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tIn this paper, we present our work on 
ombining domain knowledge and datamining te
hniques for improve the servi
e and realize 
ost redu
tion for a produ
t
ompany. We �rst extra
t domain knowledge from the database of 
all re
ordsand then in
orporate the domain knowledge into the pro
ess of �nding similarprodu
ts and 
lustering. By �nding similar produ
ts, we 
an use su

esses fromone produ
t and apply them to the similar produ
ts. By 
lustering, we 
angroup produ
ts into 
lusters and design improvement strategy for ea
h group. Itis proje
ted that our work would be very useful and bene�
ial to the 
ompany.1 Introdu
tionOur work is 
arried out in a high-te
h produ
t 
ompany. The 
ompany manufa
tures manykinds of produ
ts. For many reasons, we are not able to dis
lose any private informationabout it. However we will present the 
ore ideas of our work.Our work was motivated by the 
ost redu
tion plan of the 
ompany's Help Center. TheHelp Center of the 
ompany is the re
ipient of the initial 
all of 
ustomers for servi
e.It represents the �rst level of servi
e provided by the 
ompany. A Case Base software isinstalled at the Help Center for remote diagnosti
 appli
ation. Help Center personnel take
alls from 
ustomers and ask them questions prompted by the Case Base software. The
ustomer responses are entered into the software and a diagnosti
 tree is traversed leadingto either a solution to the 
ustomer's problem or to a 
all es
alation pro
ess. In other words,the 
omputational re
ipient examines the Case Base for the appropriate 
ase number anddetermines the requisite a
tions.The Case Base 
onsists of many lines of text that are used as input to the Intuitionsoftware pa
kage whi
h 
onstru
ts a diagnosti
 tree and provides the prompts, questions,pi
tures, graphi
al displays, and instru
tions whi
h are read by the Case Base worker inthe Help Center as he/she engages the 
ustomer on 
onversation. This 
onversation isnormally prompted by a 
ustomer 
all with some sort of problem. The problem may be ala
k of information, need to instru
tion on using some ma
hine feature, ordering parts or
onsumable supplies, or a ma
hine failure. The 
ase base as it stands today takes its onlyinput from this 
onversation. 1



The Case Base 
onsists of nearly 2300 possible 
ases. Most 
ases 
an be applied to ea
hprodu
t. Generally, a 
ase is a 
ontextualized pie
e of knowledge representing an experien
ethat tea
hes a lesson fundamental to a
hieving the goals of reasoner [24℄. To be more spe
i�
,in our Case Base software, a 
ase refers to the path through a de
ision tree that ends up at aleaf node, the a
tion that resolves or es
alates the 
ase. A path represents a spe
i�
 
ontext.Ea
h of these 
ases has a number of elements. There are questions asso
iated with ea
h
ase. The Intuition software uses these questions to prune the list of possible 
auses for the
ustomer 
all. Many 
ases have explanatory text and graphi
s that are displayed to the HelpCenter employee and explained to the 
ustomer. Finally, ea
h 
ase has an asso
iated a
tionthat intends to resolve the 
ustomer problem. There are generally two kinds of a
tions:one is self-repair a
tions that the 
ustomers 
an repair by themselves a

ording to someinstru
tions, the other is pla
ing servi
e 
all whi
h means to send request to the se
ond helpservi
e tier-parts/
onsumables ordering or �eld servi
e or send te
hni
ians. In the rest ofour paper, we fo
us our attention on the 
ases asso
iated with self-repair a
tions.So for ea
h 
ustomer 
all, the Case Base worker uses the Intuition software to identifythe most promising 
ase 
orresponding to the 
ustomer problem and tell the 
ustomer totake the asso
iated a
tion. However, this is not the end of the story. For the 
ases asso
iatedwith self-repair a
tions, for many 
alls, even if we 
an 
orre
tly identify the 
orresponding
ases and take the asso
iated a
tions, the problems still 
annot be resolved and we need topla
ing servi
e 
alls (say, send te
hni
ians to the spot) anyway.For a 
ase C of a given produ
t P , suppose there are A 
alls 
orrespond to the 
ase C, forB 
alls the 
ustomers su

essfully �x the problems by taking self-repair a
tions asso
iatedwith the Case C, Then we have the following de�nition:De�nition 1 We de�ne the su

essful rate for 
ase C of the given produ
t P to be Sr(C; P ) =BA � 100%.A 
ase generally has di�erent su

essful rates for di�erent produ
ts. We 
an also de�nethe su

essful rate for produ
t family (a 
olle
tion of produ
ts).De�nition 2 The su

essful rate for 
ase C of a given produ
t family P = (P1; P2; � � �) isde�ned to be Sr(C; P ) = BA � 100%, where A is the number of 
alls 
orrespond to the 
aseC of produ
ts in P and B is the number of 
alls the 
ustomers su

essfully �x the problemsby taking self-repair a
tions.All our analysis for produ
ts 
an be easily extended to produ
t families. In the rest of ourpaper, we assume that we are only deal with produ
ts. Moreover, generally most 
ase-basedreasoning systems have adaption/repair 
omponents, so the su

essful rates 
an be 
hangeddynami
ally. Sin
e our purpose is to dis
over the eÆ
ient s
heme of improving strategies,we fo
us on the snapshot of the system in this paper.The Help Center re
eives several millions 
alls every year and it also pla
es thousandsof servi
e 
alls (to send te
hni
ians) annually. In order to realize 
ost redu
tion, we need toredu
e the number of 
ustomer 
alls and improve the su

essful rates for ea
h produ
t. Toredu
e the number of 
ustomer 
alls, we should try to analyze the issue that how mu
h of theHelp Center 
all pro
ess 
ould be eliminated by improving the design of the produ
t (say,adding some self-diagnosti
 fun
tions or some supply information). To improve our servi
e2



and further realize 
ost redu
tion, we must �rst have an a

urate estimate of our 
urrentperforman
e and we must be able to assess our strengths and weaknesses. The idea is tolearn what we do best and why and how. Then we must improve our weak areas. The endresult is a stronger 
ompany with more value for our 
ustomers, employees and sto
kholders.In this paper, we present our work of integrating the knowledge management and datamining te
hniques to ful�ll the above goals. We �rst explore the 
ase distribution and �ndwhat are the frequently retrieved 
ases so that we 
an fo
us our attention on those frequent
ases. The 
ase distribution is the domain knowledge. The domain knowledge gives us ageneral overview of the servi
e requirement and it will help us to improve the servi
e by itself(as we will dis
uss in Se
tion 6). To be more eÆ
ient, we 
an utilize the domain knowledgeand use data mining te
hniques to better a
hieve our goals. We 
ompare produ
ts againstea
h other to get insight of performan
e. We then �nd produ
ts that have similar behaviorsso that we 
an use su

esses from one produ
t and apply them to others. We 
an apply thesu

essful adaption and repair strategies for one produ
t to its similar produ
ts. Finally we
luster produ
ts into groups so that we 
an devise strategies for ea
h group.The rest of the paper is organized as follows: Se
tion 2 reviews history and related workon 
ase-based reasoning. Se
tion 3 des
ribes our Case Base Analysis and Se
tion 4 dis
usses�nding similar patterns among all the produ
ts. Se
tion 5 presents the idea of 
lusteringthe produ
ts into groups and Se
tion 6 shows the experiment results with some dis
ussions.Finally Se
tion 7 
on
ludes our work.2 Review on Case-based ReasoningOver the last few years, 
ase-based reasoning (CBR) has grown from a rather spe
i�
 andisolated resear
h area to a �eld of widespread interest [1℄. Case-based reasoning tries toutilize the spe
i�
 knowledge of previously experien
ed, 
on
rete problem situations insteadof relying solely on general knowledge of a problem domain. In other words, 
ase-basedreasoning remembers previous situations similar to the 
urrent one and uses them to helpsolve the new problem. The roots of 
ase-based reasoning 
an be found in the works ofRoger S
hank on dynami
 memory and the 
entral role that a reminding of earlier situationsand situation patterns has in problem solving and learning [35℄. Case-based reasoning isappli
able to a wide range of real-world situations, ranging from knowledge-ri
h situationsin whi
h 
onstru
tion of solutions is 
omplex to knowledge-poor situations in whi
h 
asesprovide the only available knowledge. It has many advantages: allowing a reasoner to proposesolutions to problem qui
kly, to reason in domains that are not well understood, to evaluatesolutions when algorithmi
 methods are not available et
. [24℄. A lot of CBR systems havebeen applied to Help Desk appli
ations be
ause problems often re
ur in the domain andwhen thy do so they utilize the same solutions [37, 25, 40℄. Be
ause no old situation is everexa
tly the same as the new one, old solutions must usually be adapted to made appli
ableto new situations. Also in order to learn from experien
e, a 
ase-based reasoning systemshould be able to evaluate and 
onsequently repair the system based on feedba
k andsimulation [24℄. Various adaptation and repair approa
hes have been proposed [24, 38, 41,27, 28, 17, 26℄.Although our work is based on a 
ase-based system, it is quite di�erent from the ap-3



pli
ation of CBR to Help Desk and those works on adaptation and repair strategies. TheHelp Center of the 
ompany already has a 
ase-based reasoning system installed for remotediagnosti
s. Our work is try to �rst extra
t the domain knowledge from the 
ase-base analy-sis, i.e., the statisti
s of using 
ase-based system. Then, we apply the domain knowledge tomine similar patterns from the produ
ts or 
luster the produ
ts into groups so that we 
andesign improvement strategies for produ
t groups instead of individual produ
ts. In otherwords, we want to �nd similar produ
ts and 
luster the produ
ts into groups so that we 
aneÆ
iently design the adaptation/repair strategies.3 Case Base AnalysisOn one hand, although there are about 2300 possible 
ases, some of them are frequentlyretrieved and some of them are rarely retrieved. To eÆ
iently save 
ost, we 
an fo
us onimproving the su

essful rate for most frequent 
ases. So our �rst step is to try to �nd themost frequent 
ases.For ea
h produ
t, we 
olle
t the 
all re
ords in Help Center from May 2001 to July2001. The 
all re
ords 
ontain the information for ea
h 
all: the 
all time, the possible 
asenumber 
orresponding to the 
all (indi
ated by Case Base software), whether the self-repaira
tions worked or not, et
. We pro
essing the 
all re
ords and we �nd that generally forall produ
ts about 80% of the 
ustomer 
alls 
orresponding to 20% of all the 
ases. The20% 
ases a

ount for about 80% 
ustomer 
alls is the domain knowledge we get from thedatabase of 
all re
ords.Then for ea
h produ
t, using the domain knowledge, we 
an fo
us on its top 20% 
ases andthen �nd out what are the 
ases that have high su

essful rates and what 
ases do 
ustomers
all us for the most. These �ndings would give us a 
lear view on the help servi
e performan
efor ea
h produ
t. For example, we found that about 10% of the 
ustomer 
alls for produ
tA are asking for some parts information. This leads the produ
t development departmentto 
onsider in
luding the parts information into the produ
t. This may immediately resultin the 
ost redu
tion for Help 
enter.However ea
h produ
t may have di�erent top 20% 
ases. To 
ompare di�erent produ
tsor produ
t families, we then 
ategorize the 
ases into several 
ategories. The 
ategorization isunique for all produ
ts and it provides a 
omparison basis. It is obtained from the suggestionsof the experien
ed te
hni
ians and is based on the 
ontext des
ription/situation of the 
ases.For example, the 
ases whi
h are related to the failure of the same part are 
lassi�ed intoone 
ategory and the 
ases that deal with the instru
tions on using some ma
hine featureare in another 
ategory.De�nition 3 The su

essful rate for a 
ategory H of produ
t P is de�ned to be Sr(H;P ) =BA � 100%, where A is the number of 
alls 
orrespond to the 
ases in 
ategory H and B isthe number of 
alls the 
ustomers su

essfully �x the problems by taking self-repair a
tions.After the 
ategorization, we 
an 
ontinue to pro
ess the 
all re
ords and answer thequestions like: What 
ategories do 
ustomers 
all us for the most and whi
h 
ategories havethe high su

essful rates, et
. These questions provide us a high-level view on the servi
eperforman
e. 4



4 Finding Similar Produ
tsAfter we get enough information for ea
h produ
t, we want to 
ompare produ
ts againstea
h other to get insight of performan
e. We want �nd produ
ts that have similar behaviorsso that we 
an use su

esses from one produ
t and apply them to others.As des
ribed in Se
tion 3, using domain knowledge, we 
ategorize the top 20% 
ases forea
h produ
t and 
ompute the su

essful rate for ea
h 
ategory. So we 
an represent ea
hprodu
t as an n-dimensional ve
tor p = (S1; S2; � � � ; Sn), where n is the number of 
ategoriesand S1; S2; � � � ; Sn are the su

essful rates for ea
h 
ategories respe
tively.Suppose now we have m produ
ts pk = (Sk1 ; Sk2 ; � � � ; Skn); k = 1; 2; � � � ; m, we 
ompute themean ve
tor, M , the 
ovarian
e matrix, �, and the deviation ve
tor, d, as follows:M = (Mi) i = 1; 2; � � � ; nMi = 1m mXk=1 Ski� = (�ij) i; j = 1; 2; � � � ; n�ij = 1m mXk=1(Sik �Mk)(Sjk �Mk)d = (di) i = 1; 2; � � � ; ndi = p�ii (1)We 
all two produ
ts pk = (Sk1 ; Sk2 ; � � � ; Skn) and pl = (Sl1; Sl2; � � � ; Sln) similar ifjSki � Slijdi � 
 i = 1; 2; � � � ; n; (2)where 
 is a given threshold (generally, 
 = 1). Then we 
an determine whether two produ
tshave similar behaviors.Suppose we �nd that A and B are similar, whi
h means that ea
h 
ategory has approxi-mately su

essful rate for A and B, if we have some adaptation/repair strategies for the 
asesof A, they might probably be suitable for produ
t B too. For example, if we 
an promotethe su

essful rates for some 
ategories of produ
t A by 
olle
ting more status informationof some spe
i�
 ma
hine parts, we 
an also apply the same strategy to a similar produ
t B.5 Clustering Produ
ts into Groups5.1 Clustering Introdu
tionFirst, we give a brief introdu
tion to 
lustering problems. Clustering problems arise in manydis
iplines in
luding engineering, business and so
ial s
ien
e, and have a wide range of appli-
ations, su
h as data 
ompression, information retrieval, pattern re
ognition, trend analysis,
ustomer segmentation and 
lassi�
ation. The problem of 
lustering has been studied exten-sively in the database [43, 18, 33, 12, 14, 13℄, statisti
s [5, 4, 9, 8, 34, 32℄ and ma
hine learning
ommunities [7, 15, 16, 29, 30℄ with di�erent approa
hes and di�erent fo
uses.The 
lustering problem 
an be des
ribed as follows: let V be a set of n multi-dimensionaldata points, we want to �nd a partition of V into 
lusters su
h that the points within ea
h5




luster are similar to ea
h other. Various distan
e fun
tions have been widely used to de�nethe measure of similarity.Clustering te
hniques 
an be broadly 
lassi�ed into partitional 
lustering, hierar
hi
al
lustering, density-based 
lustering and grid-based 
lustering [20℄. Partitional 
lusteringattempts to dire
tly de
ompose the data set into K disjoint 
lusters su
h that the datapoints in a 
luster are nearer to one another than the data points in other 
lusters. Severalwell-known algorithms su
h as K-means [31℄, PAM (Partitioning Around Medoids) [33℄, K-Medoids [23℄ andK-mode(K-prototypes for 
lustering 
ategori
al data) [22℄, et
., fall into the
ategory. Hierar
hi
al 
lustering pro
eeds su

essively by building a tree of 
lusters. It 
anbe viewed as a nested sequen
e of partitioning. The tree of 
lusters, often 
alled dendrogram,shows the relationship of the 
lusters and a 
lustering of the data set 
an be obtained by
utting the dendrogram at a desired level. BIRCH [43, 44℄, CURE [18℄ and ROCK [19℄ arerepresentative hierar
hi
al 
lustering algorithms. Density-based 
lustering is to group theneighboring points of a data set into 
lusters based on density 
onditions. DBSCAN [11,10℄, OPTICS [3℄ and DENCLUE [21℄ are well-known algorithms of this 
ategory. Grid-based
lustering quantizes the obje
t spa
e into a �nite number of 
ells that form a grid-stru
tureand then performs 
lustering on the grid stru
ture. Several representatives of this 
ategoryare STING(Statisti
al Information Grid-based method) [39℄ and WaveCluster [36℄.Detailed survey on 
lustering methods 
an be found in [42, 8℄.5.2 Clustering Appli
ation: Grouping Produ
tsIn this subse
tion, we des
ribe our work on 
lustering produ
ts into groups. By 
lustering,we 
an then try to explore the 
ommon features in ea
h group and design improvementstrategies for ea
h group. First, we need to de�ne a distan
e fun
tions between produ
ts tomeasure their similarity.As des
ribed in Se
tion 4, we have all the produ
ts pk = (Sk1 ; Sk2 ; � � � ; Skn); k = 1; 2; � � � ; mand we also get the mean ve
tor, M , and the 
ovarian
e matrix, �.Now we view the produ
ts as points in n-dimensional Eu
lidean spa
e and de�ne thedistan
e between two produ
ts pk and pl as the weighted Eu
lidean distan
e in the Eu
lideanspa
e: dist(pk; pl) =p(pk � pl)W�1(pk � pl)T (3)where weighting matrix W�1 is a positive de�nite matrix. Di�erent 
ategories have usuallydi�erent deviations. To avoid a 
ertain 
ategory dominating the value of the distan
e, theinverse of 
ovarian
e matrix � is 
onsidered as the optimal weighting matrix (see, e.g., [6℄).To simplify the model, it is assumed that 
ategories are un
orrelated with ea
h other. Sothe simpli�ed version of distan
e isdist(pk; pl) =vuut nXi=1 (ski � slidi )2 (4)After we de�ne the distan
e, we 
an now 
luster the produ
ts pk into groups. Thereare a multitude of 
lustering methods proposed in literature as we dis
ussed in Se
tion 5.1.We 
hoose density-based 
lustering sin
e we do not have a good way to de
ide the inputparameter K for K-means and K-medoid algorithms and partitioning methods are unable6



to handle noise and outliers eÆ
iently. Also hierar
hi
al 
lustering is too time-
onsuming(usually quadrati
 algorithms) and we are not sure about the granularity of the lowest levelof grid for grid-based approa
hes.In density-based 
lustering, 
lusters are regions of spa
e that have a high density of pointsand 
lusters 
an have arbitrary shapes. We use DBSCAN algorithm and for the details ofthe DBSCAN algorithm, please see [20, 11, 10℄. Its main idea is as follows: it �rst 
he
ks theneighborhood of ea
h point in the database. If the neighborhood of some point P 
ontains alot of points (more than a prede�ned number), then the neighborhood 
onstitutes a 
lusterwith P as the 
enter of 
luster. It then iteratively extends the 
lusters until no new points
an be added to any 
luster.6 Experimental ResultsAs we mentioned above, we have found that 20% 
ases a

ount for 80% of 
ustomer 
allsand this holds for almost all produ
ts. For ea
h produ
t, we then fo
us on the top 20%
ases. After we further investigate those 
ases, we noti
ed that many of the questions, whi
hwere previously asked by 
ustomers during the Help Center 
onversations, might be solvedby using the data that are available in the devi
e in question, or if we added some do
umentsinto the devi
e. For example, we have found that for a produ
t A, 2% of the 
alls for theprodu
t are asking about where to tou
h a fun
tion button and 5% the 
alls are askingabout supply information of some parts. Thus this gives the 
ompany useful eviden
e andsuggestion on 
ost redu
tion by adding more ne
essary information into the produ
ts.In our work, we have more than 2000 produ
ts and the number of 
alls from May 2001to July 2001 is more than one million. For ea
h produ
t, we have about 400 
ases (20% outof all the 
ases). We 
ategorize the 
ases into six 
ategories: C1; C2; C3; C4; C5; C6.For all the produ
ts we get the deviation ve
tor d = (0:072; 0:045; 0:026; 0:037; 0:17; 0:033).And we have found that lots of similar produ
t pairs. Figure 1 and Figure 2 illustrate thatprodu
t P1 is similar to produ
t P2; produ
t P3 is similar to produ
t P4. As you 
an�nd from the �gures, the di�eren
es of 
ategory values between similar produ
ts satisfyEquation 2.Knowing similarity between produ
ts, we know what the values and elements of perfor-man
e are and we then 
an use su

esses from one produ
t and apply them to others.For the 
lustering, we set the radius of the neighborhood to be � = 0:015, the minimumnumber of points required for a neighborhood to be a 
luster is 30. Finally we 
lusterprodu
ts into 16 groups.By grouping the produ
ts in 
lusters, we 
an easily �nd the weakness and strength forea
h 
luster and formulate intelligent improvement plan a

ordingly.7 Con
lusionsIn this paper, we have presented a 
ase study on 
ombining domain knowledge and datamining te
hniques for improve the servi
e and realize 
ost redu
tion for a produ
t 
ompany.Clustering te
hniques have been employed to divide the produ
ts into similar groups basedon the knowledge extra
ted from the database of 
all re
ords.In many appli
ation domains, knowledge management and data mining need to be fully7
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integrated to provide more support and bene�t to the organization. Domain knowledge
an be 
aptured or extra
ted through by dire
t or indire
t knowledge a
quisition. It isa useful way of 
onstraining or pruning the sear
h spa
e for dis
overy pro
ess, enhan
ingthe performan
e of data mining tasks[2℄. Thus in
orporating the knowledge managementand data mining would improve the performan
e of the system and ensure data miningavailability pro�tability.A
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