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aBstract

This chapter provides a brief introduction to data mining, the data mining process, and its applica-
tions to manufacturing. Several examples are provided to illustrate how data mining, a key area of 
computational intelligence, offers a great promise to manufacturing companies. It also covers a brief 
overview of data warehousing as a strategic resource for quality improvement and as a major enabler 
for data mining applications. Although data mining has been used extensively in several industries, in 
manufacturing its use is more limited and new. The examples published in the literature of using data 
mining in manufacturing promise a bright future for a broader expansion of data mining and business 
intelligence in general into manufacturing. The author believes that data mining will become a main 
stream application in manufacturing and it will enhance the analytical capabilities in the organization 
beyond what is offered and used today from statistical methods.

intrOductiOn

There are many driven factors leading manu-
facturing companies to embrace manufacturing 
intelligent solutions. Among them are the rigorous 
customer specifications for designing, developing, 

and testing of products, the complexity of products, 
the need for rapid market response, the pressures 
of global competition, and the strict regulatory 
requirements. Competitiveness, productivity, and 
efficiency in the global economy will be affected 
by how manufacturing companies utilize their 
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computational resources for decision support 
processes beyond the traditional uses of those 
resources for just operation processes.  

Manufacturing companies are notorious for 
accumulating mountains of operational data 
from design, laboratory testing, engineering and 
research, manufacturing processes, and testing of 
final products. Some data bases collect operational 
and historical data of many years. How can manu-
facturing companies overcome the data barriers 
presented from these large and in many situations 
disparate and nonintegrated data bases? How can 
they leverage the large amounts of data to extract 
knowledge to support the decision making pro-
cess? The answers to these questions include the 
adoption of data integration and data mining. This 
last subject is the main focus of this chapter.

It has been said as a cliché that “today’s high-
tech world is drowning in data but is starved for 
knowledge”. That could also be applicable to 
manufacturing, as well as to other areas of sci-
ence and engineering. The gap between data and 
their analysis is growing, and opportunities for 
extracting valuable knowledge from those data 
are being lost. This is well expressed by NASA 
Ames, in the Web site of their Intelligent Data 
Understanding project.

Many scientists are deluged with data, and the 
gap between data collection and analysis is grow-
ing. Data can be archived for later use, but at a 
cost (including lost knowledge about the data). 
There are still LANDSAT data sets from the 70’s 
and 80’s that have not been analyzed. (NASA 
AMES, 2005)

To launch the new millennium, the Janu-
ary/February 2001 issue of Technology Review, 
MIT’s magazine of innovation, hailed data min-
ing as one of the top 10 technologies that will 
change the world in the 21st century (MIT, 2001; 
Van der Werff, T. J., 2001). These 10 emerging 
areas of technology have been predicted to have a 

profound impact on the economy and how we live 
and work. Data mining, since its most prominent 
emergence in late 1990s, has revolutionized ev-
erything from how companies monitor customers’ 
online purchasing habits and how supermarkets 
place products in their shelves, to how the federal 
government practices counterterrorism in the 
post 9/11 world. 

Data mining has been applied successfully 
in a wide range of businesses in the last decade. 
It is primarily used in retail, insurance, finance, 
banking, communications, and direct marketing 
(Braha, 2001; Han & Kamber, 2001). However, in 
manufacturing, the application of data mining has 
started only a few years ago. Factors attributed 
for slow start of data mining in manufacturing 
include academic researchers in data mining not 
being familiar with manufacturing, the majority 
of researchers in manufacturing are not familiar 
with data mining, and the restricted access or 
limitations to publish proprietary and sensitive 
enterprise data.

The available volumes of data in manufactur-
ing provide many opportunities for knowledge 
extraction with data mining. Some areas of en-
gineering and manufacturing where data mining 
has been used with great success, as reported in 
the literature, are fault diagnosis, process and 
quality control, process analysis, maintenance 
interval prediction, production and research 
process optimization, resource management, and 
process modeling.

 In just a few short years the application of data 
mining methods in manufacturing has proven very 
effective in improving both the quality of products 
and the quality of decision making. It has also 
provided substantial savings in time and money. 
One example of this is the Motorola Laborato-
ries’ experience in using data mining (Gardener 
& Bieker, 2000). On the other hand, there is no 
free lunch. Data mining projects may require a 
substantial investment. This is particularly true 
in organizations without well integrated data, or 
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