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ABSTRACT

Data warehouses are helping resolve a major problem that has plagued decision
support applications over the years — a lack of good data. Top management at 3M
realized that the company had to move from being product-centric to being customer
savwy. In response, 3M built a terabyte data warehouse (global enterprise data
war ehouse) that providesthousands of 3M empl oyeeswith real -timeaccessto accur ate,
global, detailed information. The data warehouse underlies new Web-based customer
services that are dynamically generated based on warehouse information. There are
useful lessons that were learned at 3M during their years of developing the data
warehouse.
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INTRODUCTION

The information systems field has a long history of using computers to support
decision making. The 1960s saw management reporting systems, the 1970s witnessed
decision support systems (DSS) and the 1980s saw executiveinformation systems(EIS).
Throughout the 1990s and continuing on to today, there is great interest in online
analytical processing (OLAP), datamining, customer rel ationship management (CRM)
and other decision-support applications.

While there have been many successes with these applications, there have also
been many failures. A frequent reason for failure has been the absence of a solid data
infrastructure to support the applications. System developers simply could not access
the data that was needed to support the applications. The data was often “locked up”
in operational systems, either because of data ownership issues or the technical
difficulties of accessing needed data. Even when the data could be accessed, it was
typically “dirty.” Datawasmissing; dummy valueswereinfields(e.g., 999-99-9999 asa
SSN); fieldswere used for multiple purposes; primary keyswere reused; businessrules
wereviolated (e.g., aloanratelower than thelowest rate) and so on. Then therewasthe
problem of integrating the datafrom multi ple source systems. Either therewerenonunique
identifiers(e.g., multipleaccount numbers) or theabsence of an appropriate primary key.
Developers knew how to build the applications, but, without asolid datainfrastructure
in place, they were doomed to failure.

A response to the data infrastructure problem emerged in the late 1980s (Inmon,
1992). A few leading-edgefirmsinthetelecommunications, retail and financial services
industries devel oped data warehouses — large repositories of data created to support
decision making. Thesefirmswanted to usetheir customer dataasabasisfor competing
inthemarketplace. By knowing their customer well, they hoped to maintainand enhance
customer relationships, better meet customers’ needs and wants, and increase revenues
and profits. Over the next decade, most large- and many medium-sized firmsbegan data
warehousing initiatives. At the turn of the century, data warehousing had become one
of thetop two or three strategic initiatives (along with e-commerce) in the information
systemsfield (Eckerson, 1998).

Datawarehousesarebuilt becausethey promiseto provide organizational benefits.
They can generate cost saving through the consolidation of multiple, disparate decision-
support platforms; provide time savings for information technology professionals and
end users by making data easier to access and use; improve the quality of datathat is
availableto decision makers; support the redesign of business processes and enable new
businessinitiativesand strategies (Haley, Watson, & Goodhue, 1999). Datawarehouses
are challenging undertakings for both organizational and technical reasons (Crofts,
1998). On the organizational side, there must be executive sponsorship, management
support and participation, effective handling of data ownership issues and user partici-
pation in determining data requirements. On the technical side, new hardware and
software must be selected and implemented; data from source systems must be under-
stood, extracted, transformed and | oaded into the warehouse; appropriate data models
must be devel oped and implemented and users must be trained and supported on data
accesstools. Inthefollowing section, thearchitecturefor datawarehousing i s discussed.

In order to illustrate data warehousing in practice, a case study is presented. It
describes 3M and the business and systems drivers for the global enterprise data
warehouse (GEDW) that was developed. Next, the development of GEDW and its
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