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Abstract

Thenumberof electonic catalagshasgrownrapidly during the pastfew years. Mostof
thesecatalogs usestandad databasegor storing and retrieving productinformation.
Usingordinary databasegor productcatalags, however, hasthe major drawbadk that
it is oftenvery difficult to find the productsdesied: very often,the databasedoesnot
returna matding productat all or it returnsmanyproductsthat haveto be examined
manually To overcomethis problem,we proposethe use of Case-Basedreasoning
(CBR)techniquesas an approach to requirement-orientedetrieval of products.CBR
incorporatesproductknowledg into the databaseby meansof a similarity measure
Recentlyanumbemfcommecial electoniccatalogsbasecon CBRhavebeerrealized.
We take a closerlook at Analog Devices’ on-line catalag of operational amplifiers,
which helpsan engineetto find a suitableamplifierfor her specificrequirrments.

1 Intr oduction

The numberof electroniccatalogs— especiallyon CD-ROMs and on the Internet—
hasgrown rapidly during the pastfew years.In certainareasthey even have become
asimportantastheir printed counterpartsThis is especiallytrue for electricalengi-
neeringapplicationswheremary vendorsoffer productinformationover the Internet
andmostof their customersisethis servicefrequently Most of thesecatalogsemploy
standarddatabasepproachesor storageandretrieval of productinformation.While
today databasearewell understoocandmary off-the-shelfsolutionsexist, we claim
thatthey canonly be usedefficiently by advancedusers— usersthatarealreadyvery
familiar with the contentsof the databaseThis is especiallya problemfor electronic
catalogameantto be useddirectly by endconsumer®r engineersvho, in mary cases,
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arenot expertsin the family of productsthey arelooking for, or atleastdo not have a
goodoverview over all the productsandtheir specialtiesnsidethe catalog.Imaginean
electronicsengineerlooking for a device to integrateinto her new circuit that pushes
the limits of the mostadvanceddevicesfrom her catalog.How canthis personselect
the device bestfitting herneedsf sheis no expertin the areaof devicessheis looking
for? A standardlatabaseffersno supportfor her.

In this papemwe give examplesof how difficult it is oftento find desiredproductin-
formationin electroniccatalogsWe introducethe basicideaof Case-BaseBeasoning
(CBR)anddiscusghepossibilitiesthatthistechniqueoffersto overcomeamary of these
problems A numberof commercialpplicationsusingpartof the proposedechniques
recentlyhave beenrealized. Informationbrokeragein high precisionmanufcturing
andelectronicpartscatalogsarecoveredby theseapplicationsWe provide a casestudy
of acommercialpplication. AnalogDevices’ on-line catalogof operationahmplifiers
is presentedhn detailandwe closewith a shortdiscussion.

2 The Problemwith Ordinary Databases

Sowhy shoulda customesearchingor productinformationonthewebnotbesatisfied
with a hugedatabasef productsanda databassearchengineon top of it? The most
importantanswetto this questions: “Becausehis systementirelyfailsto provide sales
support! We illustratethis problemwith the following scenario’A customerentersa

shopthat sellselectronicparts.Imaginethe shopassistantictslike a databasasearch
engine:

Customer: Hello, | needthistransistorPOC-4711".

Assistant: Sorry, we currentlydo not have this transistorin stock.(No further expla-
nation,no alternatives.)

C: Er, well, doyouhave themilitary version'POC-4711-m’ then?

A: Sorry, we do not have this onein stockeither (The Customerprobablyleavesthe
shopnow but let’s seewhathappensf shedoesnt.)

C: Well, doyou have ary transistorcomingcloseto the POC-47113 amplification?

A: Canyou pleasesxactly statewhatyou meanby saying‘close’? Canyou specifya
range?

C: (Sigh!),let'ssay30to 35.

A: Sorry, wedonothaveary ...

C: (Leavingfrustrated,lookingfor anothershop.)

Now let's seehow arealshopassistantvould have managedhesituation:

C: Hello, | neecthistransistorPOC-4711".

A: Sorry, the ‘POC-4711'is out. But | canoffer you the ‘BAC-42'. It beharesquite
similar.

C: Whatis it'samplification?

L At http://mwwagrinformatik.uni-kl.de/"Isa/CBR/wwwcbrinaehtml you find a collection of
links to CBR basednline productcatalogs.
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37.

: (Wl probablybuy the ‘BAC-42’, but let's seewhathappensf shedoesnt:) Hm, |
don’t know... | mightgetinto troublewith that.

Okay, why don'’t you connectwo ‘YH-12"? They will dothejob.

. (Satisfiedpbuystwo YH’s.)

ox

ox

Findingthe desiredinformationor productin anonline catalogcanbe ratherfrus-
trating given the standarddatabasemplementationghat are commonly usedtoday
With standardlatabaseis is verydifficult for theoccasionaliserto “balance’adatabase
queryin orderto not producetoo mary results— or just no answerat all. A customer
usingsomekind of searchfacility to find a productin an online catalogmust fulfill
certainrequirementsn orderto have a chanceto getusableresults:If sheknows the
productspartnumberin advanceshewill certainlygetthedesiredoroductinformation.
If the customeiis notlooking for a specificpartnumberbut for someproductthathas
certainqualities,sheis in amuchmoredifficult situation.In thatcaseshemustbevery
familiar with the contentf the databaser otherwiseshewill geteitherno answerto
herqueryor awholebunchof answerghatmight notevenbe sortedin arny usablewvay
andthereforedo nothelpatall.

By incorporatingproductknowledgeinto the databaseCBR is much more flex-
ible and powerful thanby just offering menudriven productselectionor a searchable
databasdn thispapemwe presentiscenariaf how similarity basedretrieval canpartly
emulatea shopassistanandoffer real salessupportto theendconsumerA CBR sys-
tem’s productknowledgeenablest to judgewhich productsoptimallyfit thecustomers
needs.CBR systemswith configurationcapabilitiescan even adapta productto the
users demandsvhich otherwisewould not satisfyherrequirements.

Thefactthattoday's standardnline catalogscannotoffer intelligent salessupport
requiresof thecustomethatsheis asemi-epertin thefield of productssheis interested
in, in orderto solve this problem.lIt is very importantto put the knowledgeof the
shopassistaninto theretrieval componenbf the online catalog.The systemmusthave
enoughdomainknowled@ aboutthe productsto be able to aid the customerin her
searchThiswouldnotonly satisfythecustomerbut it wouldalsohelpthemanufcturer
or brokerin sellingherproductsin Sect.4 wewill seehow Case-BaseReasoningan
helpto overcomethesedeficiencies.

3 ExtendedSearch Approaches

Currentlythereexist anumberof systemghattry to helpthe usersearchindor certain
informationor a certainproducton thewebin anintelligentway. Well known typesof
systemsaremetasearctenginesaswell assearchagents.

But thesesystemsdo not offer the kind of salessupportthis article is focusedon.
This is becausehey have no knowledgeto differentiatebetweensimilar productsof
thesameatypeandwhattheir differenceof valueis to theuser Especiallyqueryrouting
systemganainly rely on the intelligenceof the engineshe queryis routedto andhave
only little additionalknowledgeof their own.

Oftena customemeedssupportin selectinga productthatbestmeetsherrequire-
mentsfrom a catalogof mary similar products.This kind of salessupport(or decision
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suppor) requiresknowledgeon a muchlower level of abstractiorthansearchagents
canprovide. A cornventionalprinted productcatalogoffersonly little salessupportto
the custometbut sometimeghereis extensive informationabouthow onecanfind the
bestproductfor her needslf you ever tried to selecta mountainbike from a catalog
you know whatwe aretalking about:How do | determinetheright framesizefor me?
Whatkind of wheelsdo | need?Whatare breakboostes goodfor? Do | needthem?
etc. It usuallytakesalot of timeto readall theadditionalinformationandto decidefor
a certainproduct.Interactve technologieffer muchmore possibilitiesto overcome
theseproblemsandprepargor amuchbettersubstitut€for ashopassistanthanprinted
mediado. With a goodinteractive catalogwith salessupportcapabilitiesthe customer
shouldnot needto becomeanexpertin thetypeof productsheis looking for.

In generaltherearetwo opposingwaysto designinterfacesfor suchcatalogsThe
product-basedpproactofferssupportfor guidednavigationthroughthe productspace.
This canbecomparedo finding a certainproductby searchinghrougha highly struc-
turedtable of contentsof a printed catalog.With this approachthe customerstep-by-
stepis leadthroughthe decisionprocessTo staywith our mountainbike example,she
might first be asled for her size andweight, thenfor the intendeduseof the bicycle
(off-road, city, etc.)andsoon, until thesystenfinally suggestssmallnumberof bikes
suitablefor her.In morecomplec applicationghefixed orderof decisionscanbecome
a major problem.Questionghe usercannotanswerat a given time are also difficult
to handle After all, it is a commonexperienceof peopledoing after salessupportus-
ing sucha systemthatthey find it very tiring having to go throughall the presented
questionsaandselections.

The requirrments-basedpproachallows the userto specifyall or part of herre-
quirementsy usingsome(moreor lesspre-structuredyjueryform. Thesimplestfacet
of thiskind of systemsresearchableatabasewherethe userspecifieshe demanded
attributesof a product.This allows for very flexible queriesbut aswe have seenbefore
it is only usefulfor expertusersvho arefamiliar with the contentof thedatabase.

Case-BaseReasoningfferssolutionsfor requirement-baseglieryinterfaceshat
preseretheflexibility of searchablelatabasebut integratetheadvantage®f product-
basedapproacheand make themusefulfor both first-time usersand experts.By in-
corporatingoroductknowledgeinto the databasé is muchmoreflexible andpowerful
thanjust offering bothmenudrivenproductselectionand a searchablelatabase.

4 The Conceptof Case-BasedReasoning

The basicideaof Case-Base®&easoninga goodoverview is givenin [2]) is to solve
new problemsby comparinghemto old problemshatalreadyhave beensolvedin the
past(Fig. 1). Thekey assumptions thatif two problemdook similar, thenthesolutions
to theseproblemsareoftensimilar aswell. However, CBR systemsnustknow how to
decidewhethertwo casesaresimilar or not.

Old problemsandtheir solutionsarestoredin a databas®f casescalledthe case
base Oftenthe casesare storedascollectionsof attribute-valuepairs but sometimes
it is usefulto explicitly representhe hierarchicalstructureof the casesy describing
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themasstructuredbjects,usinginheritance pbjectdecompositiorand possiblyother
relationsbetweerthe objects parts.

Whenanew problemhasto besolved,the CBR systensearchefor themostsimilar
old problem.The solution of this old problem may optionally be adaptedto better
meettherequirement®f the new problem.CBR systemsave beensuccessfullyjused
for variousapplicationssuchas fault diagnosisof complex machinesclassification,
decisionsupport,supportfor planing,configurationand designtasks,legal reasoning
andvariousotherapplicationareaq3]. Anothercommerciallyinterestingfield where
CBRis widely usedandhasprovedits qualitiesarehelpdeskapplicationsFor further
links to information on CBR applicationsand its theory seethe CBR homepageat
http://wwwagrinformatik.uni-kl.d€"1sa/CBRY/.

In ourapplicationscenaridhe casesaredescription®f the productso besold. The
problemdescriptionis aspecificatiorof asingleproductandpossiblydemandshatare
satisfiedby it. Thesolutionto the problemis anunambiguouseferenceo the product.
For configurableproductssuchasworkstations automobilescomplex machinesegtc.
the solutionis not only the partnumber but possiblythe entireconfiguration Whena
customerentersa query (perhapsnto a queryform), this queryis regardedasa new
problemandthe CBR systentriesto solve this problemby comparingt to thecasesn
thecasebase.

Imaginean online catalogof holiday accommodations?When someonewvantsto
spendherholidayson the beautifulisland Pariku in a 3-starhotel, her preferenceare
interpretedasaproblemdescriptionThe CBR systenwill thenfind oneor moresimilar
caseswhich bestmatchthe query Theremight be no 3-starhotel on Pariku, so the
systemmight suggesia 2-starhotel on Pariku and alternatvely a 3-starhotel on the
neighborislandPung-Chitu.

We describedthe importantroles of the similarity measureand the retrieval and
adaptatiorcomponent®f a CBR system.We will now take a closerlook at theseas-
pects.

4.1 Similarity Measures

A frequentlyasked questionis “What makesCase-Base&easoninglifferentfrom or-
dinarydatabaseystems?"Perhapshemostimportantansweto thisquestioris: “CBR

new problem |- - - - - > new solution
find
l similar T adapt
old problem look up

e old solution
from case base

Fig. 1. Theideaof CBRis to solve new problemsby reusingthe solutionsof old ones.
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Fig. 2. Usageof similarity in CBR: The casesare distributed over an n-dimensionalproblem
spaceThecircle aroundthe queryQ indicatesa similarity thresholdfor thecasego beretrieved.

systemdave additionaldomainknowledgebuilt into them? The main partof this ad-
ditional knowledgeis implementedn a similarity measue which is a function that
assessethe similarity of a given queryto the casesn the case-baseThe similarity
valuesare ordinal valuesthat are often normalizedto the interval [0, 1]. A valueof O
means‘doesnot satisfythe queryatall” andavalueof 1 says‘that’s exactly whatyou
asledfor”.

To understandhow sucha similarity measuras usedto find the bestsolutionsfor
a given problemconsiderthe caseseingrepresentedsa fixed lengthvectorof n at-
tributes.Theseattributesmay have numericalvaluesor their valuescanbe arrangedo
reflectsomekind of order Part of the descriptionof anelectronicdevice, for example,
might be:

casel = (5, supplyvoltage[Volt]
0.25, max.powerconsumptiorfWatt]
32, numberof pins

)

Theproblemspacecannow beseerasann-dimensionakpacevheresimilar problems
areplaced'close’ together(Fig. 2). Theterm‘close’ is definedby the similarity mea-
sure.Whenanew problemis presentedo the systemthesimilaritiesto all thecasesn
thecasebasearecalculatedthe numberof visited casesnay possiblybe optimizedby
suitableindexing techniques)The caseswithin asimilarity rangeof a certainthreshold
(or sometimes fixednumberof similar casesharethenpresentedo the user

But how cansucha similarity measurebe defined?The usualapproachs to start
with individual (local) similarity measurefor all theattributes.For numericakttributes
anaturalapproactis to calculatethe differencebetweerthe queryvalueandthe cases
valueand normalizethe resultto the intenval [0, 1], for exampleby applyingthe for-
mulal — d;il to the differenced. But certainattributesrequirespecializedunctions.
Imagine,for example,our descriptionof electronicdevices.lt is often (but notalways)
the casethat the tolerancedor the supply voltageof a device are muchtighter than
theuserstolerancedor the device’'s max. power consumptionThe similarity function
mustreflectthis domaindependenknowledge.

In real-world applicationsnot all attribute valuesarenumericalvalues.A casede-
scriptionvery often containsbooleanor symbolic attributes.In suchcasesthe local
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similarity measurecan be describedby a table which definesthe similarities for all
possiblepairsof attribute values(Fig. 3). Even morecomple attribute typessuchas
taxonomytypesor complex objectssometimesrerequired.

After the local similarity functionshave beendefined the global similarity of two
caseanustbe derived from the local similarities (and possiblyfrom additionalinfor-
mationlike constellation®f certainattributes). The usualway to do this is to applya
weightedsumto all the local similarities. Considera query ¢ is describedby the at-
tributesq, . . ., ¢, anda casec is describedy ¢4, ..., ¢, whereattribute valueswith
correspondingndicesbelongto the sameattribute. The similarity o betweeng andc¢
canbe calculatedrom thelocal similaritieso; asfollows:

o(g,c) = Zwiai(qi,ci) where Zwi =1 and w; >0foralls
=1 =1

Theweightsw; have to be assesselly anexpertbut sometimest is usefulto give the
userthe possibilityto manipulatehemin orderto expressndividual preferencesThis
generalmethodof defininga similarity measur@asaweightedsumcanbemodifiedand
refinedin mary ways.In generalthe computationof the similarity measuredepends
very muchonthedatamodelandonthetypeof application.

Findingasuitablesimilarity measureftenis themostcritical partduringthedesign
andimplementatiorof a CBR system Oncea goodsimilarity measuréasbeenfound
and implementedmaintaininga CBR systemis rathereasy The similarity measure
typically doesnt needto be changedor along time comparedo the knowledgebases
of othertypesof expertsystemsQOftentheonly partthatundegoessignificantchanges
over time is the casebase whereashe domain-modelnd similarity measurearely
needto bechanged.

4.2 Retrieval Techniques

We saidbeforethat,in orderto find the caseghatbestsatisfythe query the similarities
of the queryto all casedrom the casebasehave to be calculatedBut it is not always
necessaryo do alinear searchwhich, of course would be a time-consumingprocess.
To significantlyreducetheretrieval timesof CBR-Systems numberof indexing tech-
niqueshave beendeveloped Generallyit is difficult to adaptstandardiatabasedexing
algorithmsto similarity basedsystemsThis is becauseéhesedatabas@pproachesio
nottake into accountsoft similarity values but only supporthardselectiorcriteria.

Oneexampleof efficient indexing structuresare k-d trees[4] which are modified
versionsof decisiontreesthatallow to significantlyreducethe numberof visitedcases
while softsimilarity valuesarestill takeninto accountAnotherapproacho fastcasere-
trieval arecaseretrieval nets[5]. Theideaisto representhecasesandtheirattributesas
anetwork of interconnecteéhformationentities.Startingwith the query’sinformation
entitiesactivated,a spreadingactivationalgorithmis usedto retrieve the bestmatching
casesCaseretrieval netsaresuccessfullyusedin someexisting on-lineapplicationgor
travel agencies.

Bothof thesendexing approachesignificantlyspeediup theretrieval timesby com-
piling the similarity measurednto indexing structuresThey becomeinefficientif the
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case-baseeedso be updatedvery frequently i. e., if the numberof updatess in the
orderof thenumberof readaccesses.

4.3 Adaptation

AnotherpointthatmakesCBR differentfrom standaralatabasepproaches its ability
to notonly retrieve existing casesbut alsoadapttheir (old) solution(here:the product
thatis to be sold) to the newly presentegroblemandthuscreatenew solutionsthat
werenot representeth the casebase[6]. This requires,of course thatthe solutionis
configurableLet’s look at a simple example:Imaginea car dealerwho runsa CBR-
basedcatalogfor her stock of usedcars.A customerwho is looking for a usedcar
entersherpreferenceito theretrieval systemOnefeaturethatthe carshouldhave is
aslidingroof but thedealers stockdoesnot containarny carwith aslidingroof. A CBR
systemwith adaptatiorcapabilitieswill know thata sliding roof canbe built into a car
later Sothe systemwill automaticallyadaptthe description®f the bestmatchingcars
to containanentry sayingthatthereis a sliding roof. The pricefor thesliding roof and
thewagefor its installationis automaticallyaddedo the‘price’-attribute. This happens
totally transparento the user
Theknowledgeneededo performsuchkinds of adaptatiormustbe representeth
somesuitableform. One possiblerepresentatioiis a setof rulesthat performcertain
actionsgiventhatthe requiredpreconditionsor theseactionsarevalid. A rule for our
sliding roof examplecould bewritten asfollows:
if query.slidingroof == true and
case.slidingroof == false and
case.cabriolet == false
do: case.slidingroof := true;
case.price := case.price + $200

Dependingon the applicationdomain,the adaptatiorprocesscanbe moreor less
complicated.To our knowledgethereis currentlyno commercialCBR-basegroduct
catalogthatsupportsadaptationThereasorfor this probablyis thatnew technologies
arealwaysfirst appliedto simpleproblemsandonly laterto moredifficult tasks Also,
therearemary productshatcannotbe adaptedn ary way becaus¢hey have no mod-
ifiable structure.On the other hand,adaptationis indispensabléf the systemshould
be ableto perform somekind of configurationtask, like interactve configurationof
personakcomputersThe WEBSELL projectdescribedn Sect.6 works on adaptation
techniguedor CBR-basedn-lineapplications[7] givesanoverview of configuration
technologiebasecdn CBR.

4.4 Advantages

Let ussummarizesomeof the advantageof CBR-basegroductdatabasesver stan-
darddatabas¢echniques:

— Near missesare avoided: If the customerasksfor featuresthat cannotbe fully
satisfiedby productsfrom the databasesheis still offeredsomethingcloseto her
request.
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— Thefactthatthereis ananswerto almostary querygreatlyreducedrustrationon
the customers sideandhelpsthevendorin sellingnearly perfectsolutions.

— The solutionsareranked by their similarity to the query This is essentiaWwhen
the systemfinds dozensor hundredsof solutions.In oppositionto otherretrieval
systemgsuchas somelnternetsearchengines)his rankingis not only basedon
somestatisticalfrequencieshut it is basedon knowled@ that hasbeenacquired
from realexperts.

— The adaptationprocesscan even create solutionsnot containedin the original
databaseThus CBR offers supportfor interactve or automaticproductconfigu-
ration.

5 Existing CBR Applications

Thenumberof online catalogswith built-in CBRtechnologyis yetrathersmall.Never
thelessthe quality of their searchresultsarevery promising.We encouragehereader
to checkouttheonlineversionsof the productsdescribedt:
http://wwwagrinformatik.uni-kl.dé"Isa/CBR/wwwcbrinde.html

5.1 A CaseStudy: Analog Devices

We will now have a closelook at Analog Devices’ online catalogof operationalam-
plifiers. Somebackgroundnformation: Analog Devicesis one of the major manugc-
turersandsellersof electronicdevicesin the U.S. Accordingto the compary’s annual
report[8], the compaly hasdirect salesofficesin 17 countries.Many of Analog De-
vices’ customeraresmallelectronicdirms or electronicadepartmentsf largerfirms.
Analog Devices currentlyemploys a numberof engineergo provide centralapplica-
tions supportfor their customersThereis alsoan online catalogwith certainstandard
searchcapabilitiesandselectiontrees.Many peoplecalling the hot-linedo sobecause
they could not find a suitablematchfor their problemin the printedor online product
catalog.Roughlyhalf of the callsto the hot-linesupportrelateto productselectionlt is
obviousthatthenumberof callsto theselectiorsupportservicecouldpossiblyreduced
significantly if only the online catalogwas ableto provide intelligent salessupport.
Soit hasbeendecidedto offer CBR-basedearchacilitiesin additionto the standard
databasénterface.In afirst stagethe applicationdomainfor this systemwaschoserto
beAnalogDevices’ productfamily of operationabmplifiers but thesystemis currently
beingextendedo coveratleastthreemoreproductfamilies.Their productcatalogcon-
tainsaboutl30operationabmplifierssuitablefor awide rangeof applicationsin mary
caseghe newv CBR systemis ableto supportthe customersn selectinga device that
satisfiestheir requirementsThis reduceshe numberof callsto Analog Devices’ hot-
line and enablessomeengineerso careaboutmore advancedsupportproblemsthat
cannotbe solved automatically

CaseRepresentation

The datasheetfor an operationaamplifier consistsof about40 parametersvhich can
belogically structurednto cateyoriesof parameterssuchaselectricalinputandoutput
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specificationsfunctionality, dimensionsgetc. Most of the parametewaluesare high
exponentreal numbersput thereare also symbolicand string parametersNo object
decompositioror hierarchicalrepresentatiomasbeenusedfor this application.The
retrieval interfaceprovideshyperlinks to explanationsof eachof the 40 attributes.

The Similarity Measure

To assesthesimilarity of two operationabmplifiers the similaritiesfor all correspond-
ing parameteraluesarecalculatedby applyinglocal similarity functionsto eachpair
of correspondingarametersThesdocal parametesimilaritiesarethenusedto calcu-
late an overall similarity valuefor thetwo devices.The overall similarity is computed
astheweightedaverageof theindividual similarities. The original weightfactorshave
beensuggestedby expertsin operationabmplifiersbut they canbeinfluencedby the
customeraccordingto her priorities. The local similaritiesfor discreteandcontinuous
valuesarecalculatedn differentways.

Discretesimilarity measurearedefinedby atablewhich explicitly liststhesimilar
ity valuedor all possibleattributecombinationgFig. 3). Notethatthetableis asymmet-
ric: it makesa differencewhetherthe querys attribute valueis z andthe cases value
is y or vice versa.lf, for example,the userasksfor a device with industrialstandard
temperaturespecificationsshewill be satisfiedby a partthatfulfills military require-
ments(providedthatno otherattributes suchastheprice,standagainsit). Ontheother
hand therequesfor military standardsannotfully besatisfiedoy a partthatonly has
industrialspecificationsThis situationis reflectedby the asymmetryof the similarity
table.

This principle also holds for mostof the continuousattributesof an operational
amplifier The only differences thattheir similarity measuresannotbe aseasilyrep-
resentedn a table, but must be formulatedas a function. An example of one such
similarity functionis shawvn in Fig. 4. This function assumeshatthereis a minimum
anda maximumattribute value.If the cases attribute valueis lessthanor equalto the
gueryattribute’svaluetheirsimilarity is 1. Otherwisdt is avaluesomavherebetweerd

case . .
com. industr. military space
query
com. 1 1
industr. 0.6 1
military 0.4 0.6 1
space 0.1 0.4 0.6 1

Fig. 3. An examplesimilarity functionfor discreteattribute valuestaken from Analog Devices’
operationalamplifier application.This is the (simplified) similarity function for the parameter
“maximum temperaturgange”of an operationabmplifier The symbols‘commercial’, ‘indus-
try’, ‘military’ and‘space’describeemperatureangestandardsf electronicdevices.If, for ex-
ample,the queryspecifiesindustrial’ standardsthe CBR systenmregards'military’ and‘space’
to fulfill therequirementshut ‘commercial’hasa similarity of only 0.6.
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local similarity
A |
1 .

————@ -

05 -F--=-=====@Og---=—-=—=—-=---~~-

case attribute
} —» value
min guery attribute max

value

Fig. 4. Another examplesimilarity function but for continuousattribute values.The similarity
function for the parameter‘current noise density” of an operationalamplifier is shavn. The
correspondingattribute of an old casehassimilarity 1 if its valueis lessthanor equalto the
querys value.Otherwisethe similarity is significantlysmaller

and0.5. For certainotherattributesthe functionmustbe reversedo returnl for values
greatetthanor equalto thequerysvalueandO to 0.5for smallervalues.

This applicationdoesnot useadaptationThis is becaus®perationabmplifiersare
unchangeablpartsthatcannotbe reconfiguredo the customersindividual demands.

The Benefits: SalesSupport

A typical salessupportsessiongoesas follows: The customerentersthe parameter
valuessheneeddnto thequeryform. Thesystemwill thenretrieve thetenbestmatches
to therequestlf the resultsdo not exactly fit the customers needsshewill usually

increasethe priorities of the parameterghat are mostimportantfor her. Again, the

systemdisplaysthe ten bestmatchesto the refinedquery If the resultsstill do not

satisfythe customershemightfill moreparameteslotsthatsheleft emptysofar, thus

furtherimproving the quality of thereturnedresults Whenfinally a suitabledevice has

beenfound,the customercanlink directlyto its detaileddatasheet.

This is very similar to a real shopsituationwhen a customerconsultsthe shop
assistantThe assistanstepby steplearnsaboutthe customers exact demandauntil
finally shefinds the productthat bestfits the customers needs A CBR systemhas
part of the knowledgeof a real shopassistanbuilt into it. This knowledgeis usedto
interpretthe users queryandgreatlyenhanceshe quality of the retrieved data.Even
the first requestimmediatelyproducesusableresults.Nearmissesare avoided. If the
systemreturnsmorethanone answey the resultsareranked by their similarity to the
query This makesit easyfor the userto refineherrequesuntil sheis satisfiedwith the
results.Thisis why we claim sucha systembeingcapableof intelligentsalessupport.

But not only the customergainsprofit from this intelligent salessupportingcata-
log. As thisapproactwill be pursuedurther, AnalogDevicesin thefuturewill beable
to allow someof their engineerg¢o spendmoretime addressingnore complex cus-
tomersupportrequirementsEncouragedy the first succes®f the new CBR catalog,
Analog Deviceshave decidedto further extendthe applicationof CBR technologyto
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otherproductfamilies.Work on thesefollow-up projectshasalreadystartedoy time of
writing of thisarticle.

6 Currentand Future Work

Theresearctproject WEBSELL which hasbeenstartedrecentlyhasthe primary goal
to exploretechniqueso supporthis salesprocessspeciallyby employing Case-Based
Reasoningand related methods.WEBSELL is a researchand developmentproject
fundedby the Commissionof the EuropeanCommunities ESPRITcontractP27068,
the WEBSELL project: Intelligent SalesAssistantsfor the World Wide Web) with
the partnersTeclnno(Germauy, prime contractor) Adwired (Switzerland) EuroWEB
(Germary), Irish Medical SystemgIreland), Trinity College Dublin (Ireland)andthe
Universityof KaiserslauteriGermary).

Anothernew researctprojectrecentlyhasstartedwith the aim to further explore
and integratethe possibilitiesof CBR-relatedtechniquednto reuseapplicationsand
productcatalogs The READEE project (ReuseAssistantfor Designsin Electrical
Engineeringemplg/s CBR-techniqueto re-usedesignof electroniccircuits.Reusing
suchdesignsn generakanrequiresolvingvery complex configuratiortasks. Thereuse
assistanis meanto helpelectricalengineersn selectingandconfiguringthird partyin-
tellectualpropertyto fit their personatequirementsMaking suchareusetool available
overthelnternetor onintra-netsof largerelectroniccompaniesanspeedip thetime-
to-marletof new electroniccircuitssignificantly Both thevendorandthe consumenf
theintellectualpropertybenefitfrom this tool. READEE is fundedby the Foundation
for Innovationof RhinelandPalatinateandwill lastfor a periodof threeyears.

Wheninteracte electronicsalessupportwill becomemorecommonin future,in-
terfacesfor interactve adaptatiorand configurationwill comeinto use.CBR-related
techniquedor indexing andclusteringthe casebasecanbe usedto helpthe customers
refinetheir queriesby a step-by-ste@nalysisof their needsBy analyzingthestructure
of thecasebasea CBR systencansuggestvhich undefinegarametertheusershould
definenext in orderto find a goodsolutionasquickly aspossiblelt is alsopossibleto
explainto the custometthereasonsvhy theretrievedresultsaresuitablefor herquery
For instancethe previously mentionedexampleonline catalogof holidayaccommoda-
tions might tell the userwho requested 3-starhotel on Pariku: “I suggesthis 3-star
hotelon Pung-Chitubecausd’ung-Chitus closeto Pariku andhasa similarlandscape
andinfra structuré.

7 Conclusion

CBR technologyintroducesintelligent salessupportto electroniccommerceapplica-
tions. The deficits of standarddatabasdechniquesare overcomeby adding expert
knowledgeto the retrieval system.CBR getsrid of the problemof nearmissesthe
needof expertknowledgeon the customers side andresultingfrustration.New solu-
tions canbe createdby adaptingold solutions,aswe saw in our sliding roof example

2 http://Mmwwagtinformatik.uni-kl.de/ readee/
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for the catalogof usedcars— andeven complex configurationtaskscanbe simplified
by Case-Base&keasoningFinally the vendorbenefitsfrom the ability to offer nearly
perfectsolutionsandfrom satisfiedccustomershatdo notneedto look for othervendors
ary morejustbecaus¢hedatabassearctenginecouldnotfind a productmatchingthe
customers requirementsThereare alreadymary positive experienceswith currently
availableapplicationsNew technologiesanbe expectedto offer sophisticatecdap-
tationandinteractve configurationabilities for complex products.This leadsto nego-
tiation betweerthe virtual salesagentandthe customeron the Internet[9]. Interactve
refinementof the customers requirementsaand explanationof resultsare also possi-
ble. Somefutureimprovementso intelligentsalessupportsystemsrecurrentresearch
topics.
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