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Abstract
Data analysis has many facets, ranging from statistics to engineering. In this paper basic models
and algorithms for data analysis are discussed. Novel uses of cluster analysis, precedence
analysis, and data mining methods are emphasized. The software for the cluster analysis
algorithm and the triangularization is presented.
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1. Introduction
The growing volume of data has sparked renewed interest in data analysis. The two most
important problems in data analysis are:
0 Classification, and
O Pattern analysis

The basic goal of classification is to provide insights into a data set by its simplification, i.e.,
grouping data objects into categories. Cluster analysis provides models and algorithms for
classification.

The most useful methods for analysis of patterns in data are offered by data mining, in particular
machine learning algorithms.

Algorithms for clustering and data mining are emphasized in this paper.

2. Cluster Analysis
Cluster analysis algorithms form groups of objects that share common properties. The early
cluster analysis algorithms are the leader algorithm, the k-means algorithm, ISODATA, and the
quick partition algorithm (Anderberg 1973). Cluster analysis algorithms may or not require
specification of the number of objects in a class or the number of classes. Therefore cluster
analysis falls into the category of unsupervised classification tools. For review of most recent
cluster analysis models and algorithms see Kusiak (2000).

The artificial intelligence community has studied conceptual clustering (Michalski 1983) as
well as other methodologies with a statistical flavor. The basic idea behind conceptual clustering
is that instead of considering the similarity between objects, conceptual cohesiveness among the
objects is considered as a criterion for classification. Conceptual clustering techniques are context
based and arrange objects hierarchically (Michalski 1983).

Autoclass is a known Bayesian classifier proposed by Cheeseman et al. (1988). Their strategy
involved making simplifying assumptions about the classification model. Rather than searching
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the entire hypothesis space and considering all states of the world, they focused on a limited
number of possible states thereby reducing the number of possibilities to be analyzed. In the case
of real value attributes, the assumption is that data is distributed according to the normal
probability distribution. A multinomial distribution is assumed for the discrete attributes.
Autoclass uses the Expectation Maximization (EM) algorithm (Dempster 1977), to estimate the
class parameters that maximize the posterior probability of the parameters for a given number of
classes.

One of the most efficient cluster analysis algorithms is the cluster identification algorithm
presented in Kusiak (2000). The use of the modified version of this algorithm, called the extended
cluster identification algorithm, is demonstrated next.

Consider that matrix in Figure 1 with four rows, denoted as R1-R4, and six columns, denoted as

C1-C6. An ‘+ in Figure 1 indicates that a column (attribute) applies to the corresponding row
(object), e.g., object R1 has two attributes C2 and C4.
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Figure 1. Matrix with four objects (R1-R4) and six attributes (C1-C6)

The extended cluster identification algorithm (Kusiak 2000) transforms the matrix in Figure 1 in
the matrix in Figure 2.
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Figure 2. The transformed matrix from Figure 1
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The structure of the matrix in Figure 2 has been further improved in Figure 3 by removing
columns (attributes) C1 and C5 from the clustering process. The two columns are placed in
Figure 3 next to the diagonally structured matrix with two clusters of objects {R1, R3, R4} and
{R2}, and two clusters of attributes {C2, C4} and {C3, C6}.
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Figure 3. The transformed matrix from Figure 1 with separated columns C1 and C2

The cluster analysis that was demonstrated in Figures 1 through 3 did not involve precedence
relationships among objects or attributes. To analyze such precedences another algorithm needs to be

applied, e.g., the triangularization algorithm described in Kusiak (1999). This algorithm is available at
http://www.icaen.uiowa.edu/~ankusiak/process-model.html.
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Figure 4. Four objects organized by the triangularization algorithm

Each ‘+’ in Figure 4 denotes a precedence relationship between the corresponding column
(object) and row (object). The result in Figure 4 indicates that there are two cycles among the four

objects. The cycles are symbolized by the two ‘+” above the matrix diagonal.

3. Competitive Learning

The basic idea behind competitive learning or ‘winner takes all’ learning is similar to the natural
selection principle proposed by Darwin and attributed to human and animal evolution. In a
‘winner takes all’ model, neurons compete in response to a stimulus and the best responding
neuron wins the competition and rewards itself by increasing the strength of its active synapses.
Variations of the basic competitive learning model include Kohonen's self-organizing maps and
Adaptive Resonance Theory. Kohonen's self-organizing maps are topographic maps
autonomously organized by a cyclic process of comparing input patterns to the weight vector
stored in each output node. Grossberg's Adaptive Resonance Theory (ART) addresses the
problem of instability of learned patterns by adding extensive feedback connections.

ART1 - ART3, ART Map, ART Star and Fuzzy ART are some of the variations on the
Adaptive Resonance architecture (Grossberg and Carpenter 1991). ART]1 classifies binary input
patterns in an unsupervised environment whereas ART2 works in the real pattern space. ART
Map and ART Star modify the basic ART architecture for training in a supervised environment.

4. Inductive Learning and Data Mining
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Machine learning and data mining are used to identify patterns in data sets. Langley and Simon
(1995) grouped machine learning research into the following categories:

a) Neural networks

b) Genetic algorithms

c¢) Case-based learning

d) Rule induction

e) Analytical learning

Some of the best-known learning algorithms in the last three categories are listed next.

ID3: Induction Decision Tree is a supervised learning algorithm developed by Quinlan (1986).
AQI5: Inductive learning system generates decision rules, where the conditions are logical
formulas (Michalski et al. 1986). Domain knowledge is used to generate new attributes that are
not present in the input data.

Naive-Bayes: A simple induction algorithm that computes conditional probabilities of the classes.
Given the instance, it selects the class with the highest posterior probability (Domingos and
Pazzani 1996).

OODG: Oblivious read-Once Decision Graph induction algorithm for building oblivious decision
graphs, using a bottom-up approach (Kohavi 1995).

Lazy decision trees: An algorithm for building the best decision tree for every test instance
developed by Friedman et al. (1996).

(C4.5: The decision-tree induction algorithm by Quinlan (1993).

CN2: The direct rule induction algorithm by Clark (1989). This algorithm combines the best
features of both ID3 and AQI15, where it uses pruning techniques similar to the techniques
employed in ID3 and similar to the decision rules used in AQIS5.

IB: The set of instance based learning algorithms by Aha (1992).

OCI: The Oblique decision-tree algorithm by Murthy et al. (1994).

72: The two-level error-minimizing decision tree by Auer et al. (1995). It minimizes the number
of errors and discretizes continuous attributes.

Other major developments in learning and data mining are summarized in the edited volumes by
Lin and Cecerone (2000), Carbonell (1990), Michalski et al. (1998) and the book by Mitchell
(1997). For a survey of important applications of machine learning see Langley and Simon
(1995) and Kusiak et al. (2000).

5. Rule Structuring

Rule structuring is to enhance the decision-making capability of the knowledge generated with
learning algorithms. The need for knowledge structuring is supported by the notion of cognitive
maps and mental models discussed in Caroll and Olson (1987) and Wickens et al. (1998). By
structuring decision rules a human dimension will be incorporated into the knowledge extracted
from data. The idea of structured knowledge is introduced by two examples of simplified
decision tables presented in Figure 5. In the table of Figure 5(a), each of the four decisions A — D
is made based on the same number of features. A learning algorithm has derived each of the four
decision rules based on 1000 examples. There is no exception to these rules, which creates an
ideal decision-making setting that could be easily automated. The decision-maker matches the
features of a new decision case with the features in the decision table and assigns the new case a
decision equal to one of the four decision rules represented in the table. For example, a new case
with the feature values F1 = yes, F2 = 1, F3 = 1.9 would be assigned decision B by rule 2 of
Figure 5(a). Note that in this table, the decisions are differentiated based on the feature values, not
the features.
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In the decision table in Figure 5(b) the decisions A — D are differentiated on features. Each of the
four decisions is made based on the values of three to four different features. The feature sets
associated with each of the four rules and decisions are mutually exclusive.

1000 examples

1000 examples

1000 examples

a) F1 F2 F3 Decision  Support b) F1 F7 F10 F4 F6 F9 F3F5F8F12  F2 F6 Fll Decision Support
Rule I |yes 1[8.1-9.9] A 1000 examples Rule 1 | ax 2 [7.7-9.1] A
Rule2 |yes 1 [1.7-2.1] B 1000 examples Rule 2 [1.3-1.7] bb 4 B
Rule3 | no 2 [2.2-4.9] C 1000 examples Rule 3 di 7 yes no C
Rule4 |yes 2 [5.0-8.0] D 1000 examples Rule 4 no 4 [52-56] D

1000 examples

Figure 5. Examples of simple decision tables: a) single feature table, b) multi-feature table

Analyses of many engineering and medical data sets indicate that in many cases decision tables
have distinct structures. Exploring different structures of tables will be helpful in decision making
by:

Decision process becoming transparent to the user and computing environment
Supporting data evolution

Increasing decision accuracy

Exposing missing feature, which would be helpful in planning future data acquisition and
research directions

The decision table in Figure 6 illustrates the case where decisions are differentiated based on
features and their values.

000D

Decision Support
Rule 1 | ax 2[7.7-9.1] >7, 3,no A 100 examples
Rule 2 [1.3-1.7] bb 2 B 37 examples
Rule 3 bz 2 di 7 yes no [<7] C 81 examples
Rule 4 o 1 no 4 [52-56] D 45 examples

Figure 6. Example of a decision table with differentiation based on features and their values

The decision table structure and the decision differentiation methods are determined by factors
such as:

0 Type of a learning algorithm

0 Rule selection criteria

o Constraints and objective functions imposed on a decision table structure

The decomposition problem considered in this paper is NP-hard, therefore heuristic rather than
optimal algorithms are likely to be developed. Note that a learning algorithm may produce more
than one rule for a decision. The fact that more than one learning algorithm will be used at a time
will result in multiple rules per decision. This will complicate the unstructured decision table and
it will increase computational complexity of the table-structuring problem.

The structured decision tables have multiple applications. First, they can be used to generate
backbones of visualization environments (e.g., virtual reality), and may have a profound impact
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on the quality and transparency of decision making. Second, the decision signatures derived from
these tables are useful in surfing through the growing volume of information. Third, the tables
support the knowledge discovery process by fusing information from diverse sources.

6. Data Engineering
The term data engineering introduced in this paper is analogous to the term genetic engineering
and it has some relationship with genetic programming (Koza 1992) and evolutionary compution
in general (Bentley 1999). Similarly to genetic engineering that may use simple methods such as
selective breeding to complicated ones such as gene cloning, data engineering methods will vary
in type and scope. The data engineering methods can improve the quality of decisions generated
based on the knowledge stored in decision tables. The improvements will be accomplished by a
better handling of exceptions. Three examples of data engineering actions performed on the
entries of a decision table are discussed next:
0 Modifying feature values
0 Modifying feature sets
0 De-coupling compound decisions
These actions aim at improvement of the generalization capability of the rules extracted in the
learning phase of data mining. The first two actions sound intuitive, however, the data
engineering methods leading to accomplishing them are not. In support of these actions, a range
of methods needs to be derived. At the lowest level of data granularity genetically inspired
evolutionary approaches will be developed. At the higher level, application of the design of
experiments (DOE) approach appears to be promising. The biological concepts combined with
DOE theory will be applied to develop data engineering methods through experimentation with
industrial and medical data sets. The third action requires more elaboration. Rules extracted from
a data set may include a multitude of decisions rather than a singular decision. This is due to the
fact that training sets may be ‘tainted’ with vectors of feature values that are assigned compound
decisions. Such training sets may include a mixture of data with singular and compound
decisions. The data engineering approach identifies features and their values with a single
decision, thus ‘breaking down’ the compound decisions into unique decisions as illustrated in
Figure 7.
The analysis of the matrix in Figure 7(a) revealed that the decision labeled as C could be de-
coupled into decision A and decision B in Figure 7(b).

a) Features Decision

Rulel |[ ] A b) Features Decision
Rule 2 T8 Rulel |[ | A
Rule3| | | ] c Rule 2 1]

Figure 7. Decision matrix: a) compound decision C, b) decision C de-coupled in A and B

The concepts form genetics, decomposition, design of experiments and statistical process control
will be used to develop data engineering methods. The flavor of one of the data engineering
methods based on statistical process control (SPC) is illustrated next.

SPC Data Engineering Method

The decision making approach proposed Kusiak et al. (2000) generates accurate decisions for
high percentage of cases with unknown outcomes, rather than making decisions for all cases with
error. This approach is ‘individual object’ oriented in contrast to ‘population-based’ approaches
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followed by neural networks, regression analysis, and quality control. The latter three approaches
are concerned with describing the entire population of data (Besterfield 1994). Statistical control
methods are useful in analyzing outcome trends and improving processes. The proposed data
engineering methods will extend and complement the SPC approach by providing a justification
of the decisions made. The essence of the relationship between statistical control and data mining
is captured in Figure 8.

Additional
Information

° o ©
g UCL g UCL
gle .o ° .. N o o Mean S ) .o ) .. Kﬁ Mean
5 e o 2 1 \_n_./
o o
o L ® ° ]
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Figure 8. Data interpretation: a) control chart, b) data mining

The process control chart in Figure 8(a) divides the outcome population into three regions, U
(upper), N (nominal), and L (lower). The information analyzed with the SPC approach is
typically numerical and no direct relationship is captured between these three regions and the
features. The rules extracted from an SPC data set decompose the outcomes into numerous
regions, for example A — F in Figure 8(b), other than the three regions in Figure 8(a). The
information used to generate these partitions may come from different sources and may be
qualitative or quantitative.

7. Conclusion
In this paper, basic models and algorithms for data analysis were discussed. Novel uses of
methods based on cluster analysis, precedence analysis, and data mining were discussed. The
software for the extended cluster identification algorithm and the triangularization was presented.
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