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Abstract

Thenumberof electroniccatalogshasgrownrapidlyduringthepastfew years.Mostof
thesecatalogsusestandard databasesfor storingandretrieving productinformation.
Usingordinary databasesfor productcatalogs,however, hasthemajor drawback that
it is oftenverydifficult to find theproductsdesired: veryoften,thedatabasedoesnot
returna matching productat all or it returnsmanyproductsthat haveto beexamined
manually. To overcomethis problem,we proposethe useof Case-BasedReasoning
(CBR)techniquesas an approach to requirement-orientedretrieval of products.CBR
incorporatesproductknowledge into the databaseby meansof a similarity measure.
Recently, anumberofcommercial electroniccatalogsbasedonCBRhavebeenrealized.
We take a closer look at Analog Devices’ on-line catalog of operational amplifiers,
which helpsanengineerto find a suitableamplifierfor herspecificrequirements.

1 Intr oduction

The numberof electroniccatalogs– especiallyon CD-ROMs and on the Internet–
hasgrown rapidly during the pastfew years.In certainareasthey even have become
as importantas their printedcounterparts.This is especiallytrue for electricalengi-
neeringapplicationswheremany vendorsoffer productinformationover the Internet
andmostof their customersusethis servicefrequently. Most of thesecatalogsemploy
standarddatabaseapproachesfor storageandretrieval of productinformation.While
today, databasesarewell understoodandmany off-the-shelfsolutionsexist, we claim
that they canonly be usedefficiently by advancedusers– usersthatarealreadyvery
familiar with the contentsof the database.This is especiallya problemfor electronic
catalogsmeantto beuseddirectly by endconsumersor engineerswho, in many cases,
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arenot expertsin the family of productsthey arelooking for, or at leastdo not have a
goodoverview overall theproductsandtheirspecialtiesinsidethecatalog.Imaginean
electronicsengineerlooking for a device to integrateinto her new circuit that pushes
the limits of themostadvanceddevicesfrom hercatalog.How canthis personselect
thedevicebestfitting herneedsif sheis no expertin theareaof devicessheis looking
for?A standarddatabaseoffersnosupportfor her.

In thispaperwegiveexamplesof how difficult it is oftento find desiredproductin-
formationin electroniccatalogs.We introducethebasicideaof Case-BasedReasoning
(CBR)anddiscussthepossibilitiesthatthistechniqueoffersto overcomemany of these
problems.A numberof commercialapplicationsusingpartof theproposedtechniques
recentlyhave beenrealized1. Informationbrokeragein high precisionmanufacturing
andelectronicpartscatalogsarecoveredby theseapplications.Weprovideacasestudy
of acommercialapplication.AnalogDevices’on-linecatalogof operationalamplifiers
is presentedin detailandweclosewith ashortdiscussion.

2 The Problemwith Ordinary Databases

Sowhy shouldacustomersearchingfor productinformationonthewebnotbesatisfied
with a hugedatabaseof productsanda databasesearchengineon top of it? Themost
importantanswerto thisquestionis: “Becausethissystementirelyfailsto providesales
support.” We illustratethis problemwith the following scenario:A customerentersa
shopthat sellselectronicparts.Imaginethe shopassistantactslike a databasesearch
engine:

Customer: Hello, I needthis transistor‘POC-4711’.
Assistant: Sorry, we currentlydo not have this transistorin stock.(No further expla-

nation,noalternatives.)
C: Er, well, doyouhave themilitary version‘POC-4711-m’,then?
A: Sorry, we do not have this onein stockeither. (TheCustomerprobablyleavesthe

shopnow, but let’sseewhathappensif shedoesn’t.)
C: Well, doyou haveany transistorcomingcloseto thePOC-4711’samplification?
A: Canyou pleaseexactly statewhatyou meanby saying‘close’?Canyou specifya

range?
C: (Sigh!), let’s say30 to 35.
A: Sorry, wedonothaveany . . .
C: (Leavingfrustrated,lookingfor anothershop.)

Now let’s seehow arealshopassistantwouldhavemanagedthesituation:

C: Hello, I needthis transistor‘POC-4711’.
A: Sorry, the ‘POC-4711’is out. But I canoffer you the ‘BAC-42’. It behavesquite

similar.
C: Whatis it’samplification?

1 At http://wwwagr.informatik.uni-kl.de/˜lsa/CBR/wwwcbrindex.html you find a collectionof
links to CBRbasedonlineproductcatalogs.
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A: 37.
C: (Will probablybuy the‘BAC-42’, but let’s seewhathappensif shedoesn’t:) Hm, I

don’t know. . . I mightgetinto troublewith that.
A: Okay, why don’t youconnecttwo ‘YH-12’? They will do thejob.
C: (Satisfied,buystwoYH’s.)

Findingthedesiredinformationor productin anonlinecatalogcanberatherfrus-
trating given the standarddatabaseimplementationsthat are commonlyusedtoday.
With standarddatabasesit is verydifficult for theoccasionaluserto “balance”adatabase
queryin orderto not producetoo many results– or just no answerat all. A customer
usingsomekind of searchfacility to find a productin an online catalogmust fulfill
certainrequirementsin orderto have a chanceto get usableresults:If sheknows the
product’spartnumberin advanceshewill certainlygetthedesiredproductinformation.
If thecustomeris not looking for a specificpartnumberbut for someproductthathas
certainqualities,sheis in amuchmoredifficult situation.In thatcaseshemustbevery
familiar with thecontentsof thedatabaseor otherwiseshewill geteitherno answerto
herqueryor awholebunchof answersthatmightnotevenbesortedin any usableway
andthereforedonothelpatall.

By incorporatingproductknowledgeinto the databaseCBR is much more flex-
ible andpowerful thanby just offering menudrivenproductselectionor a searchable
database.In thispaperwepresentascenarioof how similaritybasedretrieval canpartly
emulatea shopassistantandoffer realsalessupportto theendconsumer. A CBR sys-
tem’sproductknowledgeenablesit to judgewhichproductsoptimallyfit thecustomer’s
needs.CBR systemswith configurationcapabilitiescaneven adapt a productto the
user’sdemandswhichotherwisewouldnotsatisfyherrequirements.

Thefactthattoday’s standardonlinecatalogscannotoffer intelligentsalessupport
requiresof thecustomerthatsheisasemi-expertin thefieldof productssheis interested
in, in order to solve this problem.It is very importantto put the knowledgeof the
shopassistantinto theretrieval componentof theonlinecatalog.Thesystemmusthave
enoughdomainknowledge aboutthe productsto be able to aid the customerin her
search.Thiswouldnotonlysatisfythecustomer, but it wouldalsohelpthemanufacturer
or brokerin sellingherproducts.In Sect.4 wewill seehow Case-BasedReasoningcan
helpto overcomethesedeficiencies.

3 ExtendedSearch Approaches

Currentlythereexist a numberof systemsthattry to helptheusersearchingfor certain
informationor a certainproducton thewebin anintelligentway. Well known typesof
systemsaremetasearchenginesaswell assearchagents.

But thesesystemsdo not offer thekind of salessupportthis article is focusedon.
This is becausethey have no knowledgeto differentiatebetweensimilar productsof
thesametypeandwhattheirdifferenceof valueis to theuser. Especially, queryrouting
systemsmainly rely on theintelligenceof theenginesthequeryis routedto andhave
only little additionalknowledgeof theirown.

Oftena customerneedssupportin selectinga productthatbestmeetsherrequire-
mentsfrom a catalogof many similarproducts.Thiskind of salessupport(or decision
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support) requiresknowledgeon a muchlower level of abstractionthansearchagents
canprovide. A conventionalprintedproductcatalogoffersonly little salessupportto
thecustomerbut sometimesthereis extensive informationabouthow onecanfind the
bestproductfor her needs.If you ever tried to selecta mountainbike from a catalog
you know whatwe aretalking about:How do I determinetheright framesizefor me?
Whatkind of wheelsdo I need?Whatare breakboosters goodfor? Do I needthem?
etc.It usuallytakesa lot of time to readall theadditionalinformationandto decidefor
a certainproduct.Interactive technologiesoffer muchmorepossibilitiesto overcome
theseproblemsandpreparefor amuchbettersubstitutefor ashopassistantthanprinted
mediado.With a goodinteractive catalogwith salessupportcapabilitiesthecustomer
shouldnotneedto becomeanexpertin thetypeof productsheis looking for.

In general,therearetwo opposingwaysto designinterfacesfor suchcatalogs.The
product-basedapproachofferssupportfor guidednavigationthroughtheproductspace.
Thiscanbecomparedto findinga certainproductby searchingthrougha highly struc-
turedtableof contentsof a printedcatalog.With this approachthe customerstep-by-
stepis leadthroughthedecisionprocess.To staywith our mountainbike example,she
might first be asked for her sizeandweight, thenfor the intendeduseof the bicycle
(off-road,city, etc.)andsoon,until thesystemfinally suggestsasmallnumberof bikes
suitablefor her.In morecomplex applicationsthefixedorderof decisionscanbecome
a major problem.Questionsthe usercannotanswerat a given time arealsodifficult
to handle.After all, it is a commonexperienceof peopledoingaftersalessupportus-
ing sucha systemthat they find it very tiring having to go throughall the presented
questionsandselections.

The requirements-basedapproachallows the userto specifyall or part of her re-
quirementsby usingsome(moreor lesspre-structured)queryform. Thesimplestfacet
of thiskind of systemsaresearchabledatabaseswheretheuserspecifiesthedemanded
attributesof a product.Thisallows for veryflexible queriesbut aswehaveseenbefore
it is only usefulfor expertuserswhoarefamiliarwith thecontentsof thedatabase.

Case-BasedReasoningofferssolutionsfor requirement-basedqueryinterfacesthat
preservetheflexibility of searchabledatabasesbut integratetheadvantagesof product-
basedapproachesandmake themuseful for both first-time usersandexperts.By in-
corporatingproductknowledgeinto thedatabaseit is muchmoreflexible andpowerful
thanjustofferingbothmenudrivenproductselectionandasearchabledatabase.

4 The Conceptof Case-BasedReasoning

Thebasicideaof Case-BasedReasoning(a goodoverview is givenin [2]) is to solve
new problemsby comparingthemto old problemsthatalreadyhavebeensolvedin the
past(Fig.1).Thekey assumptionis thatif two problemslook similar, thenthesolutions
to theseproblemsareoftensimilar aswell. However, CBR systemsmustknow how to
decidewhethertwo casesaresimilaror not.

Old problemsandtheir solutionsarestoredin a databaseof cases,calledthecase
base. Often the casesarestoredascollectionsof attribute-valuepairs but sometimes
it is usefulto explicitly representthehierarchicalstructureof the casesby describing
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themasstructuredobjects,usinginheritance,objectdecompositionandpossiblyother
relationsbetweentheobject’sparts.

Whenanew problemhastobesolved,theCBRsystemsearchesfor themostsimilar
old problem.The solution of this old problemmay optionally be adaptedto better
meettherequirementsof thenew problem.CBR systemshave beensuccessfullyused
for variousapplicationssuchas fault diagnosisof complex machines,classification,
decisionsupport,supportfor planing,configurationanddesigntasks,legal reasoning
andvariousotherapplicationareas[3]. Anothercommerciallyinterestingfield where
CBR is widely usedandhasprovedits qualitiesarehelpdeskapplications.For further
links to information on CBR applicationsand its theory seethe CBR homepageat
http://wwwagr.informatik.uni-kl.de/˜lsa/CBR/.

In ourapplicationscenariothecasesaredescriptionsof theproductsto besold.The
problemdescriptionis aspecificationof asingleproductandpossiblydemandsthatare
satisfiedby it. Thesolutionto theproblemis anunambiguousreferenceto theproduct.
For configurableproductssuchasworkstations,automobiles,complex machines,etc.
thesolutionis not only thepartnumber, but possiblytheentireconfiguration.Whena
customerentersa query(perhapsinto a queryform), this queryis regardedasa new
problemandtheCBRsystemtriesto solvethisproblemby comparingit to thecasesin
thecasebase.

Imaginean online catalogof holiday accommodations:Whensomeonewantsto
spendherholidayson thebeautifulislandPariku in a 3-starhotel,herpreferencesare
interpretedasaproblemdescription.TheCBRsystemwill thenfind oneor moresimilar
caseswhich bestmatchthe query. Theremight be no 3-starhotel on Pariku, so the
systemmight suggesta 2-starhotel on Pariku andalternatively a 3-starhotel on the
neighborislandPung-Chitu.

We describedthe importantrolesof the similarity measureand the retrieval and
adaptationcomponentsof a CBR system.We will now take a closerlook at theseas-
pects.

4.1 Similarity Measures

A frequentlyaskedquestionis “What makesCase-BasedReasoningdifferentfrom or-
dinarydatabasesystems?”.Perhapsthemostimportantanswerto thisquestionis: “CBR

find
similar

new problem

old problem
from case base

old solution

new solution

adapt

look up

Fig.1. Theideaof CBRis to solvenew problemsby reusingthesolutionsof old ones.
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Q

Fig.2. Usageof similarity in CBR: The casesare distributedover an � -dimensionalproblem
space.ThecirclearoundthequeryQ indicatesasimilarity thresholdfor thecasesto beretrieved.

systemshave additionaldomainknowledgebuilt into them.” Themainpartof this ad-
ditional knowledgeis implementedin a similarity measure which is a function that
assessesthe similarity of a given query to the casesin the case-base.The similarity
valuesareordinal valuesthat areoften normalizedto the interval

� �������
. A valueof 0

means“doesnot satisfythequeryatall” anda valueof 1 says“that’sexactlywhatyou
askedfor”.

To understandhow sucha similarity measureis usedto find thebestsolutionsfor
a givenproblemconsiderthecasesbeingrepresentedasa fixed lengthvectorof 	 at-
tributes.Theseattributesmayhave numericalvaluesor their valuescanbearrangedto
reflectsomekind of order. Part of thedescriptionof anelectronicdevice, for example,
mightbe:

case1 = ( 5, supplyvoltage[Volt]
0.25, max.powerconsumption[Watt]
32, numberof pins
. . . )

Theproblemspacecannow beseenasan 	 -dimensionalspacewheresimilarproblems
areplaced‘close’ together(Fig. 2). The term‘close’ is definedby thesimilarity mea-
sure.Whenanew problemis presentedto thesystem,thesimilaritiesto all thecasesin
thecasebasearecalculated(thenumberof visitedcasesmaypossiblybeoptimizedby
suitableindexing techniques).Thecaseswithin asimilarity rangeof acertainthreshold
(or sometimesafixednumberof similarcases)arethenpresentedto theuser.

But how cansucha similarity measurebedefined?Theusualapproachis to start
with individual(local)similaritymeasuresfor all theattributes.For numericalattributes
a naturalapproachis to calculatethedifferencebetweenthequeryvalueandthecase’s
valueandnormalizethe result to the interval

� �������
, for exampleby applyingthe for-

mula
��
 ����� to thedifference� . But certainattributesrequirespecializedfunctions.

Imagine,for example,ourdescriptionof electronicdevices.It is often(but notalways)
the casethat the tolerancesfor the supplyvoltageof a device aremuchtighter than
theuser’s tolerancesfor thedevice’smax.powerconsumption.Thesimilarity function
mustreflectthisdomaindependentknowledge.

In real-world applicationsnot all attributevaluesarenumericalvalues.A casede-
scriptionvery often containsbooleanor symbolicattributes.In suchcases,the local
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similarity measurecan be describedby a table which definesthe similarities for all
possiblepairsof attribute values(Fig. 3). Evenmorecomplex attribute typessuchas
taxonomytypesor complex objectssometimesarerequired.

After the local similarity functionshave beendefined,theglobalsimilarity of two
casesmustbe derived from the local similarities(andpossiblyfrom additionalinfor-
mationlike constellationsof certainattributes).Theusualway to do this is to applya
weightedsumto all the local similarities.Considera query � is describedby the at-
tributes � � ��������� ��� anda case� is describedby � � ��������� ��� whereattributevalueswith
correspondingindicesbelongto the sameattribute.The similarity � between� and �
canbecalculatedfrom thelocalsimilarities ��� asfollows:

����� � �����
� 
�"! �$# �%�&�'�����

� ���(� where

� 
�)! �$# �*�

�
and # �,+

�
for all -

Theweights # � have to beassessedby anexpertbut sometimesit is usefulto give the
userthepossibilityto manipulatethemin orderto expressindividualpreferences.This
generalmethodof definingasimilarity measureasaweightedsumcanbemodifiedand
refinedin many ways.In generalthe computationof the similarity measuredepends
verymuchon thedatamodelandon thetypeof application.

Findingasuitablesimilarity measureoftenis themostcritical partduringthedesign
andimplementationof a CBR system.Oncea goodsimilarity measurehasbeenfound
and implemented,maintaininga CBR systemis rathereasy. The similarity measure
typically doesn’t needto bechangedfor a long time comparedto theknowledgebases
of othertypesof expertsystems.Oftentheonly partthatundergoessignificantchanges
over time is the casebase,whereasthe domain-modelandsimilarity measurerarely
needto bechanged.

4.2 Retrieval Techniques

We saidbeforethat,in orderto find thecasesthatbestsatisfythequery, thesimilarities
of thequeryto all casesfrom thecasebasehave to becalculated.But it is not always
necessaryto do a linearsearchwhich, of course,would bea time-consumingprocess.
To significantlyreducetheretrieval timesof CBR-Systemsa numberof indexing tech-
niqueshavebeendeveloped.Generallyit is difficult toadaptstandarddatabaseindexing
algorithmsto similarity basedsystems.This is becausethesedatabaseapproachesdo
not take into accountsoft similarity values,but only supporthardselectioncriteria.

Oneexampleof efficient indexing structuresarek-d trees[4] which aremodified
versionsof decisiontreesthatallow to significantlyreducethenumberof visitedcases
whilesoftsimilarityvaluesarestill takeninto account.Anotherapproachto fastcasere-
trievalarecaseretrievalnets[5]. Theideais to representthecasesandtheirattributesas
a network of interconnectedinformationentities.Startingwith thequery’s information
entitiesactivated,a spreadingactivationalgorithmis usedto retrievethebestmatching
cases.Caseretrieval netsaresuccessfullyusedin someexistingon-lineapplicationsfor
travel agencies.

Bothof theseindexingapproachessignificantlyspeeduptheretrieval timesby com-
piling thesimilarity measuresinto indexing structures.They becomeinefficient if the
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case-baseneedsto beupdatedvery frequently, i. e., if thenumberof updatesis in the
orderof thenumberof readaccesses.

4.3 Adaptation

AnotherpointthatmakesCBRdifferentfrom standarddatabaseapproachesis its ability
to notonly retrieveexistingcases,but alsoadapttheir (old) solution(here:theproduct
that is to be sold) to the newly presentedproblemandthuscreatenew solutionsthat
werenot representedin thecasebase[6]. This requires,of course,that thesolutionis
configurable.Let’s look at a simpleexample:Imaginea car dealerwho runsa CBR-
basedcatalogfor her stockof usedcars.A customerwho is looking for a usedcar
entersherpreferencesinto theretrieval system.Onefeaturethatthecarshouldhave is
aslidingroof but thedealer’sstockdoesnotcontainany carwith aslidingroof.A CBR
systemwith adaptationcapabilitieswill know thata sliding roof canbebuilt into a car
later. Sothesystemwill automaticallyadaptthedescriptionsof thebestmatchingcars
to containanentrysayingthatthereis a sliding roof. Thepricefor thesliding roof and
thewagefor its installationis automaticallyaddedto the‘price’-attribute.Thishappens
totally transparentto theuser.

Theknowledgeneededto performsuchkindsof adaptationmustberepresentedin
somesuitableform. Onepossiblerepresentationis a setof rules that performcertain
actionsgiventhat therequiredpreconditionsfor theseactionsarevalid. A rule for our
sliding roof examplecouldbewrittenasfollows:

if query.slidingroof == true and
case.slidingroof == false and
case.cabriolet == false

do: case.slidingroof := true;
case.price := case.price + $200

Dependingon the applicationdomain,theadaptationprocesscanbe moreor less
complicated.To our knowledgethereis currentlyno commercialCBR-basedproduct
catalogthatsupportsadaptation.Thereasonfor this probablyis thatnew technologies
arealwaysfirst appliedto simpleproblemsandonly laterto moredifficult tasks.Also,
therearemany productsthatcannotbeadaptedin any way becausethey have no mod-
ifiable structure.On the otherhand,adaptationis indispensableif the systemshould
be able to performsomekind of configurationtask, like interactive configurationof
personalcomputers.TheWEBSELL projectdescribedin Sect.6 workson adaptation
techniquesfor CBR-basedon-lineapplications.[7] givesanoverview of configuration
technologiesbasedonCBR.

4.4 Advantages

Let ussummarizesomeof theadvantagesof CBR-basedproductdatabasesover stan-
darddatabasetechniques:

– Near missesare avoided: If the customerasksfor featuresthat cannotbe fully
satisfiedby productsfrom thedatabase,sheis still offeredsomethingcloseto her
request.
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– Thefact thatthereis ananswerto almostany querygreatlyreducesfrustrationon
thecustomer’ssideandhelpsthevendorin sellingnearlyperfectsolutions.

– The solutionsare ranked by their similarity to the query. This is essentialwhen
the systemfinds dozensor hundredsof solutions.In oppositionto otherretrieval
systems(suchassomeInternetsearchengines)this rankingis not only basedon
somestatisticalfrequenciesbut it is basedon knowledge that hasbeenacquired
from realexperts.

– The adaptationprocesscan even create solutionsnot containedin the original
database.ThusCBR offers supportfor interactive or automaticproductconfigu-
ration.

5 Existing CBR Applications

Thenumberof onlinecatalogswith built-in CBRtechnologyis yet rathersmall.Never-
theless,thequality of their searchresultsarevery promising.We encouragethereader
to checkout theonlineversionsof theproductsdescribedat:
http://wwwagr.informatik.uni-kl.de/˜lsa/CBR/wwwcbrindex.html

5.1 A CaseStudy: Analog Devices

We will now have a closelook at Analog Devices’ online catalogof operationalam-
plifiers. Somebackgroundinformation:AnalogDevicesis oneof themajormanufac-
turersandsellersof electronicdevicesin theU.S.Accordingto thecompany’s annual
report[8], the company hasdirect salesofficesin 17 countries.Many of AnalogDe-
vices’ customersaresmallelectronicsfirms or electronicsdepartmentsof largerfirms.
Analog Devicescurrentlyemploys a numberof engineersto provide centralapplica-
tionssupportfor their customers.Thereis alsoanonlinecatalogwith certainstandard
searchcapabilitiesandselectiontrees.Many peoplecalling thehot-linedo sobecause
they couldnot find a suitablematchfor their problemin theprintedor onlineproduct
catalog.Roughlyhalf of thecallsto thehot-linesupportrelateto productselection.It is
obviousthatthenumberof callsto theselectionsupportservicecouldpossiblyreduced
significantly, if only the online catalogwasable to provide intelligent salessupport.
So it hasbeendecidedto offer CBR-basedsearchfacilities in additionto thestandard
databaseinterface.In a first stagetheapplicationdomainfor thissystemwaschosento
beAnalogDevices’productfamily of operationalamplifiers,but thesystemis currently
beingextendedto coverat leastthreemoreproductfamilies.Theirproductcatalogcon-
tainsabout130operationalamplifierssuitablefor awiderangeof applications.In many
casesthe new CBR systemis ableto supportthecustomersin selectinga device that
satisfiestheir requirements.This reducesthenumberof calls to AnalogDevices’ hot-
line andenablessomeengineersto careaboutmoreadvancedsupportproblemsthat
cannotbesolvedautomatically.

CaseRepresentation

Thedatasheetfor anoperationalamplifierconsistsof about40 parameterswhich can
belogically structuredinto categoriesof parameters,suchaselectricalinputandoutput



Advancesin Soft Computing– EngineeringDesignandManufacturing

specifications,functionality, dimensions,etc. Most of the parametervaluesare high
exponentreal numbers,but therearealsosymbolicandstring parameters.No object
decompositionor hierarchicalrepresentationhasbeenusedfor this application.The
retrieval interfaceprovideshyper-links to explanationsof eachof the40attributes.

The Similarity Measure

To assessthesimilarityof two operationalamplifiers,thesimilaritiesfor all correspond-
ing parametervaluesarecalculatedby applyinglocal similarity functionsto eachpair
of correspondingparameters.Theselocal parametersimilaritiesarethenusedto calcu-
lateanoverall similarity valuefor thetwo devices.Theoverall similarity is computed
astheweightedaverageof theindividual similarities.Theoriginalweightfactorshave
beensuggestedby expertsin operationalamplifiersbut they canbe influencedby the
customeraccordingto herpriorities.Thelocal similaritiesfor discreteandcontinuous
valuesarecalculatedin differentways.

Discretesimilarity measuresaredefinedby atablewhichexplicitly liststhesimilar-
ity valuesfor all possibleattributecombinations(Fig.3).Notethatthetableisasymmet-
ric: it makesa differencewhetherthequery’s attributevalueis . andthecase’s value
is / or vice versa.If, for example,the userasksfor a device with industrialstandard
temperaturespecifications,shewill besatisfiedby a part that fulfills military require-
ments(providedthatnootherattributes,suchastheprice,standagainstit). Ontheother
hand,therequestfor military standardscannot fully besatisfiedby apartthatonly has
industrialspecifications.This situationis reflectedby theasymmetryof thesimilarity
table.

This principle also holds for most of the continuousattributesof an operational
amplifier. Theonly differenceis thattheir similarity measurescannotbeaseasilyrep-
resentedin a table,but must be formulatedas a function. An exampleof one such
similarity function is shown in Fig. 4. This functionassumesthat thereis a minimum
anda maximumattributevalue.If thecase’s attributevalueis lessthanor equalto the
queryattribute’svaluetheirsimilarity is 1.Otherwiseit is avaluesomewherebetween0

1
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Fig.3. An examplesimilarity functionfor discreteattributevaluestaken from AnalogDevices’
operationalamplifier application.This is the (simplified) similarity function for the parameter
“maximumtemperaturerange”of an operationalamplifier. The symbols‘commercial’, ‘indus-
try’, ‘military’ and‘space’describetemperaturerangestandardsof electronicdevices.If, for ex-
ample,thequeryspecifies‘industrial’ standards,theCBR systemregards‘military’ and‘space’
to fulfill therequirements,but ‘commercial’hasasimilarity of only 0.6.
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case attribute
value

value

local similarity

1

0.5

min query attribute max

Fig.4. Anotherexamplesimilarity function but for continuousattribute values.The similarity
function for the parameter“current noisedensity” of an operationalamplifier is shown. The
correspondingattribute of an old casehassimilarity 1 if its value is lessthanor equalto the
query’s value.Otherwisethesimilarity is significantlysmaller.

and0.5.For certainotherattributesthefunctionmustbereversedto return1 for values
greaterthanor equalto thequery’svalueand0 to 0.5for smallervalues.

Thisapplicationdoesnotuseadaptation.This is becauseoperationalamplifiersare
unchangeablepartsthatcannotbereconfiguredto thecustomer’s individualdemands.

The Benefits:SalesSupport

A typical salessupportsessiongoesas follows: The customerentersthe parameter
valuessheneedsinto thequeryform.Thesystemwill thenretrievethetenbestmatches
to the request.If the resultsdo not exactly fit the customer’s needs,shewill usually
increasethe priorities of the parametersthat are most importantfor her. Again, the
systemdisplaysthe ten bestmatchesto the refinedquery. If the resultsstill do not
satisfythecustomer, shemightfill moreparameterslotsthatsheleft emptysofar, thus
furtherimproving thequalityof thereturnedresults.Whenfinally asuitabledevicehas
beenfound,thecustomercanlink directly to its detaileddatasheet.

This is very similar to a real shopsituationwhen a customerconsultsthe shop
assistant:The assistantstepby steplearnsaboutthe customer’s exact demandsuntil
finally shefinds the productthat bestfits the customer’s needs.A CBR systemhas
part of the knowledgeof a real shopassistantbuilt into it. This knowledgeis usedto
interpretthe user’s queryandgreatlyenhancesthequality of the retrieveddata.Even
the first requestimmediatelyproducesusableresults.Nearmissesareavoided.If the
systemreturnsmorethanoneanswer, the resultsarerankedby their similarity to the
query. Thismakesit easyfor theuserto refineherrequestuntil sheis satisfiedwith the
results.This is why weclaimsuchasystembeingcapableof intelligentsalessupport.

But not only the customergainsprofit from this intelligent salessupportingcata-
log. As thisapproachwill bepursuedfurther, AnalogDevicesin thefuturewill beable
to allow someof their engineersto spendmore time addressingmorecomplex cus-
tomersupportrequirements.Encouragedby thefirst successof thenew CBR catalog,
AnalogDeviceshave decidedto furtherextendthe applicationof CBR technologyto
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otherproductfamilies.Work on thesefollow-upprojectshasalreadystartedby timeof
writing of thisarticle.

6 Curr ent and Future Work

TheresearchprojectWEBSELL which hasbeenstartedrecentlyhastheprimarygoal
to exploretechniquesto supportthissalesprocessespeciallyby employing Case-Based
Reasoningand relatedmethods.WEBSELL is a researchand developmentproject
fundedby theCommissionof the EuropeanCommunities(ESPRITcontractP27068,
the WEBSELL project: Intelligent SalesAssistantsfor the World Wide Web) with
thepartners:TecInno(Germany, primecontractor),Adwired (Switzerland),EuroWEB
(Germany), Irish MedicalSystems(Ireland),Trinity CollegeDublin (Ireland)andthe
Universityof Kaiserslautern(Germany).

Anothernew researchprojectrecentlyhasstartedwith the aim to further explore
and integratethe possibilitiesof CBR-relatedtechniquesinto reuseapplicationsand
productcatalogs.The READEE project2 (ReuseA ssistantfor Designsin Electrical
Engineering)employsCBR-techniquesto re-usedesignsof electroniccircuits.Reusing
suchdesignsin generalcanrequiresolvingverycomplex configurationtasks.Thereuse
assistantis meantto helpelectricalengineersin selectingandconfiguringthird partyin-
tellectualpropertyto fit theirpersonalrequirements.Makingsuchareusetool available
overtheInternetor on intra-netsof largerelectronicscompaniescanspeedupthetime-
to-marketof new electroniccircuitssignificantly. Both thevendorandtheconsumerof
the intellectualpropertybenefitfrom this tool. READEE is fundedby theFoundation
for Innovationof RhinelandPalatinateandwill lastfor aperiodof threeyears.

Wheninteractiveelectronicsalessupportwill becomemorecommonin future,in-
terfacesfor interactive adaptationandconfigurationwill comeinto use.CBR-related
techniquesfor indexing andclusteringthecasebasecanbeusedto helpthecustomers
refinetheirqueriesby astep-by-stepanalysisof theirneeds.By analyzingthestructure
of thecasebase,aCBRsystemcansuggestwhichundefinedparameterstheusershould
definenext in orderto find a goodsolutionasquickly aspossible.It is alsopossibleto
explain to thecustomerthereasonswhy theretrievedresultsaresuitablefor herquery.
For instance,thepreviouslymentionedexampleonlinecatalogof holidayaccommoda-
tionsmight tell theuserwho requesteda 3-starhotelon Pariku: “I suggestthis 3-star
hotelonPung-ChitubecausePung-Chituis closeto Parikuandhasa similar landscape
andinfra structure.”

7 Conclusion

CBR technologyintroducesintelligent salessupportto electroniccommerceapplica-
tions. The deficits of standarddatabasetechniquesare overcomeby adding expert
knowledgeto the retrieval system.CBR getsrid of the problemof nearmisses,the
needof expert knowledgeon the customer’s sideandresultingfrustration.New solu-
tionscanbecreatedby adaptingold solutions,aswe saw in our sliding roof example

2 http://wwwagr.informatik.uni-kl.de/˜readee/



DataMining

for thecatalogof usedcars– andevencomplex configurationtaskscanbesimplified
by Case-BasedReasoning.Finally thevendorbenefitsfrom theability to offer nearly
perfectsolutionsandfrom satisfiedcustomersthatdonotneedto look for othervendors
any morejustbecausethedatabasesearchenginecouldnotfind aproductmatchingthe
customer’s requirements.Therearealreadymany positive experienceswith currently
availableapplications.New technologiescanbeexpectedto offer sophisticatedadap-
tationandinteractive configurationabilitiesfor complex products.This leadsto nego-
tiation betweenthevirtual salesagentandthecustomeron theInternet[9]. Interactive
refinementof the customer’s requirementsand explanationof resultsarealso possi-
ble.Somefutureimprovementsto intelligentsalessupportsystemsarecurrentresearch
topics.
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