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Data mining: manufacturing and service applications
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Intelligent Systems Laboratory, Mechanical and Industrial Engineering,
2139 Seamans Center, The University of lowa, lowa City, lowa 52242-1527, USA

In this paper basic concepts of machine learning and data mining are
introduced. Machine learning algorithms extract knowledge from diverse data
bases that can be used to build decision-making systems. For example, based
on the operational engineering data, equipment faults can be detected, the
number of items to be ordered can be predicted, optimal control parameters
can be determined. A framework for organizing and applying knowledge for
decision-making in manufacturing and service applications is presented. The
framework uses decision-making constructs such decision tables, decision
maps, and atlases. It offers a new data-driven paradigm of importance to
modern manufacturing and service organisations. Examples of data mining
applications in industrial, medical, and pharmaceutical domains are presented.
It is envisioned that the data-driven framework presented in the paper will
enhance these applications.

Keywords: Data mining; Decision making; Knowledge structuring; Process
modelling; Industrial applications

1. Introduction

The growing volume of enterprise data raises many challenges, with one being able
to extract, store, organize, and use the knowledge generated from data sets. The
data content is frequently determined by the legacy systems deployed at various
applications and time periods. Understanding the meaning and structure of the
stored information is difficult, as the data is often heterogeneous and distributed.
The data can be modelled as continuous functions, qualitative relations, decision-
making rules, and so on. The underlying physical, biological, or organizational
principles dictate the form of heterogeneous models that most often interact with
each other.

Despite this complex reality, decision-making is frequently perceived as
illustrated in figure 1, where a set of previously collected data is processed with a
decision-making tool.

Any decision-making tool needs to be versed in current data; otherwise the
decisions made are not relevant. A shortcoming of a stand-alone tool is that the data
in support of decisions is limited in scope and therefore the decisions made could be
locally optimal.
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Figure 1. Stand-alone decision-making.
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Figure 2. Distributed decision-making.

The use of tools in decision making has not been prolific due to their limited
linkage with data. The developments in computing infrastructure, increased
availability of data, and the emergence of data mining tools have shown a profound
impact on informed, transparent, and autonomous decision-making. The decision-
making environment no longer involves isolated ‘islands of decisions’ (somewhat
analogous to the islands of automation), rather it tends to be an integrated process,
distributed in space and time as illustrated in figure 2.

The progress made in developments of data analysis tools and networking
technology has eliminated the boundaries faced by the decision-making systems. The
data used in decision making is not only obtained from different sources but may
involve different modalities (e.g. images, numbers, and personal assessment) and
therefore the decision-making can be distributed. Various decision-making tools can
be networked (see figure 2) in support of globally optimal decisions.

Data mining will play a dominant role in the extraction of knowledge from the
distributed and heterogeneous sources of data. Different scenarios of distributed
data mining are possible, for example:

e Knowledge extraction may be distributed with intermediate and final
decisions generated at single or multiple sites.

e The locally generated outcomes may impact the downstream data sets or
serve as intermediate decisions determining the next decision stage.

e The flow of data may form cycles rather than being linear.

Understanding and automation of a decision process in such distributed and
heterogeneous data environment calls for new tools for the definition of the
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information content (features and decisions), data flow, and structuring knowledge
used for decision-making.

In the next section data mining applications that have motivated this paper are
briefly discussed.

2. Tllustrative data mining applications

Illustrative examples of manufacturing and service applications where data mining
have been successfully applied are presented next.

2.1 Aluminium processing

Aluminium and metal processing industries are interested in developing a system for
the delivery of high quality products. Though advanced control systems, including
digital and neural-network controllers, may be involved in the process, the values
of some parameters are set by operators, e.g. the set values of the controllers.
Data mining has been successfully used to develop a meta-controller seamlessly
integrating all process parameters (Kusiak 2002).

2.2 Semi-conductor manufacturing

Semi-conductor manufacturers are interested in improving quality of wafers.
The manufacturing environments at different wafer producing plants may be
similar, however, for unknown reasons some wafers attain perfect quality and while
other batches are not acceptable. Even within individual plants product quality
varies. Data mining has been used to determine the ranges of control parameters
leading to the production of wafers of the desired quality (Kusiak 2001).

2.3 Electronic assembly

Electronic product assembly lines face a quality problem with printed-circuit boards
where assemblies rather than components fail the quality test for often unknown
reasons. The management is not satisfied with the current process control or other
tools that provide solutions for a ‘population’ of products rather than an ‘individual’
product. However, predicting circumstances under which an individual product
(object) might fail, and thereby prevention of the failure is of great interest to the
semi-conductor industry. Data mining has been applied to determine the conditions
of process parameters minimizing the production of faulty products (Kusiak and
Kurasek 2001).

2.4 DNA manufacturing

DNA manufacturing is one of the most recent processes developed for a product
(DNA) that did not need to be designed, rather adopted from nature. The DNA
manufacturing process, which has evolved from a biological laboratory to an
industrial-scale process, involves many unknowns. Product quality and consistency is
an issue that can be addressed with data mining.
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2.5 Biotechnology and chemical process industry

Processes in the two industries are ideal candidates for data mining applications.
They usually involve control spaces that cannot be effectively modelled with the
classical tools, yet bio- and chemical processes could be well equipped in data
collection systems.

2.6 Energy production

Energy is of paramount important to manufacturing and economy in general.
The energy producing systems are some of the best instrumented for data collection.
One of many possible fault prevention applications of data mining in the combustion
process is discussed in Kusiak ez al. (2005).

2.7 Medical applications

The expenditure on healthcare is growing and in some countries is beginning to
exceed the manufacturing output. Systems are needed to collect the vast amount of
data, analyse it, and use it for decision support in various healthcare domains
(Kusiak et al. 2001, 2005, 2006, Shah and Kusiak 2004). Clinical and non-clinical
data needs to be fused into integrated applications. One of the positive developments
in healthcare is the growing use of concepts, techniques, and tools developed in
manufacturing, e.g. lean manufacturing, process modelling, layout design, group
technology, process planning, and quality engineering. Many fall short of equating a
healthcare system to a manufacturing system.

2.8 Pharmaceutical applications

The scope of pharmaceutical applications is large and it may involve drug
manufacturing processes as well as data processing. Data processing and analysis
is a key area in the pharmaceutical industry. The vision of a pharmaceutical industry
that can be achieved with data mining is shown in figure 3.

One will soon see pharmaceutical companies delivering drugs, developing test Kits
(including genetic tests) and computer programs to deliver the best drug to the
patient. The current data mining tools are capable of issuing customized
prescriptions, providing the most effective drugs and dosages with minimal adverse
effects. It has become practical to think of designing, producing, and delivering
drugs intended for an individual patient (or a small population of patients). Here,
the analogy of one-of-a-kind production of today versus mass production is worthy
of attention. Many industries are attempting to produce customized products (Agard
and Kusiak 2004) and the pharmaceutical industry may soon become a part of this
(Kusiak and Shah 2006).

The eight representative applications of data mining often lead to the same
question: Can one determine settings of parameters (features) resulting in a desirable
outcome based on the extracted knowledge from vast data sets?

This feature subset can be constructed from different data sets and processed by
different algorithms. Such a subset of features and their values constitute a decision
signature (defined in Kusiak 2002). The decision signature for a test engineer
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Figure 3. The vision of pharmaceutical industry.

becomes a fault signature; for a process controller a control signature, for a
physician, a disease signature, and so on. Research is needed to identify decision
signatures and applying them to solve production quality problems, to find the best
operating conditions for a biotechnology process, and find other answers. If there
were just a single decision signature for an application, there would be little room for
the research reported in this paper. The fact is that decision signatures are highly
individualized, and therefore the problem of generating and using these signatures
for decision making needs research attention. In many applications decisions have
to be reached quickly and therefore the decision signatures can be selected and
evaluated before their implementation. Often, the decision signatures have to be
evaluated using multiple criteria, e.g. utility and accuracy.

3. Knowledge extraction

The growing interest in data mining has led to the development of many algorithms
that extract knowledge (here rules) and features from large data sets. These
impressive developments in data mining have not been matched by the progress in
decision making based on the knowledge extracted by machine-learning algorithms.
The latter may be explained by the fact that most data mining results have been
developed by the non-engineering community and focus on the knowledge extraction
process rather than decision making.

Bazan (1998) categorized learning algorithms of particular interest to industry in
four categories:

e Decision tree algorithms (Friedman ez al. 1996, Quinlan 1986).
e Deccision rule algorithms (Clark and Boswell 1989).

e Inductive logic programming algorithms (Michalski et al. 1986).
e Rough set algorithms (Grzymala-Busse 1997, Pawlak 1982).
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3.1 Metrics for evaluation of features
Data sets and features can be directly evaluated by the following metrics:

Upper and lower approximation measures (defined in Pawlak 1991).
Classification quality (Pawlak 1991).

Entropy measure (Quinlan 1986).

Gini index (Breiman et al. 1984).

Correlation, distribution type, and so on.

Other metrics such as percentage of missing values, data error, and
discretisation parameters.

Classification accuracy of the knowledge extracted from a data set is the most
widely used indirect method of feature evaluation. However, this method is
computationally expensive as demonstrated in De Jong (2006).

This paper fills the gap in decision making that has been created by the
unprecedented progress in data mining. A universal decision-making framework and
algorithms are presented for an effective use of the knowledge extracted by data
mining algorithms. Numerous application areas, e.g. equipment diagnostics, quality
engineering, medical diagnosis, planning, and forecasting, await decision-making
tools as the volume of data collected increases at a rapid pace.

The knowledge extraction process, in its most common form, leads to decision
rules (IF ... THEN rules) derived from a data set as illustrated in example 1.

Example 1

Consider the data set for eight objects (examples), each representing symptoms of a
product quality, denoted here as features F1-F4 (see figure 4). Each feature
(parameter) has a value, e.g. feature F3 takes values, Yes =discoloration present,
0 =discoloration not present. The decision outcome D= {Accept, Reject}.

The data in figure 4 is called a training data set. This set is transformed in
decision rules by a rule extraction algorithm. Examples of rule sets in two different
forms are presented in figures 5 and 6. The clause values for the rules in figure 5 are
in the form of inequalities and equality, while the values in figure 6 are presented as
intervals and equality.

The decision rules represent all objects (examples) of the training set.
For example, decision rule R1 in figure 5 is associated with three objects [1, 3, 7]
in figure 4, i.e. the value of feature F3=Yes uniquely identifies each of the

ID Fl F2 F3 F4 D

1 1.02 0.05 Yes 2.03 Accept
2 1.03 3.04 No 1.01 Reject
3 2.01 0.95 Yes 1.97 Accept
4 2.03 2.05 No 3.01 Accept
5 0.03 1.97 No 2.02 Reject
6 0.04 1.05 No 1.04 Reject
7 0.99 3.04 Yes 1.04 Accept
8 1.02 0.97 No 3.01 Reject

Figure 4. Training data set for the product quality problem.
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Decisionrule R1. (IF F3 = Yes) THEN (D = Accept); [1, 3, 7]
Decisionrule R2. (IF F1 >= 1.53) THEN (D = Accept); [3, 4]
Decisionrule R3. (F1 <= 1.52) AND IF F3 = No) THEN (D = Reject); [2, 5, 6, 8]

Figure 5. Rules involving inequality and equality relationships extracted from the training
data in figure 4.

Decisionrule R1. (IF F3 = Yes) THEN (D = Accept); [1, 3, 7]
Decision rule R2. (IF F2 in [2.01, 2.55]) THEN (D = Accept); [4]
Decisionrule R3. (IF F1 in [1.02, 1.52]) THEN (D = Reject); [2]
Decision rule R4. (IF F1 in [0.03, 0.52]) THEN (D = Reject); [5, 6]
Decisionrule R5. (IF F2 in [0.96, 1.01]) THEN (D = Reject); [8]

Figure 6. Rules involving inclusion and equality relationships extracted from the data set in
figure 4.

three objects. Note that the number of features used to recognize all eight objects of
figure 4 is two, F1 and F3. This demonstrates the feature reduction aspect of data
mining. In the rule set in figure 6 three features F1, F2, and F3 are used.

In the two different rule sets, some objects may be identified by more than one
rule. For example, rule R1 and R2 from figure 5 and rule R1 from figure 6 represent
object 3. The type of rule extraction algorithm used and the number of features
included in the rule set impact the number of rules describing a particular object
in the training set.

The decision rules derived from training data sets are used to make decisions
for objects (cases) with unknown outcomes. For example, assume that for the
features in (1) the following data is provided

F2 F3 D (1)
2.4 Yes 2

As the values 2.4 and Yes of features F2 and F3 match the condition values of the
rules R1 and R2 in figure 6 the decision D= Accept is assigned to the object in (1).

Rather than making decisions directly with the decision rules, an approach that is
more structured and transparent to the user is discussed in the next section.

4. Decision-making

The complexity of decision-making with rules derived by the machine learning
algorithms, increases with the width of data sets. To cope with such a high degree of
complexity, optimising decision tradeoffs, and making the decision process
transparent to the user, new concepts of a decision table, decision map, and a
decision atlas are proposed. These concepts are useful in knowledge management
and structuring of corporate memory as discussed in Huang et al. (2005).
To introduce these new concepts consider the matrix in figure 7 representing the
rule set from figure 6.
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F1 F2 F3 D Supporting examples
R1 Yes Accept 1,3,7
R2 [2.01-2.55] Accept 4
R3 [1.02-152] Reject 2
R4 [0.03-0.52] Reject 5,6
RS [0.96-1.01] Reject 8

Figure 7. Matrix representing the decision rules from figure 6.

F1 F2 F3 D Supporting examples
R4 [0.03-0.52] Reject 5,6
R3  [1.02-1.52] Reject 2
RS [0.96-1.01] Reject 8
R2 [2.01-2.55] Accept 4
R1 Yes Accept 1,3,7

Figure 8. Structured matrix derived from the data in figure 7.

To facilitate effective decision-making, the matrix in figure 7 is transformed into
the matrix in figure 8.

Matching the object in (1) with the rules, now in figure 8, is more user friendly
than dealing with the decision rules in figure 6.

The structured matrix in figure 8 becomes a basis of the decision table proposed
in this paper. Multiple decision tables are combined in maps and those in turn in an
atlas. One of the clear advantages of the structured matrix in figure 8 is the ease of
generating the decision for the object in (1). Sliding this object through the matrix in
figure 8 matches this object with rulesR1 and R2, thus resulting in the decision
D=Accept. The support for this decision with the examples 1, 3, 4, and 7 of the
training set from figure 4 is clearly visible. Any additional information needed for
decision-making (e.g. risks, pointers to alternative rule sets) may be conveniently
associated with each rule in figure 8. Cluster analysis algorithms are suitable for
structuring rule-feature matrices.

4.1 Decision tables, maps, and atlases

A decision table is a collection of knowledge needed to make decisions in a particular
area (see figure 9). It generalizes the concept of the structured matrix introduced in
figure 8 by

e including decision rules generated by different machine learning algorithms;
e post-processing rules, e.g. combine rules for improved interpretability;
e content structuring, e.g. accomplished with a clustering algorithm.

The entries of the decision table in figure 9 are the attribute values generated by
machine learning algorithms. They may represent singular numerical or symbolic
values, bounded ranges of values, unbounded value ranges (inequalities), and so on.

Decision basis and justification are also defined in the table (see figure 9).
Each decision basis contains feature values, while the justification characterizes the
decision basis, e.g. it may contain the strength of the decision basis and risks
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O Decision outcome, e.g., 33, failed_component

Figure 9. The concept of a decision table and a slide.

associated with a decision. The actual decision can be made using the content of
one or more decision tables at any step of the decision map (see figure 10). One way
is to match the content of the decision slide containing selected attribute values of
an object with unknown outcome to an appropriate row of the decision table,
e.g. decision basis 1 may correspond to rule R1 in figure 5. The new object is assigned
an outcome equal to the outcome of the matching decision basis.

Decision-making is often distributed over numerous steps (see figure 2 and
figure 10), each involving one or more decision tables. There are two primary reasons
for alternative decision tables. One being that a decision may be accomplished in
various ways based on the decision tables. The second is the increased user’s
transparency of the results generated from variety of tables. The notion of
independence has a profound impact on user’s confidence in the algorithmically
generated results. The decision process model and the collection of
decision tables are called a decision map (figure 10). Maps in turn can be combined
in an atlas and multiple atlases make up a library. The proposed constructs are
suitable for the development of active and interactive web-based applications.

4.2 Process modelling and decision-making

The notion of a process and a modelling methodology are of importance in
data-driven decision-making. The methodology selected for modelling a process
depends on a number of factors ranging from organisation’s culture and training
to the suitability and availability of a modelling methodology or a tool. This paper
does not advocate any specific process modelling methodology or a tool, rather
the Integrated DEFinition (IDEF3) methodology is seclected for illustrative
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Figure 11. Basic modeling block of the IDEF3 methodology.

purposes only (Mayer et al. 2002). The proposed concepts can be implemented with
any process modelling approach. The IDEF3 methodology is simple and widely
recognized by the technology and service community. The basic block of the IDEF3
methodology (with the resource incorporated) is shown in figure 11.

In this paper, the meaning of the four arrows in figure 11 will be extended beyond
the original definition provided by IDEF0 and IDEF3 as illustrated next.

Input: Data that is transformed into output.

e Independent variable, e.g. pressure.
e Input of an activity, e.g. temperature.
e Decision, e.g. quality index.

Output: The result of input transformation.

e Dependent variable, e.g. pressure.
e Output of an activity, e.g. temperature.
e Decision, e.g. predicted efficiency.
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(a) Parameters (P) (b) Features (F)
Independent ¢ ¢ ¢ ¢ ‘ ¢
variables : Dependent -
Function variable Decision Decision
—
> rules
Stage 1 resource Stage 2 resource

Figure 12. Examples of decision-making process blocks: (a) function block; (b) decision rule
block.

Control: Necessary for the computation of the output it does not, however,
undergo transformation.

e Feature (attribute), e.g. silica concentration.
e Parameter, e.g. gravity constant.

Mechanism: Resource(s) needed at a particular stage.

e Resources of many origins, e.g. chemical process, DNA manufacturing
process, human decision maker, manufacturing equipment.

In this paper, the term ‘Activity’ of IDEF3 is replaced with ‘Stage’, which
will have multiple meanings.

Stage: A step in the decision-making process.

Examples of different meanings of the term ‘Stage’ (see figure 2) are as follows:

Activity.

Continuous function.

Fuzzy membership function.
Qualitative dependency.
Decision rules.

Algorithm.

These expanded definitions of the basic elements of the IDEF3 methodology are
illustrated with the two decision-making process blocks in figure 12.

The blocks (e.g. in figure 12) and the logical connectors (e.g. AND, OR, XOR)
of the IDEF3 methodology have been used to model the decision-making process
in figure 13.

4.3 Decision-making algorithms

An approach generating high confidence decisions is proposed. The goal is to
generate (100 —¢) percent accurate decisions for (100 — ) percent cases with
unknown decisions. The concept of orthogonal algorithms, the P (primary) and the
C (confirmation) algorithm, introduced in this paper allows € to converge possibly to
0 and B to remain small. The P-algorithm generates decisions using the structured
knowledge derived by multiple learning algorithms. The C-algorithm derives
the same decision using an orthogonal concept, e.g. a classical algorithm, a distance
metric based algorithm. The primary decision will be derived only when the
decisions of the P- and C-algorithms agree, otherwise, a secondary decision will be
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Figure 13. Decision-making process models: (a) linear process, (b) process with a cycle.
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Figure 14. Decision-making logic.

generated. Note that multiple P-algorithm (P ={P;, P,,...,P,}) and C-algorithms
(C={Cy, Cy,...,Cp}) are used. The orthogonal algorithm generalizes the bagging
concept (Tan et al. 2006) of data mining. While the P-algorithm is to some degree
parallels bagging, the C-algorithm takes decision-making to a different realm. The
concept of orthogonal algorithms integrate two decision-making perspectives, one
based on data mining (the P-algorithm) and the other utilising a multitude of
algorithms developed in operations research and optimisation.
The interaction between the P- and C-algorithms is illustrated in figure 14.

The P-algorithm

The P (Primary) algorithm generates decisions by matching feature values of an
unknown object with the extracted rules. For a new object to be matched with one
rule in the basic set any of the following three cases is possible:

e The new object matches exactly one rule.
e The new object matches more than one rule.
e The new object does not match any rule.
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Figure 15. Systems engineering interpretation of the P- and C-algorithms.

In the presence of alternative rule sets additional cases emerge. This is a
fundamental issue in decision-making with alternative rule sets.

The C-algorithm

The C-algorithm generates decisions using concepts that are ‘orthogonal’ to the ones
applied in the P-algorithm, e.g. an algorithm based on a distance metric. The
distance metric algorithm by itself might be a good tool for making decisions. This
view is supported by the literature, e.g. Slowinski (1993) applied the distance metrics
to make decisions based on local information.

The interaction between the P- and C-algorithms is illustrated with the systems
engineering perspective in figure 15.

Each of the P- and C-algorithms can be viewed as components of a
parallel system, thus contributing to the overall system accuracy. This interpretation
of the two classes of algorithms makes it analogous to the system reliability
perspective.

5. Data transformation

The quality of decision-making algorithms depends on the quality of the knowledge
extracted from data sets. The data sets can be mined in their raw form (as collected),
or they can be transformed. Constructive induction is a process of describing objects
for improved classification (Wnek and Michalski 1994, Bloedorn and Michalski
1998). New features are built from the existing ones, and some features (parameters)
of objects are modified or deleted. It should be noted that the deletion of features is
related to the feature selection problem (Yang and Honavar 1998) which is not
addressed in this paper.

The data transformation aspect can be used in manufacturing and service
applications to improve usability, transparency, and the decision-making accuracy of
the extracted rules.

The following data transformation approaches are widely used in data mining
(Tan et al. 2006):

e Filling in missing values. For example, the most common value method
replaces the missing values with the most frequent values. The data set
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decomposition method partitions the data set into subsets without missing
values that are in turn used for mining (Ragel and Cremilleux 1998).

e Discretisation. For example, the equal frequency interval method groups
continuous values into k intervals, where each interval contains m/k (possibly
duplicated) adjacent values, where m is the number of examples (Dugherty
et al. 1995). The recursive minimal entropy algorithm establishes intervals by
considering the class information entropy (Carlett 1991, Fayyad and Irani
1993).

e Feature content modification. Feature generalisation and specialisation
methods are discussed in Han and Kamber (2001).

e Wavelets. Used for analysis of temporal data sets (see Jorgensen 2003, 20006,
Daubechies and Sweldens 1998).

Other data transformation methods are discussed in Cios et al. (1998) and Han
and Kamber (2001).

6. Data mining in systems integration

The enterprise of the future is likely to be distributed in time and space and its
structure will be dynamically changing. The pressure to reduce the time to integrate
various enterprise systems will be growing. At the same time, a stronger degree of
integration among the interacting systems will be needed. While successful
standardisation efforts may alleviate some of the integration issues, the ‘integration
gap’ is not likely to diminish. Another complicating factor is that integration does
not have a natural ownership in the research and industrial community. In terms of
research, integration is sometimes associated with industrial and systems engineer-
ing; however, no meaningful research results on systems integration have been
published. Integration companies deal with the day-to-day business issues. There
might be two basic reasons for the sluggish progress in the integration research. First
of all, the fragmented integration knowledge once developed in a singular
application tends to be considered as providing a technological advantage and for
that reason it is not well documented and distributed outside a company’s
boundaries. The second reason may be the lack of an existing theory that would
naturally lend itself to the integration applications. While it is difficult to change the
first obstacle with a science-based approach, the second can certainly be tackled.
Data mining is a natural fit for systems integration. Data mining algorithms build
relationships among features of diverse systems. These relationships are difficult to
capture with any other known tool. Algorithms can be developed to integrate an
overall system performance with the component systems based on the extracted
knowledge. The system integration will be accomplished in two phases, learning
(data mining) and decision-making. The experience with the distributed scheduling
systems indicates that a seamless integration of independently developed was
applications is possible. The data mining algorithm provided a viable integrating
mechanism. The quality of this integration mechanism could be improved by
continuous learning. The learning phase allows for scalability of the approach as the
number and structure of the interfacing component systems changes.
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7. Data farming

Data farming is a process of defining features that are most appropriate for data
mining and system integration (Kusiak 2006). In many technology and medical
applications data sets are not available and the question arises as to what makes the
most appropriate data set. The data collection may be limited to pure data recording
or may involve installation of sensors, or other more complex measures, e.g. defining
bundles of features. Prior computational results with process industry data indicate
that bundles of features can significantly improve the quality of knowledge extracted
from data sets.

Data farming can be contrasted to feature selection (see, for example, Bradley
et al. 1998, Kittler 1975) that is widely used in data mining for choosing features
among the ones available in the training data set. The features in the feature selection
approach are known while data farming defines the appropriate set of features in
terms of cost, time, accuracy, and so on.

Thus far, most data mining efforts have been based on data sets collected for
unrelated purposes, e.g. routine data collection requirements, process improvement
projects, or government regulations. Data mining brings two meaningful
benefits to organisations, data reduction and increased economic benefits from
the data. The two easily translate into cost savings and increased competitiveness.
The appropriateness of features can be expressed with different measures,
e.g. maximisation of the prediction accuracy, minimisation of the cost of data
collection.

Measuring utility of the data collected is importance in decision making. For
example, a crude measure justifying the data collection effort for a set of features can
be expressed with the increase in the classification accuracy or the relative rule
support. These two metrics are commonly used to characterize data sets in data
mining.

8. Conclusion

The growing volume of data in manufacturing and service industries is a challenge
that needs research on tools that discover unique properties of the data. Data mining
has emerged as a discipline that offers tools for data analysis and knowledge
discovery. Considerable progress has been made in the development of algorithms
for extracting knowledge from databases. This progress has not been matched by
research on decision-making algorithms, which make use of the knowledge obtained
by the machine learning algorithms. This paper outlined a framework for decision
making based on the knowledge provided by different data mining algorithms. The
proposed decision-making approach is suitable for applications in areas such as
equipment and medical diagnosis, quality engineering, scheduling, and general
category of hierarchical decision making, where outcomes of different accuracy
requiring diverse background information are produced.

A novel concept of decision atlas, maps, and tables was introduced. The decision
atlas will increase transparency and effectiveness of the decision-making process.
Implementation of theoretical results is often as difficult as the research leading to
the discovery of the result itself. This implementation barrier can be overcome by a
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user-friendly, transparent, and convincing presentation of justifications for the
decisions. The decision tables, maps, and atlas introduced in this paper aim at
meeting these important need.

Though the ideas discussed in this paper apply to many domains, they were
illustrated with a class of decision-making problems in selected industries.

The fact that the proposed data mining approach involves two phases: learning
and decision-making, makes data mining suitable for system-on-a-chip applications.
The learning phase has high computational complexity and can be performed
off-line; however, the real-time processing is also possible. The extracted decision
logic may be encoded on a chip together with decision-making algorithms that have
lower computational complexity.
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