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segmentation, which is an important requirement for improved CRM.
The five steps are: (1) identifying objects that represent changes, (2)
determining changes in the class structure, (3) changing the class
structure by moving and/or creating classes, (4) identifying the
trajectories of classes, and (5) eliminating the unchanged classes.

Recognizing the importance of web mining for e-Business, Zhang et
al. (2004) mined customer behavior patterns from web logs, sales, and
customer information gathered in e-commerce web sites. Web logs were
first filtered and categorized based on a semantic taxonomy. Specifically,
they discovered association rules related to the visited web pages,
sequential patterns of visiting tracks, clusters of web users, a decision
tree with the class label being the buyer-flag, and an RBF neural network
prediction model for predicting customers’ revenue. Kohavi et al. (2004)
briefly reviewed the architecture of Blue Martini software’s e-commerce
suite and discussed the many lessons learned over the past four years
from mining retail e-commerce data for more than 20 clients and the
challenges that still need to be addressed.

Customer churn, a term used to indicate the propensity of customers
to cease doing business with a company, is a major concern for many
service providers. Two major characteristics of the customer churn
prediction problem are the relatively few negative examples (churn
customers) and the economic impact of prediction accuracy. Various data
mining techniques have been applied to predict customer churn. Mozer
et al. (2000) explored techniques from statistical machine learning
including logit regression, decision trees, neural networks, and boosting
to predict churn and, based on these predictions, to determine what
incentives should be offered to subscribers to improve retention and
maximize profitability to the carrier. Ng and Liu (2000) proposed a
solution that integrates various data mining techniques such as feature
selection via induction, deviation analysis, and mining multiple concept-
level association rules to form an intuitive and novel approach to gauging
customer loyalty and predicting their likelihood of defection.

To predict the likelihood of a subscriber to churn, Au et al. (2003)
proposed an algorithm called data mining by evolutionary learning
(DMEL). DMEL encodes a complete set of rules in a single chromosome
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and begins the evolutionary process by generating a set of first-order
rules, R;, (a rule with one condition only) by probabilistic induction.
Based on these rules, it then discovers a set of second-order rules, R,, in
the next iteration and based on the second-order rules, it discovers third-
order rules, etc. The iterative process goes on uninterrupted until no more
interesting rules in the current population can be identified. To determine
the fitness of a chromosome that encodes a set of [-th order rules, DMEL
uses a performance measure defined in terms of the probability that the
value of an attribute of a tuple can be correctly predicted based on the
rules in R = R; U ...uU Ry U (rules encoded in the chromosome being
evaluated). DMEL is capable of mining rules in large databases without
any need for user-defined thresholds or mapping of quantitative attributes
into binary attributes. However, it requires quantitative attributes to be
transformed to categorical attributes through the use of a discretization
algorithm. It was shown that DMEL was able to predict churn accurately
under different churn rates when applied to 100,000 real telecom
subscriber records. The experimental results showed that DMEL
outperformed neural networks, which in turn outperformed C4.5.

Hung et al. (2006) compared various data mining algorithms that can
assign a ‘propensity-to-churn’ score periodically to each subscriber of a
mobile operator. The results indicate that both decision tree (with and
without customer segmentation by k-means) and neural network
techniques can deliver accurate churn prediction models by using
customer demographics, billing information, contract/service status, call
detail records, and service change log. Qian et al. (2006) used a
functional mixture model to profile customer behavior in order to
identify and capture churn activity patterns. Based on the model, a five-
step procedure was proposed, which includes the following: (1)
standardizing profiles, (2) screening out uninterested (flat) profiles, (3)
projecting profiles into a feature space represented by a set of basis
functions (B-splines were chosen), (4) applying clustering algorithms to
the resultant coefficients in the feature space, and (5) identifying
interesting profiles.

Black and Hickey (2003) described the application of the CD3
decision tree induction algorithm (Black and Hickey, 1999) to telecom
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customer call data presented in batches to obtain classification rules. CD3
is robust against drift in the underlying rules over time: it detects drift
and protects the induction process from its effects. The central idea is that
a time-stamp is associated with examples and treated as an attribute
during the induction process. This attribute is used to differentiate
between those parts of the data which have been affected by drift from
those that have not. A removal technique called purging is applied to the
knowledge base following the concept drift to extract the now out-of-date
examples thus maintaining an up-to-date version of the database. Real
world call data of 1,000 customers over a period of twenty seven months
was presented to the algorithm in five batches to locate the drift and
highlight the changing properties within the customer profiles.

Daskalaki et al. (2003) described the process of building a predictive
model of customer insolvency through knowledge discovery and data
mining techniques in vast amounts of heterogeneous as well as noisy data
for a large telecommunication company. The data mining algorithms
they used were discriminant analysis, decision trees, and back-
propagation neural networks. The decision tree classifier produced the
best result in terms of the highest accuracy of detecting insolvent
customers and the lowest false alarms. Readers are referred to Chapter 3
for more details. Kim et al. (2006) carried out the association analysis for
a telecommunication service provider to determine the associations for
the services that enterprise customers are using.

Kim et al. (2005) investigated the effectiveness of an SVM approach
in detecting the underlying data pattern for the credit card customer churn
analysis. The results demonstrated that SVM outperformed back-
propagation neural networks. Zhao et al. (2005) introduced an improved
one-class support vector machine and applied it to a dataset provided by
a wireless telecom company which includes more than 150 variables
describing more than 100,000 customers. A comparison with other
methods such as ANN, decision trees, and naive Bayesian was also
made. Morik and Kopcke (2004) presented a complete knowledge
discovery process applied to insurance data and showed that better results
in terms of accuracy, precision, and recall could be obtained by using the
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TF/IDF (term frequency/inverse document frequency) representation
from information retrieval for compiling time-related features.

Lariveere and Van den Poel (2005) used random forests techniques to
investigate the effects of a broad set of explanatory variables, including
past customer behavior, observed customer heterogeneity and some
typical variables related to intermediaries on three measures of customer
outcome: next buy, partial-defection, and customers’ profitability
evolution. They analyzed a real-life sample of 100,000 customers taken
from the data warehouse of a large European financial services company
using two types of random forests techniques: random forests for binary
classification and regression forests for the models with linear dependent
variables. It was shown that both techniques offered better fit to the
estimation and validation samples compared with ordinary linear
regression and logistic regression models.

For a financial institution, customer credit is of much concern due to
the high risks associated with inappropriate credit decisions. Therefore,
credit scoring is gaining more and more attention as the industry can
benefit from reducing possible risks. Credit scoring can be cast as a
classification problem in order to assign credit applicants to either a
“good credit” group that is likely to repay financial obligation or a “bad
credit” group which has high possibility of defaulting on the financial
obligation. After examining a set of behavior data from a large UK bank
related to the status of current accounts over a twelve month period,
Adams et al. (2001) showed how conventional clustering approaches
(specifically the clustering algorithm clara in the S-plus language was
used) could be used to define broad categories of behavior, whereas
pattern search could be used to find small groups of accounts that exhibit
distinctive behavior.

Shi et al. (2002) described a data mining approach to classify the
credit cardholders’ behavior into two groups (good and bad) and three
groups (good, normal, and bad) through multiple criteria linear
programming implemented with SAS. Ong et al. (2005) employed
genetic programming (GP) to build credit scoring models. Continuous
attributes were discretized with a Boolean reasoning algorithm before GP
was applied. Whittaker ef al. (2005) presented a statistical analysis of a
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bank’s credit card database, focusing on those accounts that miss a single
payment on a certain month but subsequently recover. They introduced a
neglog transformation to highlight features that are hidden on the original
scale and to improve the joint distribution of the covariates. Quantile
regression, a novel methodology to the credit scoring industry, was used
as it is relatively assumption free and it is suspected that different
relationships might be manifest in different parts of the response
distribution.

To discriminate good creditors from bad ones, Wang et al. (2005)
proposed a fuzzy support vector machine that treats each sample as both
of positive and negative classes with different memberships based on the
argument that one customer cannot be absolutely good or bad. They
reformulated the fuzzy SVM training problem into a quadratic
programming problem. Memberships were generated from the credit
scores obtained by other methods such as linear regression, logistic
regression, and a BP-network. A major issue in its application to solve
high dimensional quadratic programming is the computational
complexity. Lee et al. (2006) explored the performance of credit scoring
on one bank credit card dataset using two commonly discussed data
mining techniques, i.e., classification and regression tree (CART) and
multivariate adaptive regression splines (MARS). The results indicated
that CART and MARS outperformed traditional discriminant analysis,
logistic regression, neural networks, and support vector machine
approaches in terms of credit scoring accuracy and misclassification
costs. Sexton et al. (2006) applied a GA-based algorithm called the
Neural Network Simultaneous Optimization Algorithm to a credit
approval dataset. The algorithm not only finds good solutions for
estimating unknown functions, but also correctly identifies those
variables that contribute to the model.

Loss of revenue due to fraud is a major concern to some service
enterprises. Fraud involves the use of false representation to gain an
unjust advantage. Fraud exhibits in a variety of different forms. Among
them, credit card fraud, ATM card fraud, mobile telecommunications
fraud, and computer intrusion tops the list of concern. Prevention
measures are often taken to prevent fraud from occurring; but they are
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not perfect. Thus, fraud detection is necessary to identify fraud as quickly
as possible once it has been perpetrated. Of course, it takes effort and
cost to detect fraud. In practice, some compromise has to be reached
between the cost of detecting a fraudulent case and the savings to be
made by detecting it. Bolten and Hand (2002) described the tools
available for statistical fraud detection and the areas in which fraud
detection technologies are most used. Fraud detection methods can be
supervised or unsupervised. Major considerations in building a
supervised tool for fraud detection include those of uneven class sizes
and different costs of different types of misclassification. Phua et al.
(2006) proposed a fraud detection method that uses a BP network,
together with naive Bayesian and C4.5 algorithms, on data partitions
derived from minority over-sampling with replacement. Table 1
summarizes most of the customer related data mining studies reviewed
above. In this table and hereafter, the items highlighted include data
mining goal, data sources and data type actually analyzed, data
preprocessing operations, data mining algorithms chosen, and software
programs used.

4.2  Sales Related

Bansal er al. (1998) used neural network based techniques to predict
demands more accurately in order to solve the problem of inventory (set
at three-weeks of supply) in a large medical distribution company. To
handle the data scarcity problem for items sold infrequently, a data
transformation was carried out to compute the new time series X/i/ " from
old ones X[i] as X[i ]':X[ iJ+uX[i-1], where u is some numerical factor.
The transformation enables the retention of non-zero sales items for a
longer period of time. A trial and error process was followed to find the
best neural network configuration based on three coefficients: Pearson
Correlation Coefficient, Normalized Mean Square Error, and Absolute
Error.
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Table 1. Summary of customer related data mining studies.

Reference | Goal Databases/Data Data size Preprocessing Data Mining Software
Description actually used Algorithm
Au et al. To predict the Telecom subscriber 100,000 Discretization Evolutionary
(2003) likelihood of a data subscribers computation
subscriber to (DMEL)
churn
Black and To determine Telecom customer 1,000 Attribute selection | CD3 decision
Hickey the change of and call data customers over a | and discretization | tree induction
(2003) customer period of 27 algorithm
profiles months
Chen et al. | To discover Call records OLAP Oracle
(2000b) calling patterns Express
Cox (2002) | To learn the Survey data and Stepwise variable | Regression The
predictive model | customer data selection models, Knowledge
of customer classification -Seeker
behaviors over trees, and causal
time graph models
Crespo and | To segment ColL Challenge 5-feature data Fuzzy c-means
Weber customers 2000 (5,822 based dynamic
(2005) customers with each clustering

described by 86
features)
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Table 1. Summary of customer related data mining studies (cont’d).

Reference | Goal Databases/Data | Data size Preprocessing | Data Mining Software
Description actually used Algorithm
Daskalaki To classify Static customer 2,066 cases with Synchronization | Discriminant
et al. (2003) | customers into | data and call detail | 46 attributes each | of data, analysis
solvent and records elimination of Decision trees
insolvent records, Backpropagation
classes stepwise feature | neural networks
selection
Ha et al. To analyze Customer data 2,036 customers SOM and Markov
(2002) customer (RFM values) over chain analysis
behavior time of a retailer
patterns
Hung et al. To predict a Wireless telecom 160,000 Variable C5.0 and BP
(2006) subscriber’s data subscribers selection by neural network
‘propensity to interviewing
churn’ human experts
Kim et al. To classify Credit card data 4,650 customers Missing values SVM
(2005) whether a with each having filtered
customer will 7 predictors and
churn or not one binary
response variable
Lariveere To investigate Financial service 100,000 Random forest
and Van den | the effect of customer data customers and regression
Poel (2005) variables on forest

customer
outcome
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Table 1. Summary of customer related data mining studies (cont’d).

Reference | Goal Databases/Data | Data size Preprocessing Data Mining | Software
Description actually used Algorithm
Lee et al. To classify credit | Bank credit card 8,000 customers CART 4.0 and Salford
(2006) applicants dataset with 9 inputs and MARS 2.0 Systems
one output
Morik and | To predict churn Insurance policy 10-fold cross- Variable selection | Apriori, J48,
Kopcke of insurance and customer data | validation on and and Naive
(2004) policies 10,000 examples transformation Bayes
Mozer et To predict churn Wireless telecom | 46,744 primarily Data standardized. | Logit
al. (2000) and offer customer and call | business Feature regression,
incentive for data subscribers, all of representation decision tree,
maximum which had multiple | with expert’s neural network,
profitability services input and boosting
Ng and Liu | To predict Transactional More than 40 Feature selection Association
(2000) customer loyalty database attributes and rules
and their 60,000 periodical
likelihood of records
defection
Ong et al. To build credit UCI data bases Australian credit Discretization Genetic
(2005) scoring models scoring data and programming

German credit data
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Table 1. Summary of customer related data mining studies (cont’d).

Reference | Goal Databases/Data | Data size Preprocessing | Data Mining Software
Description actually used Algorithm

Qian et al. To detect Telecom customer 1,787 customers | Standarized to Gaussian mixture
(2006) churn activity data over time over 24 months | the range model with number

patterns of clusters

determined by BIC
Phua et al. To detect fraud | Auto insurance data | 11,338 Deriving new BP, Naive
(2006) examples with attributes from Bayesian, C4.5
6% fraudulent existing ones

Sexton et al. | To classify UCI credit 690 records A GA-based
(2006) whether to screening dataset with 51 inputs algorithm

grant a credit and 2 outputs

card
Wang et al. To select a KDD98 95,412 records Discretization of | Association rules
(2005a) subset of competition data for learning and | continuous

customers for 96,367 records variables

direct for validation

marketing
Wang et al. To Credit card 3 datasets. The Fuzzy SVM
(2005b) discriminate applicants data largest contains

good creditors
from bad ones

1,225 applicants
with 12
variables each
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(Lavielle, 1998). To prevent false alarms, two complementary
approaches were used with one based on the theory of shuffling a deck of
cards and another based on bagging and hypothesis testing. Three
examples with known solutions were presented to show that the Bayesian
method was efficient in highlighting the defective stage but more likely
to involve false alarms. Optimal segmentation was also efficient but it
required more parameters to be fixed than the Bayesian method did.

Last and Kandel (2002) presented a novel, fuzzy-based method for
automating the cognitive process of comparing frequency histograms
obtained from an engineering experiment for process improvement at a
semiconductor factory. The method involves first calculating the
membership grades of per-interval proportion differences in the “small”
and the “bigger” fuzzy sets and then evaluating the overall shift between
the compared distributions with three possible outcomes: positive shift,
negative shift, and no shift. The method was found to provide a more
accurate representation of the experts’ domain knowledge than several
statistical tests.

Considering time series to be composed of segments between change
points, Ge and Smyth (2000) formulated the problem of change point
detection in a segmental semi-Markov model framework where a change-
point corresponds to state switching. This segmental semi-Markov model
is an extension of the standard hidden Markov model (HMM), from
which learning and inference algorithms are extended. The semi-Markov
part of the model allows for an arbitrary distribution of the location of the
change point (equivalently, state duration) whereas the segmental part
allows for flexible modeling of the data within individual segments. The
proposed method was shown to be useful to detect the end of the plasma
etch process which is quite important for reliable wafer manufacturing.

Braha and Shmilovici (2002) applied three classification-based data
mining methodologies to better understand the laser cleaning
mechanisms for removing micro-contaminants harmful to wafer
manufacturing, and to identify the attributes that are significant in the
cleaning process. Two groups of input variables were considered: energy
factors with 7 variables and gaseous flow factors with 4 variables. The
performance of the cleaning process was measured by percentage of
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particles moved from the original location (%Moval) and percentage of
particles removed from the target wafer (%Removal). The two
performance indices were continuous and were converted into a finite
number of discrete classes before applying the three methodologies:
decision trees, neural networks, and composite classifiers. Some
experimental data were used in the study and the results indicated that the
strategy of building a diverse set of classifiers from different model
classes performed better than other strategies.

Braha and Shmilovici (2003) performed an exploratory data mining
study of an actual lithographic process, which was comprised of 45 sub-
processes. Based on the records of 1,054 unique lots of 13 different 0.7-
micron products, a decision tree induction algorithm called C4.5
implemented in the KnowledgeSEEKER environment was employed to
enhance the understanding of the intricate interactions between different
processes, and to extract high-level knowledge that can be used to
enhance the overall process quality. Given a historical dataset of wafer
input variables and their corresponding critical dimension (CD) classes, a
decision tree was induced that could identify the CD class to which a new
set of input variables is most likely to fit. Braha et al. (2007) developed a
model for evaluating classifiers in terms of their value in decision-
making. Based on the decision-theoretic model, they proposed two robust
ensemble classification methods that construct composite classifiers,
which are at least as good as any of the component classifiers for all
possible payoff functions and class distributions. They showed how these
two robust ensemble classification methods could be used to improve the
prediction accuracy of yield and the flow time of every batch in a real-
world semiconductor manufacturing environment.

Lada et al. (2002) proposed a general procedure for detecting faults in
a time-dependent rapid thermal chemical vapor deposition (RTCVD)
process based on a reduced-size dataset, which had the following steps:
(a) data reduction; (b) construction of the nominal (in-control) process
data model; (c) development of the process fault detection statistic; and
(d) application of the test statistic to detect potential process faults.
Furthermore, the data reduction step is consisted of two sub-steps: (1)
selecting wavelet coefficients by working with a single dataset based on a
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method that effectively balances model parsimony against data
reconstruction error; and (2) deciding on a data-reduction strategy for all
replicates, where each replicate is a different set of signals collected form
an independent, identically distributed instance of the same in-control
process. The nominal process model is approximated by using the
selected coefficients. If the original data are normally distributed, a
variant of the classical two-sample Hotelling’s T>-statistic adapted to the
reversed jackknife sampling scheme is used to test whether the estimated
wavelet coefficient vector for the new process is in control. A
nonparametric procedure is applied when the original datasets are non-
normal; interested readers are referred to the original paper for more
details.

Jeong et al. (2006) experimented with a tree-based classification
procedure, CART, for identifying process fault classes from
semiconductor fabrication data, reduced with a new data reduction
method based on the discrete wavelet transform to handle potentially
large and complicated non-stationary data curves. Their data reduction
method minimized an objective function which balances the trade-off
between data reduction and modeling accuracy.

Gibbons et al. (2000) discussed research involving the
implementation of data mining techniques to achieve a greater level of
process control using a predictive model. They first carried out principal
component analysis on over one hundred wafer process parameters and
then built a predictive model using partial least squares regression and a
feed-forward backpropagation three layer neural network. For fault
detection and operation mode identification in processes with multimode
operations, Chu et al. (2004b) proposed a method which employed a
SVM as a classification tool together with an entropy-based variable
selection method. They gathered a dataset of 1,848 batches from a rapid
thermal annealing process in which a wafer is processed for about 2
minutes. To monitor the process condition, seven process variables were
measured once every 3 seconds (the number of measurement in one batch
run was 43), resulting in 301 total numbers of variables. Sixty-two
variables were selected to build 3 SVM classifiers with 1,000 batch data

RECENT ADVANCES IN DATA MINING OF ENTERPRISE DATA: ALGORITHMS AND APPLICATIONS
© World Scientific Publishing Co. Pte. Ltd.
http://www.worldscibooks.com/compsci/6689.html



Chapter 1. Enterprise Data Mining: A Review and Research Directions 63

(one for each mode). Considerably lower errors than that of the
traditional PCA-based fault detection method were reported.

Kot and Yedatpre (2003) described how e-diagnostics capabilities
combined with proven enterprise data mining technology could help
pinpoint the specific critical process conditions and variables that affect
process control.

Kusiak (2001) presented a rough set theory based rule-restructuring
algorithm to extract decision rules from datasets of different types
generated by different sources, in support of making predictions in the
semiconductor industry. The structural quality of extracted knowledge
was evaluated with three measures. They are: (1) a decision support
measure (DSM), (2) a decision redundancy factor (DRF), and (3) a rule
acceptance measure (RAM). DSM is the total number of rules or the
number of objects from the training set supporting a decision. DRF is the
number of mutually exclusive feature sets associated with the same
decision. RAM reflects the user confidence in the extracted rules. The
prediction quality such as classification accuracy of a rule set was
evaluated with one of the following three methods: partitioning,
bootstrapping, and cross validation. Table 6 summarizes all of the
process related data mining studies for the semiconductor industry
reviewed above.

4.6.2  For the Electronics Industry

Apté et al. (1993) employed five classification methods (k-nearest
neighbors, linear discriminant analysis, decision trees, neural networks,
and rule induction) to predict defects in hard drive manufacturing. Error
rates at a critical step of the manufacturing process were used as input to
identify knowledge of two classes (fail or pass) for providing further
assistance to engineers. Biichner et al. (1997) described three case studies
of successful use of data mining in fault diagnosis. The first study
involved building a model using the C4.5 algorithm from process data in
order to identify a lapse in the production of recording heads. The second
and third studies were identical to those reported by Saxena (1993) and
Apté et al. (1993), respectively.
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Table 6. Summary of process related data mining studies for the semi-conductor industry.

Reference | Goal Databases/Data | Data size Preprocessing | Data Mining Software
Description actually used Algorithm
Bergeret & | To identify Process dates of A Bayesian
Le Gall the process all process stages method
(2003) stage related
to yield drift
Bertino et To detect the | Process database 80-90 lots of Graph-based ESQL/C of
al. (1999) certain or with each tuple process data algorithm Informix data
uncertain containing info management
causes of about a given system
failure process step
Besse & Le | To detect a Bayesian and
Gall (2005) | defective optimal
stage segmentation
Braha et al. | To predict Semiconductor 1,378 batches of | Discretization of | Nine classifiers
(2007) yield and manufacturing yield data and real values with five
flow time batches 1,635 batches of composite ones
flow time data
Braha & To identify Process data with Real-valued C4.5, BP network,
Shmilovici | significant each record responses and composite
(2002) attributes in a | having 11 inputs converted into classifiers
cleaning and 2 outputs discrete (stacked-
process numbers generalization and
Adaboost)
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Table 6. Summary of process related data mining studies for the semi-conductor industry (cont’d).

Reference Goal Databases/Data | Data size Preprocessing | Data Mining | Software
Description actually used Algorithm
Braha and To discover Lithography 1,054 lots of 13 Missing data Decision trees | Knowledge
Shmilovici complex process data with | different 0.7- treatment and (C4.5) -SEEKER
(2003) interactions each having 9 micron products discretization of
among the inputs and a few numeric values
inputs and outputs
outputs
Chen and Liu | To identify Each wafer is a 35 wafers for Transformation | ART1 and
(2000) spatial patterns vector of 294 training and 35 of data SOM
of wafer defects | binary features simulated for coordinates
indicating a defect | testing
die or not.
Chen et al. To discover the | Wafer Nine datasets with | Transform raw Association
(2004) root cause of manufacturing varying products, | datainto a rule mining
defects (the data stages, and manufacturing and
machine-set machines process relation | interestingness
correlated to measure
defects)
Chien et To find the root | Wafer CP test data of 77 | Data integration, | K-W test, k-
al.(2007) causes of low manufacturing lots cleaning, and means, and
yield data transformation decision trees
Chu et al. To detect fault 1,848 batches of 1,000 batches for | Entropy-based SVM
(2004b) and operation 7-variate process training and 848 variable
mode data for testing selection
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Table 6. Summary of process related data mining studies for the semi-conductor industry (cont’d).

Reference | Goal Databases/Data | Data size Preprocessing Data Mining Software

Description actually Algorithm

used
Cunninghm | To detect Hough Statistical
& collinear spatial transformation
MacKinnon | wafer defect
(1998) patterns
Gardner To identify Wafer 17,246 entries SOM and rule CorDex
and Bieker | critical poor manufacturing of 133 induction (Motorola
(2000) yield factors data parameters internal)
Ge and To detect Single channel One run with Sequential semi-
Smyth change points in | spectrometer one change Markov model
(2000) a process output point
Gibbons ez | To achieve a Inputs include Principal Partial least Unscrambler
al. (2000) greater level of | process component analysis | square regression
process control parameters, two and BP neural

plasma machine networks

measurements,

and output is the

test result
Han et al. To classify Chip level wafer Adjusting the grade | C4.5 (with the SAS E-
(2005) failure patterns data of unit block entropy index) Miner
Hsu and To cluster defect | Wafer bin maps 138 maps Data integration, Spatial statistics
Chien patterns cleaning, & ART1
(2007) transformation;

Denoising
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Table 6. Summary of process related data mining studies for the semi-conductor industry (cont’d).

Reference | Goal Databases/Data | Data size Preprocessing Data Mining Software
Description actually used Algorithm
Jeong et al. To detect faults Rapid thermal Discrete wavelet CART
(2006) chemical vapor transform based
deposition process data reduction
data
Karim et al. To differentiate | Wafer data 133 parameters Noise reduction, Growing self-
(2006) good and faulty by 16,381 data transformation | organizing map
products entries from categorical to
numerical, variable
removal
Kusiak To extract Data containing 2 small Rough set based
(2001) meaningful rules | numerical and examples rule
from data categorical restructuring
attributes algorithm
Lada et al. To detect faults Numerical data 21 in-control Discrete wavelet Hypothesis
(2002) in a time- collected by runs and 421 in- | transform for data testing
dependent sensors or product | control runs and | reduction
RTCVD process | testing devices 4 induced-fault
over time runs
Lee et al. To design an in- | 200 wafers with 431 records of Data normalization SOM, followed
(2001) line sampling 431 locations 11-dimensional by statistical

method for
process
monitoring

within the wafer
and 11 probe test
bins

vectors

test, and
visualization of
SOM weight
vectors
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Table 6. Summary of process related data mining studies for the semi-conductor industry (cont’d).

Reference | Goal Databases/Data | Data size Preprocessing Data Mining Software
Description actually Algorithm
used
Rietman er | To identify Wafer production | 111,117 Data preprocessed | Neural network with
al. (2001) processes to data records each normalized for forward gating and
increase yield with 181 fields | some fields backward gating
Saxena Fault diagnosis | Wafer tracking Association rules,
(1993) databases domain filters,
interestingness
evaluator
Wang et al. | To identify Real and synthetic Denoising Fuzzy c-means,
(2006) spatial defect wafer samples of hierarchical linkage,
patterns DRAM decision trees
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Chapter 1. Enterprise Data Mining: A Review and Research Directions 69

Kusiak and Kurasek (2001) used rough set theory to identify the
causes of soldering defects in a printed-circuit board assembly process.
Special attention was paid to feature selection, data collection, extraction
of three rule sets (rules for defect occurrence, rules for defect non-
occurrence, and approximate rules for the occurrence of ambiguous
outcomes under the same set of conditions), and knowledge validation.
The presence of approximate rules indicates that the feature set
considered was insufficient and additional features were needed to be
defined.

Tseng et al. (2004) presented a new heuristic algorithm, called
extended rough set theory, for identifying the most significant features
and deriving a set of decision rules simultaneously that explain the cause
of soldering ball defects. Zhang and Apley (2003) proposed an MLPCA
(maximum-likelihood principal component analysis) logistic regression
clustering algorithm and applied it to identify the two underlying
variation sources which govern the variation pattern among more than
3,000 soldering joints in a selected region of printed circuit boards
(PCBs).

Maki and Teranishi (2001) developed an automated data mining
system designed for quality control in manufacturing and discussed three
characteristic functions of the system: (a) periodical data feeding and
mining involving data transformation, discretization, and rule induction
by the CHRIS algorithm; (b) storage and presentation of data mining
results through the Web on the factory intranet; and (c) extraction of
temporal variance of data mining results, which involves comparing the
rank of each rule in the newer rule lists with that of the corresponding
rule in the older lists in terms of their u-measure values and recognizing a
change in rank as a “rise”, a “fall”, or a “stay”. The u-measure evaluated
the significance of each rule. The system was applied to liquid crystal
display fabrication to show its usefulness for rapid recovery from
problems of the production process. Table 7 summarizes most of the
process related data mining studies for the electronics industry reviewed
above.
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Table 7. Summary of process related data mining studies for the electronics industry.

Reference | Goal Databases/Data Data size Preprocessing | Data Mining Software
Description actually Algorithm
used
Apté et al. To predict Error rates of k-nearest
(1993) processing processing steps neighbors, linear
defects discriminant
analysis, decision
trees, neural
networks, and
rule induction
Biichner e | To uncover the Production process Converting C4.5
al. (1997) causes of a lapse | data date/time fields
in the into numerical
production of values
recording heads
Kusiak and | To identify the PCB assembly 2,052 PCBs Rough set theory
Kurasek cause of process data with 14 | out of which
(2001) soldering input variables, and 89 are
defects in a binary output defective
circuit board (soldering balls
present or absent)
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Table 7. Summary of process related data mining studies for the electronics industry (cont’d).

Reference | Goal Databases/Data | Data size Preprocessing Data Mining Software
Description actually Algorithm
used
Maki and To cue Records of the Data Characteristic rule
Teranishi engineers in events occurred in a transformation induction by
(2001) finding the LCD and discretization | subspace search
causes of manufacturing of numerical (CHRIS)
problems process values
Tseng et al. | To identify Extended rough sets
(2004) the causes of
soldering ball
defects
Zhang and | To identify Soldering joints on A MLPCA
Apley the PCBs (maximum-
(2003) underlying likelihood principal
variation component analysis)
sources logistic regression

clustering algorithm
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72 Recent Advances in Data Mining of Enterprise Data

4.6.3 For the Process Industry

Milne et al. (1998) described a data mining application that used an
induction method to build a decision tree model from average process
data for predicting paper defects. Wang et al. (1997) reported an
application of probabilistic networks and decision trees (C5.0) for
learning about failure diagnosis of process units in the process industry
by extracting knowledge in the form of rules from databases made up of
previous cases. The extracted rules can be used either by human experts
or in building expert systems. Each historical case is comprised of a
number of binary attributes.

To explore the applicability of data mining techniques to computer-
aided process decision support, Wang and McGreavy (1998) employed a
Bayesian unsupervised classification method, i.e. AutoClass, to
automatically cluster the data into classes corresponding to various
operational modes. Forty two cases were generated. For each case, six
process parameters were chosen and for each parameter 60 data points
were recorded in a single run. The data were thus formulated as a 360 x
42 matrix. The clustering results of five classes were obtained by
AutoClass and were discussed.

Sebzalli and Wang (2001) presented an industrial case study which
used principal component analysis (PCA) and fuzzy c-means clustering
to identify operational spaces and develop operational strategies for
manufacturing desirable products. Analysis of 303 records of 14-variate
data collected from a refinery fluid catalytic cracking process revealed
that the data could be projected to four operational zones in the reduced
2-dimensional plane, with three corresponding to three different product
grades and the fourth to a changeover zone. The most important variables
responsible for the observed operational spaces were identified and
accordingly some strategies were developed for monitoring and operating
the process in order to be able to move the operation from producing one
product grade to another, with minimum time delays.

Singhal and Seborg (2002) proposed a pattern matching methodology
to locate periods of historical data similar to the snapshot data, without
the knowledge of starting and ending times of the various operating
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conditions in the historical database. A window of the same size as the
snapshot data was moved through the historical data by w observations at
atime. Setting w to be equal to a range, from 1/10 to 1/5, of the snapshot
data was found to provide a satisfactory tradeoff between accuracy and
computational load. Historical data windows with the largest values of
the similarity factors were collected in a candidate pool for further
inspection by a person familiar with the process. For dataset comparison
a distance similarity factor was defined as the probability that the center
of the historical dataset is at least some distance away from the snapshot
dataset. The distance was computed using singular value decomposition.
An average of two metrics, the pool accuracy that characterizes the
accuracy of the candidate pool and the pattern matching efficiency that
characterizes how effective a pattern matching technique has been in
locating similar records in historical database, was used as a measure of
the overall effectiveness of pattern matching.

Meel et al. (2003) employed the Gustafson-Kessel fuzzy clustering
algorithm to classify step-like disturbances in a dynamic space. For the
rejection of unmeasured disturbances, they proposed deploying
composite controllers that were built by fuzzy aggregation of the
individual controller actions. The methodology was validated using
close-loop simulation involving a nonlinear, multivariate continuous
stirred tank reactor process in normal and four measured disturbance
modes.

For dynamic event recognition and fault diagnosis, Roverso (2002)
described the ALADDIN methodology which combined techniques such
as recurrent neural network ensembles, wavelet on-line pre-processing,
and autonomous recursive task decomposition in an attempt to improve
the practical applicability and scalability of this type of system to real
processes and machinery. Srinivasan et al. (2004) proposed a two-step
clustering method for efficient and automatic identification of different
process states using large historical datasets. The method first involved
classifying process states into modes corresponding to quasi-steady states
and transitions by using a PCA-based Hamming distance. Dynamic PCA-
based similarity measures were then used in the second phase to compare
the different modes and the different transitions, and to cluster them
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74 Recent Advances in Data Mining of Enterprise Data

separately by thresholding. = Dynamic PCA consists of applying

traditional PCA to the extended data matrix that augments the original

data matrix with time-lagged variables to account for the autocorrelation.
To analyze multi-variate process data, Aboyni et al. (2005) proposed

a clustering algorithm for the simultaneous identification of local

probabilistic PCA models, used to measure the segment homogeneity,

and fuzzy sets, used to represent the segments in time. The proposed
clustering-based segmentation algorithm has the following steps:

(1) Uniformly segment the data into a large number of segments and
determine the number of principal components based on the analysis
of the eigenvalues of these segments.

(2) Set the appropriate parameters.

(3) Execute the clustering algorithm. The cluster merging must be
evaluated after a predefined number of iteration steps. The algorithm
stops if the termination tolerance is reached and additional cluster
merging is not necessary.

It was shown that the proposed algorithm could be applied to extract
useful information from temporal databases, e.g. the detected segments
could be used to classify typical operational conditions and to analyze
product grade transitions.

To uncover possible causes for major problems occurring in the
quality of the product produced in a batch drying process, multivariate
statistical methods were used (Garcia-Muiioz et al.,, 2003). The batch
data included three sets of variables: (a) initial product condition
including 10 chemical variables and the weight, (b) 10 process variable
trajectories, and (c) 11 product quality variables. They first built a PCA
model on the final product properties to classify product quality. Before
further analysis, the trajectories were first aligned using prior knowledge
of the process. Then, they built partial least squares (PLS) regression
models to relate final product quality to the aligned process trajectories
and initial condition variables. The results of the analysis were shown to
be useful for suggesting process improvements.

Chu et al. (2004a) proposed a bootstrapping-based variable selection
method for the improvement of the quality estimation performance and
knowledge extraction in a batch process. The variable selection method
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was performed with a search algorithm, i.e., sequential forward floating
selection, based on a selection criterion. To evaluate its performance, the
proposed method was applied to an industrial polymerization process for
producing PVC and was compared with an existing multi-way partial
least squares (MPLS) method. The results showed that the proposed
method required much higher computational cost than MPLS. Therefore,
the proposed method is effective only when a more accurate prediction
performance is required.

To develop a better Operator Support System (OSS), Pach et al.
(2006) proposed the integration of heterogeneous historical data taken
from various production units into a data warehouse, designed the data
warehouse based on the synchronization of the events related to the
heterogeneous information sources, and showed that the designed data
warehouse could be used not only for generating reports and executing
queries, but also for supporting the analysis of historical data, process
monitoring, and data mining applications. This process-focused data
warehouse is called process data warehouse. It differs from the traditional
data warehousing strategy in that not only historical data are integrated
but also real-time data that represent the current status of the process are
effectively handled. Multivariate statistical-based approaches, such as
PCA and PLS, are incorporated into the OSS to reduce the
dimensionality of the correlated process data by projecting them down
onto a lower dimensional latent variable space where the operator can be
easily visualized. They illustrated the concept by an industrial case
study, where OSS was designed for the monitoring and control of a high
density polyethylene plant with nonlinear processes modeled by the first
principle and by neural networks for product quality estimation. Table 8
summarizes all of the process related data mining studies for the process
industry reviewed above.
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Table 8. Summary of process related data mining studies for the process industry.

Reference Goal Databases/Data | Data size actually | Pre- Data Mining Software
Description used processing Algorithm
Aboyni et al. | To analyze 10-variate 160 hours operational | Principal Fuzzy clustering
(2005) historical polymerization data that include component (modified Gath-
multi-variate | reactor data three product analysis Geva)
process data transitions
Chu et al. To improve 40-batch of PVC 30 different sets of Normalization | Partial least
(2004a) the process data bootstrap data to zero mean squares via
performance generated from the and unit bootstrapping-
of quality 40 samples variance based generalized
estimation variable selection
Garcia- To uncover Initial product Alignment of PCA model for MACSTAT
Muiloz et al. | possible condition (11 trajectories by | product quality v4 and
(2003) reasons for chemical variables using prior classification and | BatchSPC
quality + weight), 10 knowledge PLS regression v2
problems process variable models to relate (MATLAB
trajectories, and 11 quality to process | tool boxes)
final chemical variables and
properties initial condition
Meel et al. To classify A multivariate 2,500 data points (5 Gustafson-Kessel
(2003) process continuous stirred modes with 500 data fuzzy clustering
disturbances | tank reactor process | points each. Five

modes (normal +
four disturbances)
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Table 8. Summary of process related data mining studies for the process industry (cont’d).

Reference Goal Databases/Data | Data size Pre- Data Mining Software
Description actually used | processing Algorithm
Milne et al. To predict Process data Rule induction
(1998) paper defects
Pach et al. To develop a Heterogeneous Dimension Process data
(2006) better historical reduction warehouse,
Operator production data multivariate statistical-
Support based approaches such
System as principal component
analysis (PCA) and
partial least square
(PLS)
Roverso Dynamic The ALADDIN
(2002) event methodology that
recognition combines techniques
and fault such as recurrent
diagnosis neural network
ensembles, wavelet on-
line pre-processing,
and autonomous
recursive task
decomposition
Sebzalli and | To identify Data from a 303 records with | Dimension Fuzzy c-means
Wang (2001) | operational refinery fluid each having 14 reduction by
zones catalytic cracking variables PCA

process
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Table 8. Summary of process related data mining studies for the process industry (cont’d).

Reference Goal Databases/Data Data size Pre- Data Mining Software
Description actually used processing Algorithm
Singhal and To generate a | Continuous stirred tank | 14-variate time Multivariate
Seborg candidate reactor process series with each statistical
(2002) pool of operation simulated for | snapshot of 1024 techniques such
similar 463 operation periods samples. A set of as PCA and SVD
periods of (409 abnormal) over 28 snapshots was and unsupervised
operation 39 days. used for pattern clustering
matching.
Srinivasan et | To identify Multivariate process Normalization | PCA and dynamic
al. (2004) different data (fluidized of each PCA
process states | catalytic cracking & variable
Tennessee Eastman)
Wang et al. Mining of Compressor and 356 compressor Probabilistic
(1997) failure process failure cases failures with 12 networks and
diagnosis with each having 12 attributes and 864 decision trees
rules and 13 binary patterns of a fluid (C5.0)
attributes, respectively | catalytic cracking
process
Wang and To identify Process operational 42 cases of 6- Bayesian AutoClass
McGreavy process data variate profiles clustering
(1998) upsets with 60 points

each (360 x 42
matrix)
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4.6.4 For Other Industries

Kusiak (2002) used rough set theory to derive associations among control
parameters and the product quality in the form of decision rules for a
metal forming process. He also developed an integer programming model
for the selection of control signatures that lead to good quality products,
for the cases involving large numbers of rules and features. For in-
process diagnosis of a stamping process, Jin and Shi (1999) developed a
methodology for automatic wavelet-based feature extraction and feature
subset selection based on a criterion of class separatability. A two-step
analysis was proposed to enable the knowledge accumulation of process
faults whenever a new process fault was identified. Their two-step
analysis first involved the identification of the closest cluster for a newly
detected fault using a piecewise linear classifier, then testing to determine
whether a new fault cluster needed to be formed or not.

The dimensional quality of a sheet metal assembly is commonly
represented by 150-300 dimensional characteristics measured by a
coordinate measuring machine. Lian et al. (2002) proposed a data
mining driven decision support system, with which the dimensional
variation causes could be identified quickly. The system used correlation
analysis and maximal tree methods to extract large variation groups,
principal component analysis to discover principal variation patterns, and
a decision tree for variation cause reasoning. The main variation causes
considered include failure of a welding fixture, variation of stamping
parts, variation of process parameters, and poor workmanship.

Porzio and Ragozini (2003) proposed a visual data mining strategy to
mine large and high-dimensional off-line datasets. Their strategy allows
users to achieve a deeper understanding of the process through a set of
linked interactive graphical devices, which include: (1) an rCUSUM
chart for the identification of retrospective rational subgroups, (2) a
Subgroup Mean chart to aid in the evaluation of differences among the
means of each retrospective rational subgroup, (3) a Subgroup
Interquartile chart to graphically compare the variability among groups,
and (4) a correlation Pareto chart to visually identify the variables that

RECENT ADVANCES IN DATA MINING OF ENTERPRISE DATA: ALGORITHMS AND APPLICATIONS
© World Scientific Publishing Co. Pte. Ltd.
http://www.worldscibooks.com/compsci/6689.html



80 Recent Advances in Data Mining of Enterprise Data

mainly lead to the decay of process quality. The strategy was illustrated
with an industrial process case study, in which data are real-time
measurements on 68 key points of the surfaces of bodies of vehicles,
taken from a production plant of a European car industry. Readers are
referred to Chapter 9 for a nonparametric multivariate control chart that
these authors recently developed.

By transforming the change-point problem into building a supervised
learner with time as the output and process characteristics as inputs, Li e?
al. (2006) proposed a tree-based supervised learner, specifically a
random forest, to detect change points caused by mean-shift in a
multivariate distribution without assumptions regarding the form of the
distribution and the number of change points.

Peng (2004) presented a fuzzy induction learning method (a fuzzy
decision tree) and applied it to generate fuzzy rules for diagnosing the
conditions of a tapping process. Five classes of tapping process
conditions were distinguished. Eight features were generated from data
collected from the sensors of thrust force and torque. A 3-fold cross-
validation study was carried out based on a total of 120 data records (24
records for each class) to show that the proposed method fairs better than
C5.0. Hur et al. (2006) presented an intelligent manufacturing process
diagnosis system that was built using a hybrid data mining method and
proposed it for a coil-spring manufacturing process as a case study. The
hybrid learning method had two parts: a decision tree (DT) and an
evolutionary strategy (ES). The initial cause-and-effect rules for the
manufacturing process condition were inferred by the DT. ES learning
was carried out with the dataset belonging to the lead node which had an
accuracy rate lower than the overall accuracy rate of the DT.

Gertosio and Dussauchoy (2004) described how a French truck
manufacturer used the KDD method to exploit the datasets of measures
recorded during the test of diesel engines manufactured on their
production lines. The goal was to discover “knowledge” in the data of the
test engine process in order to significantly reduce (by about 25%) the
processing time. To build a regression model with the data, the software
LPSTAT developed by the Renault Research Department was used.
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Shi et al. (2004) presented two case studies to illustrate the concurrent
application of artificial neural networks and a virtual design of
experiments to quality improvement. One case was related to a chemical
manufacturing process and the other involved the machining of PCB
slots by a milling cutter. A neural model was built for each individual
response of interest in either case. Therefore, their models failed to
capture the functional relationships between process parameters and
multiple responses, rendering them inadequate to identify factors for
simultaneously achieving multiple objectives. Huang and Wu (2005)
used a decision tree to analyze the factors that affect the percentage of
defectives in the ultra-precision manufacturing industry.

Yu et al. (2003) developed an online imaging system for monitoring
and controlling product quality (specifically coating concentration and
distribution) of several industrial snack food processes. The
methodology first extracted feature information from color images (32
features were extracted from each image) using multivariate image
analysis based on principal component analysis. The extracted features
were then used to develop partial least squares models for predicting the
coating content and coating distribution on the products. To illustrate the
methodology, 110 images of one product and 180 images of the other
product were collected and analyzed.

Hou and Huang (2004) presented a fuzzy variable precision rough set
approach for mining the causal relationship rules from the database of a
remote monitoring manufacturing process. The proposed fuzzy rough set
approach was shown to perform better than the original rough set
approach based on a dataset of 27 records with 8 attributes each,
collected from a process of manufacturing industrial conveyor belts. Tsai
et al. (2006) proposed a knowledge discovery model for the monitoring
of the process of manufacturing industrial conveyor belts that achieves
even higher classification accuracy than the fuzzy rough set approach
proposed by Hou and Huang. Their model contained an algorithm for
correlation-based feature selection, a modified minimum entropy
principle algorithm for defining membership functions and a variable
precision rough set model.
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Ho et al. (2006) proposed an intelligent production workflow mining
system, which contained three main modules: measurement, prediction,
and improvement that employ OLAP, ANNs, and fuzzy rule sets,
respectively. The system was developed using Visual Basic 6.0,
Microsoft SQL Server 7.0, MATLAB Fuzzy Logic Toolbox and Qnet for
Windows, and was applied to slider manufacturing with the objective to
minimize the defects of the finished goods.

Povinelli and Feng (2003) introduced a method for analyzing time
series data, which employed time-delayed embedding and identified
temporal patterns in the resulting phase spaces by a genetic algorithm.
The method was applied to the characterization and prediction of the
release of metal droplets from a welder, in comparison with a Time
Delay Neural Network and the C4.5 decision tree algorithm.

To meet the increasing demand for maintaining the network
proactively, Sasisekharan et al. (1996) examined how to warehouse data
about faulty network behavior for a large-scale telecommunication
network such as that of AT&T and how to later mine them to find trends
and patterns that characterize current and future network behavior. They
presented an approach to systematically and exhaustively search time-
varying, diagnostic data using machine learning for non-transient faults
and correlation techniques for transient faults. Their machine learning
approach involved a series of steps as described below. The first step was
to define and extract features from time-varying diagnostic data and to
transform these data into a standard classification format. The next step
was to determine which features can be used as class labels. Next, a
classification method was applied to the set of cases to see if there are
patterns that differentiate one class from other classes. The final step was
to repeat the classification process at regular time intervals. They also
discussed how to correlate problems that have similar behavior patterns
by exhaustively searching historical and network topological data using
the Scout approach which is an AT&T system developed to improve
network reliability.

Sterritt et al. (2000) proposed a hybrid data mining architecture and a
parallel genetic algorithm applied to the mining of Bayesian Belief
Networks  for  fault identification and management from
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Telecommunication Management Network data. Table 9 summarizes all
of the process related data mining studies for other industries reviewed
above.

4.7 Others

Absenteeism due to medical reasons causes great losses to both
individual employees and their companies. Decreasing sickness absence
is thus a concern in the occupational healthcare field and to any
enterprise system. Sugimori ef al. (2003) used data mining methods such
as Association Rule Analysis, Correlation Coefficient Analysis, and Risk
Ratio Analysis, to elucidate interrelationships in sickness absences,
lifestyle, medical findings, and present illness of 6,010 Japanese male
employees in a large telecommunication telephone company which they
surveyed consecutively from 1991 to 1998. The sickness absence in 1998
was maximally associated with sickness absence in 1997. It was also
found that secular trend of risk ratio showed different patterns according
to present illness category (seven were assessed, which included
hypertension, heart disease, respiratory disease, hyperuricemia, diabetes,
mellitus, gastroduodenal ulcer and liver disease).

Selecting a good supplier is critical to financial success of any
enterprise since supply chain management (SCM) focuses on the
development of cooperation and trusting relationships between supply
chain suppliers. To analyze the suppliers’ data for extracting useful
information to assist supplier selection is critical to the success of SCM.
Tseng et al. (2006) presented a methodology for selecting preferred
suppliers for a video game company. The methodology employed two
main algorithms. One was called the rough-set-based Weight
Incorporated Rule Identification (WIRI) algorithm. The other was named
the Negative Data Driven Compensation Algorithm (NDDCA)
algorithm. The WIRI algorithm was used to derive high-accuracy
decision rules and to identify significant features. The NDDCA algorithm
was used to improve the learning algorithm performance through
compensating the base hypothesis by using the negative training dataset.

RECENT ADVANCES IN DATA MINING OF ENTERPRISE DATA: ALGORITHMS AND APPLICATIONS
© World Scientific Publishing Co. Pte. Ltd.
http://www.worldscibooks.com/compsci/6689.html



Table 9. Summary of process related data mining studies for other industries.

Reference | Goal Databases/Data Data size Preprocessing Data Mining Software
Description actually used Algorithm
Gertosio To discover Product test data of 20- Data selection by Regression model | LPSTAT
and knowledge to 30 attributes recorded prior classification developed
Dussauchoy | reduce every second (more by Renault
(2004) processing than 30,000 measures)
time
Hou and To extract Manufacturing process | 27 records with Fuzzy rough set
Huang process parameters 8 attributes and based rule
(2004) diagnosis rules 4 types of faulty induction
product
Huang and To identify Decision tree
Wu (2005) defect (CART)
influencing
factors
Huang et al. | To retrieve Document term table 50 documents Rough set theory
(2006) manufacturing
process
document
Hur et al. To infer cause- | Data collected from a Each record has Decision trees and | Enterprise-
(2006) and-effect coil-spring 12 inputs and evolutionary Miner
rules manufacturing process | one output class strategy
Jin and Shi To identify Stamping process data Wavelet-based A piecewise linear
(1999) process faults feature extraction classifier followed

in-line

and subset selection

by testing
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Table 9. Summary of process related data mining studies for other industries (cont’d).
Reference | Goal Databases/Data | Data size Pre- Data Mining Software
Description actually used processing Algorithm
Jin and Shi To identify Stamping process wavelet-based A piecewise linear
(1999) process faults | data feature classifier followed
in line extraction and by testing
subset selection
Kusiak To produce Metal forming 93 records with Rough set theory
(2002) control process data each has 82 features
signatures that plus product quality
lead to quality
products
Li et al. To detect Simulated Five case with each Random forest
(2006) change points | multivariate process | having 500 vectors
data
Lian et al. To identify CMM data correlation
(2002) causes of analysis, maximal
dimensional tree methods,
variation PCA, & decision
trees
Peng (2004) | To classify Sensory data (thrust | 120 records Feature Fuzzy decision
process force and torque) extraction (8 trees
conditions from tapping features from
process sensory data)
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Table 9. Summary of process related data mining studies for other industries (cont’d).

Reference | Goal Databases/Data | Data size Preprocessing | Data Mining Software
Description actually used Algorithm
Porzio and To achieve a Real-time Visual data
Ragozini deeper process | measurements of 68 mining via
(2003) understanding locations on the various charts
surfaces of vehicles
Povinelli and | To predict the A method that
Feng (2003) | release of metal employs time-
droplets in delayed
welding embedding and
GA
Sasisekharan | To identify Historical data for Feature Correlation & rule | AT&T’s
et al. (1996) faults in a several months extraction based Scout
telecom classification
network
Tsai et al. To extract Process data of 27 records of 5 Correlation Modified
(2006) diagnostic rules | manufacturing classes of belt based feature minimum entropy
industrial conveyor | with 8 variables selection principle and
belt each variable precision
rough sets
Yu et al. To monitor Snack food images 110 images for PCA based Partial least
(2003) product quality one and 180 feature selection | squares
variables images for another
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4.8 Summary

Tables 1-9 have summarized the previous data mining studies with
highlights on their data mining goals, data sources, size of the processed
data, data preprocessing performed, data mining algorithms and software
programs used. This section elaborates more on data sources, size of the
processed data, in Section 4.8.1, and on data preprocessing performed, in
Section 4.8.2.

4.8.1 Data Type, Size, and Sources

Most studies focus on relational (table) data. Lee ef al. (2001) used the
historical wafer bin map data as input for the analysis of the spatial
patterns of all defective chips on all of the wafers. Lian ef al. (2002) used
a high-dimensional dimension data taken from sheet metal assemblies.
Au et al. (2003) mined 100,000 telecom subscriber data records. Last
and Kandel (2004) used two sets of yield data: one having 1,378 records
with 6 input and 1 output attributes, and another having 816 records with
5 input and 1 output attributes.

Chen et al. (2004) used nine real datasets of semiconductor
fabrication, provided by Taiwan Semiconductor Manufacturing
Company. The number of products range from 53 to 484, the number of
processing stages from 1,176 to 1,734, and the number of machines from
2,004 to 4,437. Tseng et al. (2004) used 3,568 records of data containing
features related to PCB manufacturing. The credit approval dataset used
by Sexton et al. (2006) included 690 observations with 51 inputs and two
outputs.

Time series data were used by Bansal et al. (1998) and Tong and Li
(2005) to forecast demands, by Lee and Lee (2004) to mine seasonal
patterns in sales, by Ge and Smyth (2000) to detect change points in a
plasma etching process, by Wang and McGreavy (1998) to identify
process upsets, by Jin and Shi (1999) for in-process diagnosis of faults in
a stamping process, and by Lada ef al. (2002) and Jeong ef al. (2006) to
detect faults in a time-dependent RTCVD process. Multivariate time
series data were used by Sebzalli and Wang (2001) to identify
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operational zones, by Singhal and Seborg (2002) in their pattern
matching study in order to generate a candidate pool of similar periods of
operation from the historical data, by Roverso (2002) in identifying the
state and dynamics of plant operation, by Abonyi et al. (2005) for the
fuzzy segmentation of large multivariate time series, and by Li et al.
(2006) for change-point detection.

Image data were used in (Perner et al., 2001) and (Liao, 2003) for
welding flaw identification, in (Brence and Brown, 2002) for predicting
corrosion damages, and in (Wang et al., 2006) and (Hsu and Chien,
2007) for identifying spatial defect patterns on wafer bin maps.

Menon et al. (2004) mined text data collected in a service center
database and a call center database. Huang et al. (2006) focused on the
retrieval of manufacturing process documents. The data processed by
Romanowski et al. (2005) were bills of materials, which were depicted as
rooted, unordered trees.

4.8.2 Data Preprocessing

Most commonly used data preprocessing operation is data normalization
to unit intervals so that the effect of magnitude is removed.

Missing values are also common problems. Some studies simply
remove records with missing values. Some use the average value to fill in
while others fill in all possible values, which have the drawback of
exploding the number of records. Some algorithms such as the DMEL
algorithm developed by Au et al. (2003) require the discretization of
numeric variables into some categorical vales.

Last and Kandel (1999) used the concepts of fuzzy set theory to
automate the process of human perceptions for three tasks: evaluating
data reliability, comparing frequency distributions, and detecting outliers
in discrete attributes. These tasks are useful for finding unreliable data
recordings, for comparing data distribution before and after a process
change, and for cleaning the data with outliers to prevent causing a bias
in the results of the data mining process, respectively. Gibbons et al.
(2000) carried out an in-depth analysis of over one hundred parameters
using the principal component analysis technique.
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To handle the data scarcity problem for items sold infrequently, a data
transformation was carried out by Bansal ef al. (1998) to compute the
new time series X/[i] “from old ones X[i] as X[i] ,=X[i]+uX[i-I], where u
is some numerical factor. Mozer et al. (2000) imposed lower and upper
limits on the variables to suppress irrelevant variation. In their study,
Chen et al. (2004) transformed raw data into a relation form based on a
schema (PID, S, S..., S, D) to record the sequential processing
procedure for each product, including the machine in each stage and its
finally testing result. In this scheme PID is an identification attribute
used to uniquely label the product; S; = <m;; , t>, where 1<i </, is a
context attribute used to record the pair of processing machine in the i"
stage and the timestamp after this stage; and D is a class attribute used to
represent whether the product is defective or not.

Preprocessing of the texts was required before implementing the
algorithms for text mining. In their study, Menon et al. (2004) performed
the following preprocessing steps: decoding fixed-format fields; adding
derived fields; and transforming free-form fields into fixed-format fields
in their first case study and removing ‘unwanted’ text; stop words; and
word stemming in their second case study.

To handle the high dimensionality of data/signals, Jin and Shi (1999)
developed an automatic feature extraction and selection methodology for
in-process diagnosis of a stamping process. Jeong et al. (2006) presented
new data reduction methods based on discrete wavelet transform to
handle potentially large and complicated non-stationary data curves.
Their methods minimize objective functions to balance the trade-off
between data reduction and modeling accuracy. To improve the model
quality of ‘fat’ data (i.e., data with higher numbers of variables than
samples), Chu et al. (2004) proposed a bootstrapping-based generalized
variable selection method that employs a sequential forward floating
selection algorithm.

Before clustering, the wafer-bin-map data were preprocessed in three
stages in Hsu and Chien (2007): data integration, data cleaning, and data
transformation. The wafer-bin-map data had to be integrated with
process data such as tools, dates, and operators into a lot-based map to
support analysis with lot-based process data. Missing data were deleted;
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thus any position on a map with missing data was not analyzed. For a
different analysis, a wafer-bin-map was transformed into either a binary
map or a binary vector.

5. Discussion

There is a gap between the amount of data actually used in most studies
and the amount of data that data mining and knowledge discovery is
intended for. Several explanations are possible. First is the access issue.
An enterprise will not easily open up its data bases or data warehouse to
any researcher, unless there is an established good relationship which
usually takes time to develop. Two common approaches to get around
this data access problem are either using the open source data available in
various repositories, such as the UCI Repository, or generating the data
by building a simulation model. Soares (2003) argued that data
repositories are indeed representative of KDD dataset for the purpose of
supporting the algorithm selection step.

Secondly, there is the data preprocessing issue. The amount of effort
required to put the data together in a form ready for data mining is too
great and not justifiable in terms of research value for a researcher to
spend much time on. Thirdly, even if there exist neither access problem
nor data preprocessing issue, the time required to run a data mining
algorithm on a large dataset is simply too long for a desktop computer
and the access to more sophisticated computing platforms such as a
supercomputer, distributed computer network, or grid is not always
available.

Analysis of text data is common in information retrieval but is not
frequently done within the manufacturing/engineering discipline. This
may largely be due to a lack of know-how within the manufacturing/
engineering community. Thus, there is an opportunity for the information
retrieval community to offer enterprise systems their expertise in the
mining of text data. It was pointed out in Section 3 that there is a vast
amount of heterogeneous data in an enterprise. However, most studies
focus on only one data type. This deficiency might be related to the lack
of access issue discussed above. To facilitate the mining of
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heterogeneous data, a data warehousing technology should be
implemented first, which usually implements the process to access
heterogeneous data sources: first clean, filter, and transform the data, and
then store the data in a structure that is easy to access, understand, and
use.

In a more and more customer driven economy, each enterprise has to
be flexible, agile, and reconfigurable in order to meet the high variety of
customer demands. As the number of products and processes increase,
the complexities of the enterprise system increases as well. This is
compounded by the high data collection frequency for some part of the
enterprise operation. The higher the system complexity and data
acquisition frequency are the data supporting the operation are expected
to change more quickly. How to conduct data mining in such an
environment is the focus of dynamic data mining, but it is rarely
addressed by most researchers. Koonce et al. (2000) pointed out that
future research should incorporate incremental learning into the mining
process to allow for multiple schedule scenarios in the datasets. Lee ef al.
(2001) indicated that they plan to extend their work to dynamic process
data sampling. Few exceptions that have considered dynamic data mining
are Maki and Teranishi (2001), Ha et al. (2002), Black and Hickey
(2003), and Crespo and Weber (2005).

6. Research Programs and Directions

Based on the above review, it is easy for readers to find the researchers
who have worked on the data mining and knowledge discovery of
enterprise data. In this section, the author attempts to highlight a few
selected areas, apparently biased by the available information.

6.1 On E-commerce and Web Mining

Kohavi and his associates continue working on data mining of retail e-
commerce data. In Kohavi et al. (2004), three top challenges were
identified as follows:
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1) To translate business questions to the desired data transformations.

2) To design efficient data mining algorithms whose output is
comprehensible for business insight, and which can handle multiple
data types (dates, hierarchical attributes, and data of different
granularity).

3) To integrate workflow to enable tracking of the progress for tasks
requiring multiple people and processes.

As web sites become more and more sophisticated, a possible future
work is to automatically feed acquired models and rules of web
customers’ behaviors to a personalization or recommendation engine to
navigate web visitors online (Zhang et al., 2004).

6.2 On Customer-Related Mining

To improve the quality of customer profiling and churn prediction, Qian
et al. (2006) plan to extend their research in two directions by
considering multiple profiles rather than univariate profiles and by
incorporating other data such as customer contracts and competitors.
Working on the insolvency problem facing the telecommunication
industry, S. Daskalaki from the University of Patras, Greece, and her
collaborators focus their attention on several aspects of the knowledge
discovery process such as class imbalance, cost-based evaluation,
combination of classifiers, and the use of discovered knowledge in
building a decision support system.

G. Chen and his colleagues from the Tsinghua University, China,
continue to work on using data mining to control credit risk, especially
on the subject of enhancing the performance of classification methods
with feature selection.

The challenges in fraud detection are both formidable and intriguing.
First and foremost is the peculiar non-stationary nature of the problem. A
fraud detection tool must adapt to the changing behavior of fraudsters to
ensure its continued effectiveness. The analysis must deal with a large
number of problems simultaneously and also with diverse data records.
The speed of detection is important too. Thus, the objective function
must weight the value of detection as a function of time. There is also a
need to have a precise definition of classes of fraud detection problems.
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Many of the problems are not near solution in terms of satisfactory false
alarm and detection rates. Fraud detection is very much an open field for
the exercise of ingenuity, algorithm creation, and data snooping. It is also
a field worth millions if not billions of dollars. One research group that is
actively pursuing this area of research is comprised of C. Phua and his
collaborators at Monash University, Australia.

6.3 On Sales-Related Mining

Lee and Lee (2004) planned to work on combining the clustering results
of seasonal sales patterns with the association rules that are discovered
from a dataset. The reason for doing so is because items with different
seasonal patterns that were frequently sold together can be put together as
a sales promotional package.

Several researchers are working on the association rule-maximal
profit item selection problem. Wong et al. (2005) particularly considered
the cross-selling effect. They plan to enhance their heuristic method with
known methodologies such as hill climbing and to study the switching
behavior of customers when some items are missing.

Since sale forecasting drives the planning of enterprise operations, the
more accurate the sale forecasting is the smoother the enterprise operates.
The research by many people, including P. C. Chang from the Yuan Ze
University, Taiwan, and his colleagues, indicates that soft computing
techniques are quite effective for sale forecasting compared to traditional
statistical approaches.
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6.4 On Product-Related Mining

R. Nagi from the University of Buffalo, SUNY, have worked on
developing data mining algorithms in the engineering design
environment — an area that generates large amounts of heterogeneous
data for which suitable mining methods are not readily available. Data
mining methods are applied to extract the relevant design information
and to improve its accessibility to design engineers. Working in the area
of mass customization manufacturing, J. Jiao from the Nanyang
Technological University, Singapore, and his collaborators have applied
association rule mining to identify product portfolios and have developed
a tailored methodology to solve the process platform formation problem,
specifically the development of generic routings, in order to support the
fulfillment of product families identified in the portfolios. Currently, the
similarity in operations and similarity in precedence are considered of
equal importance. They plan to carry out another study to investigate
cases with unequal importance.

Since the field and service data keep a good track of the product
performance and related problems over time, data mining researchers
start to tap into these data in order to uncover potential product design
and fabrication flaws linked to their product in order to make their
products more competitive.

6.5 On Process-Related Mining

Many researchers in Taiwan, such as C.-F. Chien from the National
Tsing Hua University, are working closely with Taiwan’s semiconductor
industry to develop and apply all kinds of data mining techniques to help
better analyze their process data, understand their processes, identify the
root causes of problems, and hopefully to improve the production yield.
This is supported by the numerous papers published on this subject.

False alarms should be minimized in any fault detection problem
because they generate useless work loads for engineers, and a loss of
time to solve the real problems. Not to forget that false alarms diminish
the confidence of users on a system. Therefore, there is a need to develop
data mining methods that are able to highlight false alarms without
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excluding actual detections. Bergeret and LeGall (2003) are interested in
this particular research issue among many other researchers. Braha and
Shmilovici (2003) take another big step further and set their ultimate
research goal on developing an integrated yield management system,
which can utilize data mining methodologies as a supportive vehicle for
closed-loop system-level control.

To increase the applicability of the ALADDIN system for real world
dynamic event recognition and fault diagnosis, Roverso (2002) continues
to improve the ALADDIN methodology: (1) by the inclusion of input
dimensionality reduction techniques such as feature selection and
nonlinear PCA and (2) by adding a new validation methodology based on
first principle physical models. M. K. Jeong from the University of
Tennessee, U.S.A., has worked together with his collaborators
extensively on the mining of multi-functional data such as time series
data and images for fault diagnosis. They plan to extend their work into
quality improvement and SPC areas.

With multi-variate process monitoring and control applications in
mind, G. Porzio from the University of Cassino, Italy, and G. Ragozini
from the University of Naples, Italy, have proposed approaches to
address the issues involved with large datasets. They have explored the
power of some visual data mining techniques for retrospective analysis
and present a nonparametric approach based on the data depth notion for
multi-variate process control as discussed in Chapter 9 of this book.

6.6 On the Use of Text Mining in Enterprise Systems

Though rough-set-based document retrieval achieved higher user
satisfaction, it is quite time consuming. Therefore, Huang et al. (2006)
plan: (1) to investigate a hybrid approach by combining rough set theory
with vector space methods, (2) to develop a weighting scheme for
premise terms and documents, (3) to derive a user query weight using a
pairwise comparison method through domain experts, and (4) to
incorporate the appropriate ontologies in practical applications.
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