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Abstract

This paper prop oses a novel way of automatically develop-
ing data warehouse con�guration in rule-based CRM systems.
Rule-based CRM systems assumethat marketing activities are
represented as a set of IF-THEN rules. Curren tly , to provide
good qualit y CRM functionalities, CRM systems seek to com-
bine conventional CRM metho dologies with data warehousing
technology. A data warehouse can be abstractly seen as a set
of materialized views. Selecting views for materialization in a
data warehouse is one of the imp ortan t decision-making tasks
in its design. However, there are few facilities in CRM sys-
tems with respect to data warehouse design that alleviate the
problems associated with data schema maintenance. Giv en a
set of campaign rules expressing marketing strategies, the pro-
posed metho d generates data warehouse con�guration (includ-
ing database schema and indexing constrain t) that can satisfy
all the input rules. Our metho d begins on the premise that
data warehouse con�guration can be reversibly extracted from
marketing campaign rules. This metho d includes algorithms
for database schema generation, indexing constrain t genera-
tion, schema normalization for removing data redundancies,
and OLAP (On-Line Analytic Pro cessing) query generation.

Keywords: Data warehouse,CRM, Rules, Material-
ized view, Analysis query, Star-join index

1 In tro duction

In today's highly competitiv e businessenvironment,
CRM (Customer Relationship Management) systems,
which provide the framework for analyzing customer
pro�tabilit y and improving marketing e�ectiv eness,
have become an indispensable component in enter-
prise information systems. Typically, CRM activi-
ties include data analysis, campaign design,response
analysisof customerdata. To e�ectiv ely support such
activities, a data warehouse(which is a repository
that integrates information from multiple operational
data sources)must be developed to act as the back-
bone of CRM systems. A data warehouseis a core
part that determines the performance of CRM sys-
tems and quality of CRM services(McKnigh t 2001).
A data warehouse for CRM should be customer-
centric; that is, it should provide a uni�ed view of
customer data such as customer demographic data,
customer channel data, campaign data, and response
data.

Unfortunately, many data warehousing projects
have led to failure without having to reap tangible
results. One of the reasonsfor such failure is that
the data warehousesystemsdeveloped nowadays are
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unable to adapt well to the rapidly changing opera-
tional environment. As in developing other software
systems,building data warehousesystemsrequiresre-
quirement analysis on `what the system is used for?'
or `what information should be managed?'. However,
in performing data warehousing,it is very di�cult to
extract su�cien t requirements from usersbefore the
systemis used. We often do not preciselyknow what
the problemsactually are that we are trying to solve.
Data warehousesystemsare unlike other operational
systemsin that it is not possibleto de�ne the require-
ments precisely. It is only after the system is used
that usersrealize its practicalit y, and then recognize
what is lacking. And, the new requirements lead to
the update of the current data warehouseschema.

A data warehousestoresmaterialized viewsto pro-
vide fast and uniform accessto distributed opera-
tional data sources. Selecting views for material-
ization in a data warehouseis one of the important
decision-making tasks in its design. Building a data
warehouseis a very complex task requiring a variety
of di�eren t skills to carry out such a task. One of the
most di�cult ones is to keep it up-to-date with re-
spect to the rapidly changing operational conditions
of usageenvironment (O'Gorma et al. 1999). There-
fore, a conventional strategy for data warehousede-
velopment is that we considerall possibleinformation
that could be used in the future. Unfortunately, this
strategy results in signi�cant spaceoverheadand low
spaceutilization. Furthermore, although we try to
gather all possible information, we still have to up-
date the data warehousecon�guration whenever new
requirements are intro duced. Such a task is highly
costly and time-consuming.

In data warehousedesign, there are few facilities
in CRM systemsthat alleviate the problems associ-
ated with data schema maintenance. To overcome
this problem, we proposea method that helps auto-
matically generatedata warehousecon�guration un-
der rule-basedCRM system environment. The pro-
posedmethod is motivated by the fact that the usage
pattern of data warehousesis implicitly expressedin
CRM activities such as campaign design and cam-
paign analysis. The act of performing a campaign for
a speci�ed group of customers imply that the mar-
keter involved with the campaign knows what kind
of information should be extracted from operational
data sourcesfor executing the campaign and for an-
alyzing its results. In rule-based CRM systems, a
campaign (or marketing strategy) can be represented
asa set of IF-THEN rules. Sincecampaignrules in-
clude the conditions for sometarget customers,they
becomeimportant factors for analyzing the e�ectiv e-
nessof campaignsperformed. This meansdata ware-
housecon�guration can be reversibly extracted from
marketing campaign rules. Only by designing cam-
paign rules, all schemasof materialized views can be
automatically generatedand can evolve while satisfy-



ing the current requirements. Our proposedmethod
includes automated generation of materialized view
schema, indexing constraint scheme, and prede�ned
analysis queries.

The remainder of this paper is organized as fol-
lows. In Section 2, the problem that must be over-
come is brie
y intro duced. In Section 3, we provide
an overview of rule-basedCRM systemand its related
de�nitions. In Section 4, we present the algorithm of
automated data warehousing. And, in Section 5, an
example of automatically generatedschemaswill be
presented, followed by reviews of related work, and
�nally , in Section 6, conclusionswill be given.

2 Problem Statemen ts

In this paper, we attempt to automatically develop
data warehousecon�guration in rule-basedCRM sys-
tems. Given a set of campaign rules, we should be
able to produce data warehousecon�guration satis-
fying those rules. Data warehousecon�guration con-
sists of data warehouseschema, indexing constraint,
and prede�ned analysis (or OLAP 1) queries.

In general,data warehouseschemasare developed
according to the multi-dimensional modelling strat-
egy, which have so-called `star schema' generated.
Star schema is composedof two typesof tables: fact
and dimension tables. Fact tables store the target in-
formation for analysis,and dimensiontables store cri-
teria (dimension) information for multi-dimensional
analysis. For example, if we assumethat we must an-
alyze the salesamount of a certain shoppingmall, we
try to analyze the salesamount from various view-
points of products, stores, time, and customers. The
data warehouseschema that re
ects such a require-
ment carriesa fact table in which each recordcontains
details such as the salesamount of a certain product
purchasedby a certain customer in a certain store at
a certain time. It also has a dimension table corre-
sponding to each of the analysis criteria mentioned
above (i.e., products, stores,customersand time).

Once data warehouseschema is generated,index-
ing constraint and analysis queriescan be easily ex-
tracted. Most of the queriesagainst data warehouses
accompany join operations betweendimension tables
and fact tables, and group-by operationsby the values
of �elds (or attributes) occurred in dimension tables.
Here, the cost incurred by the join operation may be
very large since fact tables are usually of enormous
size. Thus, to improve the performanceof join opera-
tions, a special index called `star-join index' between
dimension tables and fact tables is prepared, which
is a result of Cartesian product operation between
related tables. In addition, a B-tree index for each
�eld that participates in join operations needsto be
generatedto ensuree�cien t group-by operations. As
for analysis queries, it is not easyto predict analysis
queries that users need. However, if we build only
the necessarydata warehouseschema, useful analy-
sis queries corresponding to each rule can be easily
produced from the schema.

3 Rule-based CRM systems

Figure 1 presents the overall architecture of a rule-
basedCRM system,which is composedof three layers
as follows.

� CRM service layer performs actual CRM ser-
vices such as cross selling, personalized home-
pages,and direct Emailing.
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Figure 1: Architecture of rule-basedCRM system

� Business in telligence layer enablesusers to
generate knowledge for CRM service through
data mining and OLAP operation. Not only the
data pattern knowledge but campaign rules de-
�ned basedon the pattern knowledgeare stored
in rulebases. The rulebase manager constructs
rulebases,and maintains them while performing
OLAP analysis of the result of campaigns ex-
pressedin rules.

� In tegrated customer-cen tric database
layer is composed of three modules: update
integrator, vocabulary manager, and schema
manager. The update integrator integrates
customer-relevant data from diverseoperational
data sources. The vocabulary manager helps
users de�ne basic terms used in de�ning cam-
paign rules and generatea databaseschema for
a view table corresponding to each term. The
schemamanager constructs and maintains data
warehousesfor OLAP analysisand data mining.

In this paper, we shall focus mainly on the Inte-
grated customer-centric databaselayer.
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Figure 2: Internal architecture of Integrated
customer-centric databaselayer

We proposean internal architecture for the Inte-
grated customer-centric database layer of rule-based
CRM system, which managesmultiple data sources,
view tables and rulebases,as illustrated in Figure 2.
In our work, vocabulary manager generatesan SQL
view table over operational data sourcesby interpret-
ing each of the prede�ned terms. The data warehouse
stores rule-aware star schema tables generated from
given campaign rules by the schemamanager (which
will be explained later). Updates in data sourcesare
propagatedasupdate messagesto the data warehouse



and are integrated into view tables and a data ware-
housein order to keepit up-to-date using the update
integrator (or ETL 2) module.

In rule-basedCRM systems,campaignsare repre-
sented in terms of IF-THEN rules, which are man-
aged within rulebases. IF -clause describes a condi-
tion for isolating a group of customers,which is the
target of a certain campaign whereasTHEN -clause
represents an actual campaignaction to be executed.
These two types of clausesare created with several
pre-de�ned rule terms.

De�nition 1 (Rule terms) A rule term v consists
of subject, link, and semantics, which is denoted as
v = (subjectv ; l ink v ; semanticsv ). The subjectv de-
notes the doer (or subject) of the action of generating
instances of term v, which is represented as a foreign
key referencing instances corresponding to a subject
of the term. The l ink v is a foreign key referencing
instances pointing to the value of the term. If the
valueof term v is a constant, l ink v becomesnull. The
semanticsv represents the semantics of the term v,
which is represented as a combination of SQL state-
ments and data manipulation function.

In De�nition 1, data manipulation function is
neededto describe semantics beyond the expressive
power of SQL statements. The syntax for describing
this function is determined by developing program-
ming languages(e.g., Java and C++). For example,
in the Java language, the value of `age groups' can
be computed by performing modular (%) operation
with the value of `age' returned by the SQL state-
ment, \ SELECT customer id, age FR OM cus-
tomer ".

Example 1 The term P ur chase items of last month
(which means a set of items that was purchased in
the last month) is de�ned as follows.

Pur chase items of last month �
(c.customer id, s.pr oduct id,
\ SELECT c.customer id,
s.pr oduct id
FR OM Customer c, Sales s
WHERE c.customer id =
s.customer id AND
s.pur chase year = extra ct(year
fr om current date) AND
pur chase month = extra ct(month
fr om current date)-1
GR OUP BY c.customer id" )

�

The subject of the rule term in Example 1 is
\customer id" which denotesthe doer of purchasing
a certain product and its link is \pro duct id" which
represents objects of his or her purchaseaction. The
function current date is one that returns date in-
formation (consisting of year, month, day, and time
information) of the current day, and the function
year (or month ) is one that extract the year (or
month) part from the given date information, which
is speci�ed in the standard SQL.

According to De�nition 1, a rule term refers to
a method of extracting immediately necessaryinfor-
mation from operational data sources,and also ex-
presseshow it is associated with other vocabularies
within a rule when interpreting a given rule. Rule
terms specify the information of targets (or criteria)
of campaignanalysis,and they re
ect the current us-
age of data warehouseand user requirements. The
rule terms corresponding to targets and criteria of

2 Extraction, Transformation, and Load

campaign analysis contribute to composing fact ta-
bles and dimension tables, respectively. Hereinafter,
terms shall mean rule terms.

De�nition 2 (Campaign actions) An action A is
de�ned as (methodA , argsA , measuresA ), where
methodA is the method that performs a campaign
action, argsA is a list of arguments necessary to
compose the contents describing the campaign, and
measuresA is a set of the rule terms that is the tar-
get of analysis after executing the campaign.

Example 2 When a marketer attempts to recom-
mend new products through Email, the campaign ac-
tion named Email ser vice can be de�ned as follows.

Email ser vice � (\Email sending",
f \customer name", \pr oduct id" g,
f \read time", \read frequency",
\is reject" g)

�

In Example 2, the action \Email sending" uses
\customer name" and \pr oduct id" as argu-
ments for campaign contents, and de�nes the target
data of campaign analysis: \read time" (when the
customerread the Email), \read frequency" (how
often the customerread the Email), and \is reject"
(whether the customer rejects the Email or not).
Throughout the paper, actions mean campaign ac-
tions.

Now, with the above two de�nitions, we de�ne the
campaign rules.

De�nition 3 (Campaign rules) A campaign rule
is de�ned as IF (term op f term j valueg) f (and
j or) term op (term j value) g THEN (campaign ac-
tion) where op is the relational operator such as `< ',
`> ', `= ', `� ', `� ', and `6= '.

As seenin the de�nition, the IF -clause is repre-
sented as a conjunctive normal form (CNF) or dis-
junctiv e normal form (DNF) to determine a group of
target customers.

Example 3 Suppose that a marketer attempts to
promote the salesof a new product to customerswho
are in the twenties and whosepurchasecapacity for
the last month exceeded $100 by Email. The campaign
can be de�ned as the following rule.

IF \Pur chase capacity of last month"
� $100 AND age gr oup=20
THEN (\Email sending",
f \customer name" g, f \read time",
\read frequency", \is reject" g)

where the meaning of terms in the measures part is
the sameas that of terms used in Example 1. �

Now, we considerthe necessarycondition for com-
posing valid campaign rules.

Condition 1 A term v in IF -clauseof a given cam-
paign rule should satisfy one of the following condi-
tions.

1. The subject of v is the primary key (denoted as
customer id) of customer table.

2. Among terms v1; � � � ; vn which are connected as
AN D operator with v, there is a list of terms
f vi ; vj ; � � � ; vk g (1 � i; j ; k � n) such that
v's subject = vi 's link, vi 's subject= vj 's link,
� � �, vj 's subject= vk 's link, and vk 's subject =
customer id.



In order for a given campaign rule to be valid, some
terms within the IF -clauseof the rule should address
attributes directly associated with customers while
others should constrain these attributes. In other
words, for a given term, its subject should be a pri-
mary key of customertable, or it should be connected
as AND operator with a list of terms where the link
of one term is equal to the subject of the next con-
nected term.

4 Building rule-a ware data warehouse con�g-
uration

4.1 Schema generation

In order to generatea data warehouseschema corre-
sponding to a given campaign rule, we use the sub-
ject/link information of terms within the rule and the
measures information within the THEN -clause. The
overall procedure is as follows.

1. Determine the target of analysisthat is stored in
fact tables from measures part of a given cam-
paign action (seeSection 4.1.2).

2. Generatea schemaof dimensiontablesusingsub-
ject/link information of terms within a given rule
(seeSection 4.1.1).

3. Make up composite keys (a set of foreign keys
referencingprimary keys of dimension tables) of
fact tables (seeSection 4.1.2).

The key point to the proposedalgorithm is to gen-
erate dimension tables. The schema of dimension ta-
bles can be generatedas follows.

4.1.1 Generation of dimension tables

1. De�ne a set of terms anal ysis terms that can
analyze the information of measures part of the
campaign action from operational data sources.
Such terms are determined with attributes
existing in the table in which the primary key
equalsthe subject of a term in the measurespart.

FOR EA CH term m IN measures
FOR EA CH �eld f IN t (where t is a table

whoseprimary key equalsm's subject)
IF (f is a foreign key referencinga primary key

in any of other tables)
THEN contin ue
ELSE anal ysis terms = anal ysis terms [

f (subject, link, semantics)j
subject = t's primary key,
link = NULL,
semantics = \SELECT subject, f

from t" g

2. Compute a setof terms dim terms that contains
terms occurring in the IF -clauseof a given cam-
paign rule and combine it with anal ysis terms
obtained in step 1.

dim terms = anal ysis terms [ f vjv
is a term occurring in IF -clauseg

3. Generate partition Vi � dim terms by subject
of terms belonging to the set dim terms .

Vi = f vj v 2 dim terms and the sub-
ject of v is i (1 � i � jsubjectj, where
jsubjectj is the number of distinct sub-
jects of terms in dim terms )g.

4. Generatepartition dij � dim terms by link in-
formation of each term belonging to Vi

dij = f djd 2 Vi and the link of d is
j , where 1 � j � jl ink i j (jl ink i j is the
number of distinct links in terms be-
longing to Vi )g.

5. For each term v 2 dij , check the value of link,
and generatednul l

ij , which is a set of terms whose

value of link is null, and dnul l
ij which is a set of

terms whosevalue of link is not null.

6. For each dnul l
ij , generatea dimension table con-

sisting of a primary key being the subject i and
�elds corresponding to all terms belonging to
dnul l

ij .

7. For each term v belonging to dnul l
ij , generate a

dimension table Tv as follows. Tv consistsof the
foreign keyscorresponding to v's subject and link
and the �eld whosename is the term v itself.

8. Create (or update) a `time' dimension table con-
sistent with a generatedfact table.

Note that even though certain �elds do not appear
in a given rule, they can be used as dimensions for
analyzing the measures information (seestep 1). All
of the possible �elds that can belong to the dimen-
sion tables are extracted (see step 2), and they are
then decomposed into several partitions by subjects
of terms (seestep 3). Each partition of the �elds is
decomposedinto more re�ned partitions by using link
information of terms (seestep 4). Then, by checking
the value of link, each partition is again divided into
two groups : dnul l

ij and dnul l
ij (seestep 5). The terms

belonging to dnul l
ij make up a dimension table with

each subject i since dnul l
ij of a certain subject i in-

cludesterms which are assumedto have the identical
viewpoint of analysis (seestep 6). In contrast, each
of the terms belonging to dnul l

ij composesa separate
dimensiontable sothat multiv alueddependenciescan
hold on each of generated tables (seestep 7). If all
terms relevant to dnul l

ij build up a single table as in
dnul l

ij , we actually have lessinformation since we ob-
tain not only the records we had originally, but also
several additional records.

Sincea `time' dimension table, which contains in-
formation of time, is mandatory in designatinga data
warehouse,we need to prepare time relevant �elds
such as year, month, day, and holiday. This dimen-
sion table is manually constructed sothat it is consis-
tent with the generatedfact tables in terms of their
granularit y. Thus, step 8 should be executed after
generating (or updating) fact tables.

4.1.2 Generation of fact tables

Basically, for a given campaign rule, only customer
ID and measures (that includes terms to be target
of analysis) are enoughfor its corresponding fact ta-
ble. This is becauseterms whosesubject is not cus-
tomer ID can be joined with customer ID by Con-
dition 1. Moreover, only if fact tables has customer
ID as a foreign key, they can be analyzed by �elds
belonging to anal ysis terms . However, such a fact
table with only the least information yields complex
analysis queries using foreign key constraints. Con-
sequently , the queriesyields excessive execution time



since they require many join operations between re-
lated tables. Hence,we allow the schemaof fact table
to include anal ysis terms that includes terms not
appearing in a given rule even though the schemahas
redundant information. Consequently , the fact table
f act has the following schema.

f act = measures [ f customer id g [
f F K j F K is an attribute that is the sub-
ject of each of rule terms belonging to
anal ysis terms g

where F K is a foreign key referencing the primary
key in its corresponding dimension table.

4.2 Indexing constrain t set-up and analysis
query generation

In the proposedmethod, the �elds related to subject
(or link) information in dimensiontablesareonesthat
can be joined with fact tables or other dimension ta-
bles. Thus, we can create star-join indexesby corre-
lating the value of such �elds with foreign keyswithin
fact tables beforehand. In addition, for �elds other
than subject and link, B-tree indexes are generated
in advance.

As for analysisqueries,sincethe proposedmethod
generates currently needed data schema based on
given campaign rules, all possible analysis queries
over the generated dimensions and facts are gener-
ated. Typically, analysisqueriesare described in SQL
as follows.

SELECT grouping �elds,
aggregationfunctions (parameters)

FR OM fact tables, dimension tables
WHERE join constraints
GR OUP BY grouping �elds
ORDER BY grouping �elds

In SELECT -clause, the aggregation function is
applied to all �elds related to the measures part of
action. The grouping �elds belong to all �elds within
the dimension tables. In WHERE -clause, join con-
straints represent a set of join operations using for-
eign key constraints between fact tables and dimen-
sion tables. In addition, by browsing the dimension
tables, users may add some application constraints
that servesto restrict a certain dimension to only in-
terested recordson top of the generatedqueries.

Since these analysis queriescan be generatedbe-
forehand, we can obtain their optimized query plans
beforeexecuting the queries,as if cannedqueriescan
be compiled ahead of execution time. Even though
the proposed method generates too many analysis
queries,userscan easily choosethe best queriesthat
they want only if a user-friendly user interface is pro-
vided.

5 Examples

Suppose that marketers attempts to promote new
products for two types of customers by performing
direct Email services. Then, they de�ne their cam-
paign strategy as campaign rules of Figure 3. More-
over, after executing the Email marketing, they want
to analyze the responseresults of the customers.

We assumethat the operational data sourcesare
de�ned as the following relational schema. Each of
the attributes indicated by underline servesas a pri-
mary key.

� Customers (customer id, name, sex, zip code,
address,job)

Rule1

IF age gr oup = 20 AND city=`Seoul '
Pur chase capacity > $500 AND
pur chase item = `Computer ' AND
categor y = `Server ' AND
quantity sold > 100,000

THEN (\Email sending",
f \customer name",
\recommended pr oducts" g,
f \is read", \read dura tion" g)

Rule2

IF sex = `female' AND
milea ge > 1000 AND
Pur chase capacity < $500 AND
pur chase items of last month = `Computer '
AND pr oduct date > `1/1/2000'

THEN (\Email sending",
f \customer name",
\recommended pr oducts" g,
f \is read", \read dura tion",
\Pur chase capacity" g)

Figure 3: Examples of campaign rules

� Product (product id, brand, category, weight,
color)

� Sales (salesid, customer id, product id, time,
salesamount)

� Region (zip code, city, street)

� Response (responseid, mail id, customer id,
is read, read begin time, read end time,
salesid)

� Mailer (mail id, title, contents, send time,
num of customers)

5.1 De�nition of rules terms

Rule terms used in campaign rules of Figure 3 are
de�ned as follows.

� pur chase items of last month �
(customer id, pr oduct id,
\ SELECT c.customer id, s.pr oduct id
FR OM Customer c, Sales s
WHERE c.customer id = s.customer id AND
s.pur chase year = Extra ct(Year fr om
Current date()) AND
s.pur chase month = Extra ct(Month fr om
Current date())-1
GR OUP BY customer id" )

� Pur chase capacity �
(customer id, NULL,
\ SELECT c.customer id, sum(s.amount)
FR OM Customer c, Sales s
WHERE c.customer id = s.customer id
GR OUP BY customer id" )

� age gr oup �
(customer id, NULL,
\ SELECT customer id,
Extra ct(Year fr om (bir thd ate-Current date))/10
� 10
FR OM Customer")

� City �
(customer id, zip code,
\ SELECT c.customer id, r.city
FR OM Customer c, Region r
WHERE c.zip code = r.zip code" )



� pur chase items �
(customer id, pr oduct id,
\ SELECT c.customer id, s.pr oduct name
FR OM Customer c, Sales s
WHERE c.customer id = s.customer id
GR OUP BY customer id" )

� is read �
(customer id, Email id,
\ SELECT c.customer id, r.is read
FR OM Customer c, Response r
WHERE c.customer id = r.customer id" )

� read freq �
(customer id, Email id,
\ SELECT c.customer id, count(r.Read time)
FR OM Customer c, Response r
WHERE c.customer id = r.customer id" )

� read dura tion �
(customer id, Email id,
\ SELECT c.customer id,
(r.read end time - r.read begin time)
FR OM Customer c, Response r
WHERE c.customer id = r.customer id" )

� mila ge �
(Customer id, NULL,
\ SELECT customer id, milea ge
FR OM Sales ORDER BY customer id" )

� Sex �
(customer id, NULL,
\ SELECT customer id, sex
FR OM Customers" )

� Categor y �
(pr oduct id, NULL,
\ SELECT pr oduct id, categor y
FR OM Pr oduct")

� Quantity sold �
(pr oduct id, NULL,
\ SELECT pr oduct id, count(*)
FR OM Sales s, Pr oduct p WHERE s.pr oduct id =
p.pr oduct id GR OUP BY p.pr oduct id")

� Pr oduct date �
(pr oduct id, NULL,
\ SELECT pr oduct id, pr oduce date
FR OM Pr oduct")

5.2 Generation of star schema

Given the campaign rules in Figure 3, the proposed
method generatesa data warehouseschemashown in
Figures 4 & 5.

For the two campaign rules Rule1and Rule2, the
variables used in the schema generation algorithm of
Section 4.1.1 have the following results.

Rule1

� anal ysis terms = f name, sex, address, job g

� dim terms = f name, sex, address, job g [
f age gr oup, city, pur chase capacity,
pur chase item, categor y, quantity sold g

� Vcustomer id = f name, sex, address, job, age gr oup,
city, pur chase capacity, pur chase item g

� Vpr oduct id = f categor y, quantity sold g

� d( customer id;pr oduct id ) = f pur chase item g

� d( customer id;N U LL ) = f age gr oup, city, name, sex,
address, job, pur chase capacity g

� d( pr oduct id;N U LL ) = f categor y, quantity sold g

Rule2

� anal ysis terms = f name, sex, address, job, brand,
categor y, weight, color g

� dim terms = f name, sex, address, job, brand, cate-
gor y, weight, color g [
f sex, milea ge, pur chase capacity,
pur chase items of last month, pr oduct date g
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Figure 4: Rule-aware data warehouseschema gener-
ated from Rule1
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Figure 5: Rule-aware data warehouseschema gener-
ated from Rule2

� Vcustomer id = f name, sex, address, job, milea ge,
pur chase capacity, pur chase items of last month g

� Vpr oduct id = f brand, categor y, weight, color,
pr oduct date g

� d( customer id;pr oduct id ) =
f pur chase items of last month g

� d( customer id;N U LL ) = f milea ge, name, sex, address,
job, pur chase capacity g

� d( pr oduct id;N U LL ) = f brand, categor y, weight,
color, pr oduct date g

For given rules Rule1 (or Rule2), Rule1 Fact
(or Rule2 Fact ) fact table is generated from
measures information of the rule, and four
dimension tables such as Customer , Pr od-
uct , Pur chase capacity and Pr oduct item
(or Pr oduct item of last month ) are gen-
erated by using its subject/link information.
The Customer and Pr oduct dimension ta-
bles are generated from d(customer id;N U LL )
and d(pr oduct id;N U LL ) , respectively. The
Pr oduct capacity and Pur chase item (or
Pr oduct item of last month ) dimension tables
are generated from d(customer id;pr oduct id ) . The
two Customer (or Pr oduct ) dimension tables
generatedfrom Rule1and Rule2can be combined into
a single table if one table subsumesthe other table.
To do this, the subsumption needsto be determined
by checking selectionconditions in their related SQL
statements.

By doing so, the schema automatically gener-
ated from rule information evolvesinto a galaxy-style



schemathat hasseveral fact tables sharing dimension
tables while processingdi�eren t campaigns.

6 Related work

Research work on automatically creating data ware-
housecon�guration from external user requirements
was carried out only recently in (Lee et al. 2000). In
that work, a user can graphically browsethe data by
the result of representing his or her thoughts, and
by using catalog information, he or she can gener-
ate database schema for OLAP. The related work
deals with designing materialized views by utilizing
frequently asked questions.

In terms of designing optimal materialized views,
(Baralis et al. 1997) proposed an algorithm that
reduces search space for searching for materialized
views by using heuristics information such as func-
tional dependency, hierarchical structure, and the size
of materialized views. In (Theodoratos et al. 1997),
when a submitted query is processedonly with ma-
terialized views, a method of minimizing the main-
tenance cost is proposed. (Shukla et al. 1998) im-
proved the algorithm for selecting materialized view
of a special cell with limited size in the literature of
data cube. Recently , (Agrawal et al. 2001)proposeda
method that designsmaterialized views and indexing
constraint with Microsoft SQL Server. This enables
to provide a materialized view by pruning the search
spaceof materialized view and merging two material-
ized views. However, such materialized views require
joining the samerelations. In (Chirk ova et al. 2001),
according to completenessof cost model view, com-
plexity of such a selection problem was theoretically
analyzed.

7 Conclusions

We have presented a novel method of automati-
cally developingdata warehousecon�guration in rule-
basedCRM systems. The proposedmethod can sig-
ni�can tly reducecost incurred in building and main-
taining data warehouse. Since the proposedmethod
enablesthe system to store only necessaryinforma-
tion in data warehouse,the data warehousecan be
highly utilized. Also, the method can e�ectiv ely
maintain data warehousecon�guration while re
ect-
ing new marketing campaignsover time. We believe
that our present approach signi�cantly will help to
build analytical CRM systemswith data mining ap-
plications in that the problem of building and main-
taining useful data warehousesremains to be one of
the greatest obstaclesto successfuldata mining. As
data warehousingis a greatly risky task that requires
a large amount of money and time, many data ware-
houseexperts havesuggesteda motto, \Think big but
start small", to data warehousedevelopers. And, the
proposedmethod �ts such a motto.

We are still the processof investigating techniques
for normalizing automatically generatedschemain or-
der to avoid data redundancy. The basic idea is that
two dimension tables such that their subjects are the
sameand their links are null can be combined into a
single table through SQL union operation.
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