
Bayesianclassi�cationcouldprovidethemosthelp.This is
thelist of suggestionsshown to theuserin Figure4.

Thedetailsof theNaiveBayesclassi�cationmethodsare
standard,e.g. Mitchell [6]. Data is taken from the user's
existing folders. For a given folder f , EMMA calculates
P(f jw) for all keywordsw that occur in any message(in
Mitchell'smethod,all suchprobabilitiesarenon-zero).The
folder f with the highestvalue for P(f jW ), whereW is
the set of words occurring in a message,is the one sug-
gestedto the userfor archiving the message;P(f jW ) is
calculatedusingBayes'rule andanindependenceassump-
tion, so that P(W jf ) is the productover the words w in
W of P(wjf ). Given a particularmessagewhich theuser
hasselectedto �le in folder f , the keywordssuggestedto

2Therelatedwork of Wadaet al. [9], which combinesinductive learn-
ing andRippleDown Rules,is alsodirectedtowardsmaintainingthecon-
sistency of achangingrulebasein adynamicenvironment.

theuserfor de�ning rulesarethosewordsw in themessage
for which P(f jw) > P(f ), ranked accordingto P(f jw).
Finally, the“interestpro�le” for a folder is simply a list of
wordsw occurringin thefolder(afterremovingstop-words)
ranked accordingto P(f jw). Note that the Naive Bayes
classi�cationalgorithmassumesthattheoccurrenceof each
word in a messagein a folder is conditionallyindependent
from thatof any otherword, a simplifying assumptionthat
hasbeenshown to work in practicein many applications.
Notealsothatwe have usedonly singlewordsin thealgo-
rithm ratherthanphrases,for which thereis typically insuf-
�cient statisticalinformationin auser'smail boxes.

4. Evaluation

RDR systemscannotbe evaluatedin the sameway as
machinelearningalgorithms,mainly becauseof the incre-
mentalnatureof the approach;there is no clear division
between“training set” and “test set.” Hencecareshould
be taken in interpretingthe resultsdescribedbelow, espe-
cially takenin comparisonto machinelearningapproaches.
In any case,suchexperimentstypically show only general
statisticsconcerningthe performanceof an algorithm,and
donotaddresstheimportantquestionof usability.

Onemajor questionconcerningthe usefulnessof RDR
systemsin a given applicationis the degreeto which the
userhasto continuallyaddrulesto covermisclassi�cations
or non-classi�cations. It is expectedthat in dynamicdo-
mains,userswill have to keepaddingrules to cover ex-
amplesnot seenpreviously, and e-mail classi�cation can



User # Rules # messages # classi�ed # misclassi�ed % accuracy % 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 messagesa userreceiveschangeswith time. The main
questionis whetherthe burdenof creatingnew rulesout-
weighstheusefulnessof theclassi�cationsystem.This is a
questionthatcanonly beansweredby 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 hadbeenusingEMMA for a period
of two monthsprior to the trial). The aim of the trial was
to evaluatethecompetence,trustworthinessandusabilityof
EMMA. More particularly, we were interestedin the fol-
lowing aspectsof thesystem.

� The usefulnessof virtual folders for displayingmes-
sagesin theInbox.

� Theaccuracy of theclassi�cation.

� Theeaseof therulebuilding process.

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

� The usefulnessand accuracy of the suggestionspro-
videdby theBayesianclassi�cationalgorithm.

It was expectedthat much of the users' evaluations
wouldbecolouredby theirpreviousexperiencewith e-mail
clients: the two clientsmostcommonlyusedby theevalu-
atorswereNetscapeMessengerandUnix mail (pine,elm,
mutt). Sincesomepeopleinvolved in the evaluationhad
alsobeenusingthe�ltering systemsof othere-mailclients,
we alsowantedto compareEMMA with their existing e-
mail system.

Table1 shows the characteristicsof the rule basesand
mail processedby the8 usersin a two weektrial (theusers
arelisted in no particularorder). Column2 is the number
of rulesin theuser's rule base– notethatbecauseEMMA
automaticallydetermineswhereto addexceptionrules,the
usersmaynothavehadto de�ne thatmany rules(mostusers
hadlittle ideahow many rulesthey hadde�ned). Column3
shows how many messageswerereceived in the two week
period:amazingly, user6 received1766messagesin thepe-
riod, which weremostly junk mail. Column4 shows how

many messageswereclassi�edaccordingto therulebaseas
it wasconstructedduring the periodandColumn5 shows
how many messagesweremisclassi�ed(seebelow for the
de�nition of misclassi�cation). Column6 shows the pro-
portionof messagesclassi�edthatwerecorrectlyclassi�ed
(accuracy), andColumn7 shows theproportionof all mes-
sagesreceivedthatwereclassi�edeithercorrectlyor incor-
rectly (coverage).

Due to the useof the RDR rule base,EMMA achieves
very high levels of accuracy in classifyingmessages,be-
tween95% and 99% over the trial period (note that dur-
ing theperiodusersarecontinuallyde�ning rules,affecting
both accuracy andcoverage).Thereis no direct feedback
from the userconcerningmisclassi�cations;EMMA's ac-
curacy is determinedasfollows. If themessageis handled
by theuseraccordingto theclassi�cationor if theuserdoes
nothandlethemessagein awaycon�icting with theclassi-
�cation, theclassi�cationis countedascorrect.Only if the
messageis handleddifferentlyfrom theclassi�cation,e.g.a
messagefrom onevirtual folder is archivedinto a different
folderor theuserre�nes aruleapplyingto themessagethat
changesits classi�cation,is theclassi�cationcountedasin-
correct.Thusaccordingto this measure,userswereableto
de�ne rulesresultingin a highdegreeof accuracy.

Thecoverageattainedby EMMA duringthetrial period
is alsohigh, rangingfrom 70% to 96%. This result is sur-
prising (at leastto oneof theauthors)becauseof thewide
varietyof e-mailreceived,makingit dif�cult to de�ne rules
to cover this variety, and becausemuch e-mail is simply
readonceanddeleted(andthisauthordoesnotfeeltheneed
to de�ne rulesfor this typeof message).It is possiblethat
becausethetrial wasover a shortperiod,themail received
by usersduringthatperioddid notvarymuch;it wouldhave
beendesirableto measurecoverageovera longerperiodto
seeif thesehigh coverageratesweremaintained.

Not shown in the tableis userfeedbackconcerningthe
usability of EMMA. All usersagreedthe rule building in-
terfacewas easyto use,and that virtual folders provided
a useful interface(thoughsomecommentedthat scrolling
througha largeInboxwasmoredif�cult with this interface,
especiallywhen the headerof a messageappearedmore



thanonce). Few userscommentedon featuressuchasthe
creationof semi-automaticrepliesor prioritization,proba-
bly becausetherewaslittle needfor thesefeaturesduring
theshorttrial period.

Oneaspectof RDR systemsthataroserelatesto thefact
that rules canonly be re�ned or added. Userswantedto
deleteconditionsfrom a rule so asto generalizeits 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
stopped,whenotherrulesarere�ned, thecornerstonecase
for theold rule may be presentedto the userfor consider-
ation along with that for the new rule; the userthus sees
cornerstonecasesthatdonotneedto beexamined.Another
aspectrelatingto therule building languagewasthatsome
userswantedto de�ne ruleswith “negative” conditions(e.g.
themessagedoesnotcontainCRC), especiallyin exception
rules. Thereis no reasonsuchrulescannotbede�ned, but
eliciting theseconditionswould requiremorecomplex user
input,andfor this reason,is not includedin EMMA.

5. RelatedWork

Therearenumerousresearchprototypesthat attemptto
addressaspectsof e-mailmanagement.Only onesuchpro-
totype,to ourknowledge,hasbeenincorporatedinto acom-
mercialproduct:SwiftFile in anextensionof LotusNotes.
SwiftFile, Segal and Kephart[7], provides the userwith
threeextrabuttonsfor suggestingthefolder(s)whereames-
sageshouldbe archived: the suggestedfoldersare calcu-
latedusingthe tf-idf method. Therearethreebuttonsbe-
causethis providedanacceptabledegreeof accuracy (73%
to 90% in trials). From our perspective, however, the use
of threebuttonsmeansthatSwiftFile canonly beusedrel-
atively “late” in the e-mail managementprocess,certainly
after the userhasopenedthe message.But on the other
hand,sortingincomingmessagesusingthe�rst recommen-
dationof SwiftFile doesnot give an acceptabledegreeof
accuracy (rangingfrom 52%to 76%in trials).

Cohen[1] comparestwo techniquesfor sorting e-mail
into folders: the tf-idf approachand RIPPER,a rule in-
ductionalgorithm. Given a training setof messagesclas-
si�ed into folders, RIPPERuseskeyword spotting to re-
peatedlyadd rules into a rule set for eachfolder until all
positive examplesarecoveredwhile all negative examples
areexcluded. Initial resultsseemimpressive (theaccuracy
of RIPPERis between87%and94%on varyingsizeddata
setswhen80%of thedatais usedfor trainingand20%for
testing),but it appearsthis assumesall messagesareclassi-
�ed in exactlyoneof thegivenfolders.Thusthesestatistics
addressaccuracy, but not coverageof thedata,andtheac-
curacy is attainedusinga “batch” methodon a suf�ciently
largetrainingset.

6. Conclusion

EMMA is ane-mailmanagementassistantbasedonRip-
ple Down Rules.addressingmultiple aspectsof thee-mail
managementprocess,from sorting messagesinto virtual
foldersto archiving messagesandcreatingsemi-automatic
replies.TheRDRapproachprovidesahighdegreeof classi-
�cation accuracy, while simplifying thetaskof maintaining
theconsistency of the rule base.A Bayesianclassi�cation
algorithmis usedto improve theusabilityof thesystemby
suggestingkeywordsfor �ling messagesinto agivenfolder,
suggestinga folder for �ling a given e-mail, andbuilding
“interestpro�les” characterizingauser's folders.
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