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Abstract

This thesis investigates discovery of classification rules from databases for clas-
sifying new data and for analyzing properties of the databases. Typical databases
involve huge number of rules and the key issues of rule discovery are how to evaluate
interestingness of rules and how to find interesting rules efficiently.

In classification task, the desired rules are the ones that are as simple as possible
‘and can classify new instances correctly. Recent researches on supervised learning
show learning plural rule sets can significantly improve classification ability while it
degrades the simplicity of the total rule sets. This thesis presents a discovery algorithm
IGR(Instance Guided Rule induction) that achieves high classification ability without
degrading simplicity by inducing one pseudo-optimum rule for each training instance.

In analysis of the properties of the databases, most previous researches use support
and accuracy for selecting rules and tend to extract many statistically trivial rules.
To resolve this difficulty, this thesis presents new criteria of rules that evaluate a
rule by whether every condition in its body is really required to imply its conclusion.
Moreover, this thesis presents two algorithms to extract interesting rules based on
the criteria, DIG(Discovery of Interesting rules with Grouping attribute values) for
nominal databases and IIS(Iterative Interval Specialization) for numeric databases.

The contributions of this thesis are summarized as follows. First, this thesis clarifies
what kind of rules should be discovered and gives new criteria of rules to filter out less
interesting rules. Second, this thesis presents three efficient discovery algorithms for
classifying new instances and for analyzing properties of databases. Finally, this thesis

empirically demonstrates the performance of the algorithms.
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Chapter 1

Introduction

A key element of an intelligent system is the ability to discover new knowledge. This
ability has been researched in both of machine learning and data mining. Knowledge
discovery is a complex task consists of many kinds of processes, gathering various kinds
of data from distributed resources, cleaning gathered data by editing them (semi-)
automatically, combining the data to generate a database to be analyzed, analyzing
the database, and presenting the results of analysis to a user[8, 24, 39, 57, 67]. Even
if all of these processes play quite important roles in knowledge discovery, the central
issue of knowledge discovery is the process of data analysis. Many paradigms have been
proposed for data analysis[11, 36] depending on what kind of knowledge is discovered
from what kind of data and depending on how the discovered rules are used for. This
thesis focuses on discovery of classification rules from labeled instances for predicting

classes of new instances accurately and for extracting non-trivial regularities in the

given instances.

1.1 Rule Discovery for Prediction

Many applications of knowledge discovery are prediction tasks from prior instances[67].
It is an active subfield of machine learning to learn hypotheses from a set of labeled

instances to classify new instances. Many learning paradigms have been proposed to

Table 1.1: An example of training instances. In this example, each instance is repre-
sented by its class label and values for three attributes, Made_in, Size and Price.

ID class Madein  Size Price
1  positive Japan small | 1,000,000
2 positive | japan small | 1,500,000
3 positive | japan small | 2,500,000
4  positive jJapan  middle | 1,200,000
o positive | japan  middle | 3,000,000
6 negative | japan big 1,800,000
7  positive | europe small | 1,900,000
8 negative | europe small | 2,800,000
9 negative | europe middle | 1,000,000
10 negative | europe maddle | 3,500,000
11 negative | europe big 1,400,000
12  positive | europe big 2,000,000

learn various types of hypotheses from various types of instances[41]. As the repre-
sentation of the instances, this thesis assumes attribute-value representation in which
each instance is represented by its class label and values of predefined attributes. This
representation is simple but sufficiently powerful in many practical domains and is
used in many learning systems to learn decision trees[51, 10], decision rules[38, 15, 17,
neural networks[31], and nearest neighbor classifiers[19, 47]. Table 1.1 is an example of
the representation of training instances. In this table, each row represents one instance
and each column shows the values for one attribute.

This thesis focuses on discovery of decision rules, a set of classification rules, from
the training instances with attribute-value representation. A classification rule is a
kind of if-then rule that constrains values of attributes in its body and classifies the
instances into the class in its conclusion. Following is an example of classification rule

learned from the training instances in table 1.1.

Size € {small, middle} A Price < 1,800,000 = class = positive.



This rule means that an instance belongs to class positive if it satisfies the two condi-
tions on Size and Price. This thesis is only concerned with classification rules whose
bodies are conjunctions of conditions that constrain values of single attributes.

In rule discovery for prediction, a hypothesis is a set of discovered rules and a new
instance is classified with the whole set of discovered rules. Then, discovered rules are
evaluated as a set of the rules.

Learning a hypothesis from a set of training instances is a kind of optimization
problem because learning is a task to select the best hypothesis with respect to a
certain criterion among huge number of hypotheses[43]. This optimization problem is
quite difficult because of the following two reasons. First difficulty is computational
intractability. If there are M attributes with D possible values, then the number of
distinct instances is DM and the number of logically distinct hypotheses becomes 2P™
for each class because a hypothesis is defined by a set of instances covered by it. Second
difficulty is how to evaluate hypotheses. In many application of machine learning
techniques, the primary objective of the learned hypothesis is to classify new, unknown
instances correctly and the best hypothesis is the one with the highest classification
accuracy. However, learning algorithms only know the given training instances and
can not evaluate exact accuracy for new instances. They can only predict the accuracy
for new instances from the accuracy for known instances[4]. Strict optimization with
such an uncertain evaluation causes over-fitting with the training instances[46, 52].

Most learning algorithms do not try strict optimization because of the above two
difficulties. They apply more computationally light methods for the main process
of learning and try optimization in pre-processes or post-processes of learning such as
feature subset selection[12, 35] and pruning decision trees[18, 42] and decision rules[16].

Some researches tried strict optimization but were effective for only a few databases|29,

46, 70).

In addition to classification performance, simplicity of learned hypotheses is an-
other viewpoint of hypotheses evaluation. Simplicity becomes important when human
experts try to understand learned hypotheses and to modify them based on their do-
main knowledge. In such a case, simple hypotheses with small number of rules are
easy to understand and are more preferable than complex hypotheses.

It is well known that if two hypotheses have similar classification ability on the
training instances, then the simpler one works better for unknown instances|7]. This
heuristic is known as “Occam’s razor”. Most learning algorithms use Occam’s razor
explicitly or implicitly. For example, Quinlan and Rivest [54] apply minimum descrip-
tion length (MDL) principle[55] to decision tree induction that minimizes the total
description length of a tree itself and descriptions for exceptional training instances
miss-classified by the tree. However, even if simpler hypotheses usually achieve high
accuracy, these two criteria evaluate different properties of hypotheses and don’t need
to coincide with each other.

Recent researches show counter examples of Occam’s razor. For example, bagging(9]
and boosting[58] learn plural hypotheses with weak learners and combine them as a
whole hypothesis to classify new instances. Then, the whole hypothesis is more com-
plex than individual hypotheses. However, both of empirical(25, 53] and theoretical
analyses[59] show their abilities to improve classification accuracy of the existing learn-
ing algorithms. A simple hypothesis is more preferable than complex ones because of

its simplicity itself, not because it has higher classification ability[21].



1.2 Rule Discovery for Extracting New Knowledge

The purpose of rule discovery is sometimes not to predict for new instances but to
extract interesting regularities to analyze the characteristics of the given databases.
Association rules discovery[1] is an example of this type of rule discovery.

In discovery of association rules, each training instance is a set of items and the
purpose is to analyze relationships between items. Basket analysis is a typical ap-
plication of association rule discovery. In this analysis, an instance is a set of items
bought by one person and the purpose of the analysis is to generate rules such as “if
a customer buys beer then he/she also buys potato chips with high probability”.

As in rule discovery for prediction, evaluation of rules is an important issue in
discovery for analysis. However, there is a big difference between these two kinds of
discovery on what should be evaluated. In prediction tasks, the purpose of discovery is
to discover a set of rules, not a specific rule, to achieve high prediction performance and
the discovered rules are evaluated as a set of them. Instead, in discovery for analysis,
the purpose is to discover rules representing useful regularities and an individual rule
is evaluated as itself.

In usual, discovery for analyzing databases is a kind of constraint satisfaction
problems[65, 69, 72| to enumerate all rules that satisfy given constraints such as the
maximum length of rule’s body and thresholds on given criteria to evaluate rules. In
association rules mining, most algorithms constrain rules to be discovered with lower
bounds of their support and accuracy. However, it is not easy to set appropriate
thresholds on support and accuracy. High thresholds lead only trivial rules that hu-
man experts already know and low thresholds lead too many rules. In addition, even
if large support and high accuracy are important conditions of good rules, they are

not sufficient conditions for good rules. Then, it is quite difficult to select useful rules

with only constraints on them and it is required to restrict rules with other criteria

that represent usefulness or interestingness of rules directly[5, 37, 49)].
1.3 Objective of This Thesis

The primary objective of this thesis is to construct practical discovery systems for
classification rules. This objective consists of two problems. First problem is to clarify
what kind of classification rules should be discovered. The answer to this question
strongly depends on what the discovered rules used for. This thesis deals with two
types of rule discovery, discovery for classifying new instances accurately, and discovery
for extracting non-trivial regularities. The evaluation of rules is quite important in the
second situation and this thesis proposes new criteria of rules for the situation.
Second problem is how to discover the desired classification rules effectively. In
usual, there are huge number of possible rules even in a small database and the crucial
problem of rule discovery is how to search desired rules in practical time. This thesis
proposes effective discovery algorithms for many situations, discovery of rules to achieve
high classification performance, discovery of interesting rules in nominal domains, and

discovery of interesting rules in numeric domains.

1.4 Overview of This Thesis

This section provides the content of the remainder of this thesis.

Chapter 2 presents a rule discovery algorithm IGR (Instance Guided Rule induction)
for classifying new instances correctly. The objective of this algorithm is to achieve
high classification accuracy without increasing both in learning time and the number
of learned rules. IGR achieves these requirements by learning one pseudo-optimum

rule for each training instance. The pseudo-optimum rule means the rule with 100%



accuracy that covers as many positive instances as possible. The rule represents the
widest area of the concluding class around the corresponding training instance. If a test
instance to be classified is sufficiently near to a certain training instance, we can expect
that the rule for the training instance is also pseudo-optimum for the test instance and
the rule classifies the test instance correctly. This chapter also reports the experimental
evaluation using databases from UCI machine learning repository[6] and compares IGR
with other learning algorithms with respect to classification performance, learning
speed, and the complexity of learned hypotheses.

Chapter 3 and 4 describe rule discovery for extracting non-trivial regularities from
a given database and the purpose of discovered rules is not for classifying new instances
but to analyze characteristics of the given database. As described above, huge number
of rules are embedded in typical databases and the most important problem of rule
discovery is how to filter out less interesting rules. This problem is not so serious in
discovery of rules to classify new instances because discovery algorithms can reject
rules that don’t contribute to improve classification performance. However, even if a
rule overlaps with other rules and doesn’t improve classification accuracy at all, it may
represents a different regularity from other rules by constraining values of different
attributes and may be worth to be discovered for analyzing databases.

Chapter 3 discusses how to evaluate rules and presents new criteria of classification
rules that requires a rule to be discovered is not a trivial conclusion from simpler rules.
Chapter 3 also applies the criteria to rule discovery in nominal domains and presents a
new rule discovery algorithm, DIG(Discover Interesting rules with Grouping attribute
values), to discover rules with grouping attribute values[22, 44], i.e. rules that permit
plural values for each attribute in their bodies. Attribute value grouping increases

the representation power of rules and makes it easy to understand the meaning of

discovered rules.

Chapter 4 applies the criteria presented in Chapter 3 to numeric domains in which
values of all attributes are numeric. This chapter focuses on a classification rule in
which each condition in its body requires that a value of a certain attribute belongs to
a specific interval. Because a slight difference of boundaries of the intervals does not
affect the meaning of a discovered rule, this chapter assumes values of each attribute
are discretized into dozens of values and tries rule enumeration from the discretized
instances. Even if the discretization decreases the number of possible rules, one of the
most important problems is also how to reduce the time complexity for rule enumer-
ation. This chapter presents two discovery algorithms to enumerate rules in numeric
domains and compares them empirically.

Chapter 5 surveys the literatures about knowledge discovery algorithms and dis-
cusses the relationships between them and the criteria of rules and the algorithms
presented in this thesis.

Chapter 6 summarizes the contributions of this thesis and discusses future work.



Chapter 2

Rule Discovery for Classification

2.1 Learning Hypotheses for Classification

This chapter discusses learning hypotheses from pre-classified training instances to
classify new instances correctly. This problem has been researched as supervised
learning[11, 36] and many algorithms have been proposed. This thesis focuses on
discovery of if-then rules, where a hypothesis to classify new instances is a set of
all discovered rules. In supervised learning, the primary objective is to classify new
instances correctly and the most important criterion of learned hypotheses is classifi-
cation accuracy for new instances. In addition, simplicity of the learned hypotheses
is also an important criterion of the hypotheses. This becomes crucial when human
experts want to understand the meaning of learned hypotheses and to modify the
hypotheses with their background knowledge.

These two criteria, classification performance and simplicity, don’t coincide with
each other. For example, bagging[9] and boosting[58] learn plural hypotheses and com-
bine all of them to classify new instances. Both of empirical[25, 53] and theoretical[59]
analyses show that bagging and boosting can significantly improve classification per-
formance. However, they degrade simplicity of the total complexity of the hypotheses.

The objective of this chapter is to achieve the same classification performance with

Table 2.1: An examples of training instances. Values for Price are discretized into
three values, cheap, middle and expensive.

QD class Made_in  Size Price
1 | positive | japan small cheap
2 | positive | japan small maddle
3 | positive | japan small expensive '
4 | positive | japan  middle cheap
5 | positive Japan  middle expensive
6 | negative | japan big maddle
7 | positive | europe small maddle
8 | negative | europe small expensive
9 | negative | europe muddle cheap
10 | negative | europe middle exzpensive
11 | negative | europe big cheap
12 | positive | europe big middle

bagging and boosting without loss of the simplicity of the discovered hypotheses.

2.2 Discovery Algorithm:IGR

2.2.1 Overview of IGR

This section presents a new discovery algorithm IGR(Instance Guided Rule induction)
to learn a set of if-then rules to classify new instances correctly. The input of this
algorithm is a set of training instances represented by class labels and values of pre-
defined attributes. IGR can only deal with nominal attributes and requires values of
numeric attributes to be discretized before learning. Table 2.1 shows an example of a
set of training instances. The instances in this table are the same instances in Table
1.1 in Chapter 1 but the values of the last attribute, Price, are discretized into three
values, cheap, middle and expensive. The output is a set of if-then rules with weights

for majority voting such as

Made_in = japan A Size € {small, middle} = class = positive : 3.0,
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Size = small A\ Price € {cheap, middle} = class = positive : 1.5,

Price € {cheap, expensive} = class = negative : 4.0,

When classifying a new instance, IGR checks whether the new instance satisfies a
body of each rule and returns the class that maximizes the sum of the weights of
satisfied rules. For example, the instance with Made_in = japan, Size = small and
Price = cheap satisfies bodies of all of the above three rules. Then, the score for class
positive becomes 3.0 + 1.5 = 4.5 and the score for negative is 4.0. As a result, the
instance is classified into positive.

As discussed in the previous section, the objective of this algorithm is to achieve
high classification performance without increasing the number of learned rules. The
basic idea of IGR is to learn the optimal rule for each training instance. The optimal
rule for a instance ¢ belonging to class ¢ is the rule that covers as many instances in
class c including 7 as possible and rejects all instances in other classes. The optimal rule
represents the widest area of class ¢ around the instance 7 and we can expect that the
rule can classify new instances near ¢ correctly. Because it is computationally difficult
to induce the strict optimal rules, IGR induces a pseudo-optimal rule for each training
instance by greedy search and achieves high classification performance by combining
such locally pseudo-optimal rules.

When inducing a rule for a target instance ¢, IGR applies general-to-special greedy
search. It starts from a rule with no condition and iteratively specializes it by adding
a new condition with the highest information gain among all of possible conditions
that accept the target instance. IGR doesn’t try backtracking and never removes
the selected condition. IGR stops specialization when the rule covers only positive

instances. Positive instances are the training instances belong to the same class of the
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target instance and negative instances are the training instances in other classes.

The trivial method to learn one rule for each instance is to learn each rule one by
one. However, IGR specializes rules for many target instances at once to accelerate
learning by sharing condition evaluation processes to select the best conditions to
specialize the rules. For example, when selecting the first condition of the rules, every
condition has the same score for the rules for all target instances in the same class and
IGR doesn’t need to iterate evaluation of the conditions for the first specialization for
each rule. If the rules for plural target instances select the same condition at the first
specialization, then the rules can share the condition evaluation process to select the
second conditions for specialization. The complexity of condition evaluation process is
the number of conditions times the number of instances covered by the current body
because the process requires to count a frequency of instances for each combination of
an attribute value and a class label in the instances that satisfy the current body. This
process must be done for every condition for every rule and is the most time consuming

process in learning classification rules.
2.2.2 1IGR

Figure 2.1 shows a pseudo-code of IGR that is a recursive procedure to learn pseudo-
optimum rules for a certain class. The inputs of the algorithm are a set of target
instances for which pseudo optimal rules should be induced, T'argets, a current body
of the rules for the target instances in T'argets, Body, and the weights of intances to
avoid to induce many similar rules. The output of the algorithm is a set of pseudo-
optimum rules for the training instances in T'argets, Rules. IGR is first called with all
positive instances in T'argets and with no condition in Body (Body = true) to induce
rules for all positive instances belong to the target class c. The weights of instances are

initialized to 1 for all instances. IGR iteratively specializes the body Body by adding an

12



procedure IGR(Targets, Body, Weight)
inputs:
Targets : set of target instances belong to a target class c.
Weight : weights of training instances.

Body : current body (conjunction of conditions) for target instances.
output:
Rules : set of discovered rules.
1. Rules := ¢.

Pos:= set of positive instances that satisfy Body and belong to a target class c.
Neg:= set of negative instances that satisfy Body and belong to a target class c.

2. If Neg = ¢ then

5 Rules := {Body = c}.

4. else

5. Generate all conditions to specialize Body and evaluate them with
weighted information gain in the set of instances Pos U Neg.

6. Foreach target instance ¢ € T'argets

7. Select a condition that accepts ¢ and maximizes information gain.

8. I(t) := {i|condition ¢ is selected for ¢}.

9. Foreach t such that I(t) # ¢ (decreasing order of information gain)

L0 Rules := Rules U IGR(I(t), Body A t, Weight).

IhL Foreach p € Pos

12. Weight[p] := a - Weight[p]. (a < 1)

13.Return Rules.

Figure 2.1: Discovery algorithm IGR. IGR learns rules for the training instances in
Targets and IGR is first called with all positive instances in T'argets.

appropriate condition until Body covers only positive instances (step 3). If Body rejects
all negative instances, IGR returns a rule Body = c¢. Otherwise, IGR evaluates all of
possible conditions to specialize Body and selects the best condition for each target
instacne in T'argets. IGR uses weighted information gain for evaluating conditions.
The next subsection will explain this criterion for condition selection. For all target
instances that select the same condition ¢, I(t), IGR can evaluate the conditions for
the next specialization at once and calls IGR recursively with Targets = I(t). IGR

updates the weights of intances to avoid to induce many similar rules. IGR decreases
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the weights of intances accepted by the selected condition and focuses on the instances
rejected by the condition in the discovery process with other conditions(step 10~12).

The number of rules induced by IGR is at most the number of training instances
and is usually smaller than that because plural training instances share one rule as
their psuedo-optimal rule. This happens when the condition in step 2 in Figure 2.1 is
satisfied with plural target instances in Targets.

IGR is similar to AQ family that also learns one rule for one seed instance. The
most important difference between them is that IGR induces redundant rules to classify
training instances correctly. After learning one rule, AQ removes all positive instnaces
covered by the rule and induces the next rule for the remaining instances. The resulting
rule sets cover all of positive instances and can classify all training instances correctly.
Instead, IGR does not remove instances covered by the generated rules and induces
one rule for every training instnaces. As a result, IGR learns more rules than AQ and
some of the rules from IGR may not be required to explain training instances correctly.
However, these redundant rules improve classification performance for new, unknown
instances as the experimental results in section 2.3 will show. Another differenece
is that AQ induces rules one by one but IGR induces plural rules at once to reduce

running time.

2.2.3 Condition Selection for Specialization

For general-to-special rule induction like IGR, one of key issues of the algorithm is
how to select conditions for specializing bodies of rules. When specializing a rule, the
simplest and the most traditional way is to add a condition that accepts instances with
a certain attribute value. However, this type of condition tends to generate too specific
rules when each attribute has many possible values. To avoid over specialization, IGR

divides values of one attribute into two groups and uses a condition that accepts values

14



in one group. When inducing rules for class ¢, IGR divides values based on whether

each value increases the probability of the target class ¢ or not as follows.

G™*(z, ¢, Body) = {v|v € Domain(z) A P (c|z = v A Body) > P(c|Body)},

G~ (z, ¢, Body) = {v|v € Domain(z) A P (c|z =v A Body) < P(c|Body)},

where z and Domain(x) is an attribute and a set of its possible values. Therefore, IGR
generates two conditions, z € G*(z, ¢, Body) and r € G~ (z,c, Body), as candidates
for specialization for each attribute z at each specialization step. For simplicity, I use
z = v to denote z € G*(z, ¢, Body) (z € G~ (z,¢, Body)) if GY(G™) involves only one
value v. IGR fixes the value groups at each specialization step and doesn’t modify the
combination of the permitted values for the selected conditions afterwards. Instead,
IGR may change the permitted range of the attribute by adding a new condition on
the values of the same attribute.

IGR uses weights of instances to avoid inducing many similar rules and counts
probabilities by replacing frequencies of instances with the sums of the weights of the
instances. For example, P(c|Body) becomes the ratio of the sum of the weights of
the instances that satisfy both of class = ¢ and Body, on the sum of the weights of
the instances that satisfy Body. IGR updates the weights of training instances with a
dumping factor a at step 12.

IGR evaluates each condition with information gain[51] with small modification.

Information gain of a condition ¢ is defined as

IG(t, ¢, Body) E(P(c|Body))
P(t A Body) - E (P(c|t A Body))

P(~t A Body) - E(P(c|=t A Body)), (2.1)
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where

E(p) = —p-logyp — (1 — p) - logy(1 — p).

The probabilities in (2.1) are also counted with weighted frequencies of the instances.
Information gain becomes maximum if the condition can completely divide instances
into the set of positive instances and the set of negative instances. Oppositely, infor-
mation gain becomes zero when the condition does not change the probability of the
target class at all.

Information gain evaluates a division of instances into two sets and gives the same
score to a condition ¢ and its negation —t. In other words, it can’t distinguish ¢ and —t
and can’t judge which is better for specialization. It is not important in decision tree
learning because sub trees grow for both accepted and rejected instances in decision
trees. However, decision rule learner focuses on only accepted instances and requires to
distinguish the conditions and their negations. For example, if ¢ permits most positive
and few negative instances and gets high information gain, then —t rejects most of
positive instances and remains many negative instances. In such a case, it is good
to specialize a current body with ¢ but is stupid to use —t. Therefore, IGR checks
whether the condition increases the probability of target class ¢ and uses negative of
information gain as a score of the condition if the probability deceases. As a result,
IGR uses the following evaluation function for a condition ¢ to specialize a body Body
when inducing rules for a class c.

IG(t,c, Body) if P(c|t A Body) > P(c|Body)

—IG(t,c, Body) otherwise (2.2)

Est(t,c, Body) = {

2.2.4 Weights of Rules

IGR learns a set of if-then rules and classifies new instances with the rules. There

are two common problems to classify a new instance by a set of rules, how to classify

16



an instance that satisfies no rule and how to classify an instance that satisfies plural
rules. In the former case, IGR returns the majority class in the training set. In the

later case, IGR selects a class by majority voting with the following weights of rules.

1
weight(r) = =k (2.3)
i) = 2. Q)

where I(r) is the set of training instances covered by a rule r and S(i) is the set of rules
that cover an instance 2. This definition of weights assigns large weight to an isolated
rule that covers many training instances not covered by other rules. Oppositely, even
if a rule has large support and covers many instances, its weight may become small if
it covers only instances covered by many other rules.

From a statistical viewpoint, a rule becomes more reliable as it covers more positive
instances and less negative instances. Because IGR generates rules that cover only pos-
itive instances, the simplest weights of rules are their support, the number of positive
instances covered by them. The recent version of CN2[14] sets weights of rules based
on this approach. When classifying a new instance, it sums up class distributions of
rules satisfied by the instance to be classified and classifies the instance into the class
with maximum score. Because IGR induces rules covering only positive instances, us-
ing the support of rules as their weight coincide with the rule weighting in CN2. If the
two rules with different class labels cover an instance to be classified, then it is natural
to classify the instance into the class of the rule with larger support. However, using
support as weights of rules causes a problem when the instance is covered by plural
rules for each class. Intuitively, when plural rules with one class covers the instance to
be classified, classification of the instance into the class is supported by the training
instances covered by at least one of the matched rules. Then, if the learned rules don’t
overlap at all and each training instance is covered by only one rule, it is adequate to

use the sum of the support of the rules as the score of the class. However, there may
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be many rules that cover quite similar sets of the training instances and conclude the
same class. If many similar rules cover an instance to be classified, the sum of their
support becomes much larger than the number of training instances covered by them
and the score becomes too high. In such a case, the training instances covered by
many rules affect the results of classification of new instances much stronger than the
instances covered by a few rules. A solution to this problem is to keep a set of covered
training instances for each rule and to select the class that maximizes the size of the
union of the instance sets of the matched rules for the class. However, this makes clas-
sification too slow when training sets are huge. Instead of calculating the union, IGR
first counts how many rules cover each training instance and assigns a weight to a rule
by summing the inverse of the number of rules for each training instance covered by
the rule as in equation (2.3). This definition of the weight directly leads the following
property.
Vi, Y weight(r) = 1.
res(d) '
This property means that every training instance gives the same contribution to the

weights of rules.
2.2.5 Example

This subsection describes how IGR learns classification rules by using the training set
shown in Table 2.1 as an example. To discover rules for a class positive, IGR is called
with a set of all positive instances {1,2,3,4,5,7,12} as Targets and Body = true.
Then, Pos and Neg in step 1 in Figure 2.1 are the sets of all positive and all negative
instances respectively. The weights of instances are set to 1 for all instances. Because
Neg includes four negative instances and doesn’t satisfy the condition in step 2, IGR

counts class distribution for each attribute value and generates possible conditions by
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grouping attribute values (step 5). For example, class distributions for values of Size

are as follows.

positive | negative
Size = small 4 1
Size = middle 2 2
Size = big 1 2
total 6 4

IGR divides values of each attribute into two sets by whether the probability of pos-
itive instances increases or not. Because only Size = small increases the probability
of positive instances and other two values decreases the probability, IGR generates
two conditions for the attribute, Size = small and Size € {middle, big}. Informa-
tion gain is 0.10 for dividing instances in Pos and Neg by whether Size = small or
Size € {middle,big},and the scores for these two conditions become 0.10 and -0.10
respectively. IGR also generates conditions on other two attributes. As a result, IGR

generates the following six conditions for specialization.

condition score
Made_in = japan 0.20
Size = small 0.10
Price = muddle 0.04
Size € {muddle, big} -0.04
Price € {cheap,expensive} -0.10
Made_in = europe | -0.20

For each target instance in T'argets, IGR selects the condition with the highest score
among the conditions that accept the target instance (step 7). The condition Made_in =
japan has the highest score and IGR selects this condition for the target instances that
satisfy it, i.e. for instances 1, 2, 3, 4 and 5. Target instances 7 and 12 don’t satisfy this
condition and IGR selects Size = small for the instance 7 and Price = middle for the

instance 12. Then, IGR calls IGR recursively for these three conditions in descending

ir¢)

order of their scores (step 9 and 10).
IGR first selects the condition Made_in = japan and calls IGR with Targets =
{1,2,3,4,5} and Body = (Made_in = japan). The new body Made_in = japan

covers the following five positive instances and one negative instance.

ID class Madein  Size Price
1  positive japan small cheap
2 positive Japan small maddle
3  positive Japan small | expensive
4  positive | gapan  maddle cheap
95 positive | japan  middle | expensive
6 negative | japan big maddle

Because the value of Made_in is fixed to japan, IGR generates four conditions on

other two attributes to reject the negative instance and evaluates them as follows.

condition estimation
Size € {small, middle} 0.65
Price € {cheap, expensive} 0.32
Size = big -0.32
Price = middle -0.65

All of the target instances in T'argets satisfy the best condition Size € {small, middle}
that covers only positive instances. IGR is called with Body = (Made_in = japan

ASize € {small, middle}) and discovers the following rule.
Made_in = japan A Size € {small, middle} = class = positive

As a result, IGR with Body = (Made_in = japan) returns a rule set with only this
rule.

After the recursive call with Body = (Made_in = japan), IGR updates weights
of instances with the given parameter a. Let us assume a = 0.5. Then, the weights

become 0.5 for instances 1~5 and 1.0 for others.
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Next, IGR is called with T'argets = {7} and Body = (Size = small). Because the

instances 1,2,3,7 and 8 satisfy Body, the weighted class distribution for each attribute

value becomes

Made_in = japan
Made_in = europe
Price = cheap
Price = maddle

Price = expensive |

and IGR generates the following four conditions

Because there is only one target instance 7 and this instance satisfies the first condition,

Price € {cheap, middle}, the recursive call occurs only for this condition and returns

condition

Price € {cheap, middle}

Maid_in = japan
Maid_in = europe
Price = expensive

the following rule.

positive | negative
1.5 0.0
1.0 1.0
0.5 0.0
155 0.0
0.5 1.0
estimation
0.46
0.16
-0.16
-0.46

Size = small A Price € {cheap, middle} = class = positive.

At the end, IGR is called for the target instance 12 with Body = (Price = middle)

and returns

Made_in = europe N\ Price = middle = class = positive.

As a result, IGR learns the following three rules for class positive from the training

instances shown in Table 2.1.

Made_in = japan A Size € {small,middle} = class = positive,

Size = small A Price € {cheap, middle} = class = positive,

Made_in = europe N\ Price = middle = class = positive.
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Table 2.2: Characteristics of databases.

classes attributes | instances
breast 2 9 638
GIE 2 15 653
dna 3 60 3,186
glass v 10 214
hayes-roth 4 4 160
1T1S 3 4 Sl
krkp 2 36 3,196
monks-1 2 6 432
pima 2 8 768

promoters
satellite
segment
soy-large
tic-tac-toe
vehicle
voting
waveform
wine

classes
2
i

—
©\]

W W N =N

attributes
B
36
19
35
9
18
16
2l
13

instances

106

6,435

2,310
307
958
846
435

5,000
178

After inducing rules, IGR assigns weights of rules. IGR requires a set of instances

covered by a rule 7, I(r) and a set of rules that cover an instance i, S(i) to calculate

the weight of 7. The first rule R; covers five instances, 1~5 and the instance 1 and

2 are also covered by Ry but the remaining three instances are covered by only Rj.

Then, the weight for R; is calculated as follows.

. 1
weight(R,) = D 50|
i€{1,2,3,4,5}
Il % 1 4l 1 3 1l " 1
2 24 NI
4.0.

Similarly, the weights for Ry and Rj are

3 20K

a E5)

2.3 Experiments

This section compares IGR with AQ, C4.5 and two bagging learners with C4.5 by using

eighteen databases in UCI machine learning repository[6].
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to induce a rule for one seed instance. To show how IGR improves classification
performance by learning more rules than AQ, this section uses AQ with the same
conditions for specialization and the same condition selection criterion used in IGR.
The bagging learners use C4.5 as their weak learner and learn five and twenty decision
trees respectively.

Table 2.2 shows the domain characteristics of the databases used in the experiments.
Because IGR can’t deal with numeric attribute directly, ranges of numeric attributes
were discretized into five intervals with same population for small databases with less
than 500 instances and were discretized into ten intervals for larger databases with
more than 500 instances. AQ also learned from discretized instances because it used
the same conditions for specialization with IGR. Other learning algorithms, C4.5 and
bagging with it, can deal with numeric attributes directly and learned rules from
original, non-discretized instances. All experiments in this section rejected instances
with missing attribute value and used only instances in which values for all attributes
are given.

Before comparing IGR with other learning algorithms, I first investigate how weight-
ing of instances with «a affects discovered rule sets and how weights of rules in majority
voting affects classification accuracy. Table 2.3 reports the effects of a on classifica-
tion accuracy. The results in this table are the average of ten runs of five fold cross
validation. In most databases, classification accuracy slightly decreases as a decreases
but the differences were quite small when a > 0.05. Then, from the viewpoint of
classification accuracy, there is no reason to assign weights to the training instances.

However, weighting instances with « is important to learn smaller hypotheses with
shorter learning time. Table 2.4 shows how a affects the hypothesis size, i.e. the

number of rules, and learning time. For example, IGR with a = 0.1 extracted about
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Table 2.3: Dependency of classification accuracy on a. All results are the average of
ten runs of 5-fold cross validation and this table also reports 95% confidence intervals
of the average accuracy.

. a—1.00 a=0.20 a=0.10 a=0.05 a=0.00
breast 95.940.2 95.840.1 | 95.7+0.2 | 95.740.2 | 95.24+0.3
crx 86.3£0.4 | 85.5+0.5 | 85.3+0.3 | 85.64+0.4 | 83.8+0.6
dna 96.0£0.1 | 96.1+£0.1 | 95.940.1 | 95.940.1 | 94.940.1
glass 69.2+1.3 | 68.1£1.3 | 67.9+0.9 | 68.0+1.1 | 68.2+1.1
hayes-roth 82.840.9 | 82.64+0.9 | 82.6+0.9 | 82.7+1.0 | 82.3+1.1
Iris 90.7£0.9 | 90.6+0.8 | 90.7+0.8 | 90.84+0.9 | 91.1+0.9
krkp 99.04+0.1 | 99.240.1 | 99.240.1 | 99.3+0.1 | 99.440.1
monks-1 97.6+1.1 | 96.6+0.8 | 96.5+1.1 | 96.5+1.1 | 96.8+0.9
pima 74.41£0.6 | 74.940.4 | 74.6+0.5 | 74.1+0.7 | 72.440.8
promoters 87.5+1.4 | 86.6+1.3 | 84.9+1.3 | 83.3+1.7 | 80.1+2.1
satellite 85.6+0.1 | 86.7+0.1 | 86.1+0.2 | 85.7+0.3 | 83.0+0.2
segment, 95.8+£0.2 | 96.1+0.1 | 95.9+0.1 | 95.840.1 | 94.3£0.2
soy-large 85.8+0.8 | 85.84+0.9 | 85.74+0.7 | 85.3+0.7 | 84.7+0.8
tic-tac-toe 96.3+0.5 | 97.84+0.2 | 97.64+0.2 | 97.4+0.3 | 97.4+0.3
vehicle 69.84+0.6 | 69.44+0.8 | 68.5+0.9 | 68.3+1.0 | 64.5+1.2
voting 94.6+0.3 | 94.7+0.3 | 94.84+0.3 | 94.7+0.3 | 94.940.2
waveform  82.64+0.2 | 82.0+0.2 | 81.04+0.2 | 80.1+0.2 | 74.940.3
wine 93.3+£0.6 | 93.0+0.6 | 92,7+0.4 | 92.440.5 | 91.0+0.6

30% less rules in about 30% shorter learning time than IGR without weighting, i.e.
a = 1. This difference is not so large on average but the effects of the weights became
significant in the databases in which IGR discovered many rules such as satellite and
waveform. In these databases, IGR with weighting instances induced less than a half
rules and was about three times faster than IGR without weighting. Then, weighting
with small « is useful from the viewpoints of simplicity of learned hypotheses and the
complexity for learning. In the following experiments in this section, « is fixed at 0.1.

Table 2.5 shows the effect of the weights of rules in majority voting defined in
equation (2.3). This table compares three kinds of weights for rules in majority voting,

constant weight for every rule, using support of rules as the weights of rules and the
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Table 2.4: Dependency of the number of rules and learning time on a. All results are
the average of ten runs of 5-fold cross validation. Small a decreased the number of

induced rules and improved running time.

Table 2.5: Classification accuracy from three kinds of weights of rules, constant weight,
support and weighted support that IGR applies.

constant support weighted sup.
breast 96.14+0.2 95.74+0.3 95.74£0.2
Crx 85.0+0.5 82.5+0.9 85.5+0.3
dna 95.840.1 95.1+0.2 95.9+0.1
glass 67.5£1.5 65.5+1.6 67.9£0.9
hayes-roth 83.4+1.2 84.1+0.9 2. ED9
iris 90.7£0.8 89.7+0.7 90.7+0.8
krkp 99.3+0.1 99.240.1 99.240.1
monks-1 92.5+1.3 89.2+1.8 96.4+1.1
pima 74.240.5 72:00.7 74.61+0.5
promoters 85,28k a2 85.3£1.6 84.9+:1.3
satellite 86.2+0.3 83.240.1 86.2+0.2
segment, 95.940.2 95.0+0.1 95.92:0: 1
soy-large 85.0+0.9 85.3+1.0 85.7+0.7
tic-tac-toe  95.9+0.3 94.14+0.5 97.60.2
vehicle 68.0+£0.9 64.7+0.9 68.5+£0.9
voting 94.6+0.4 UENEEDD 94.840.3
waveform 79.940.2 wW8el+0.3 80.1+0.2
wine 93.0+0.6 92.61+0.6 92.71+0.4

# of rules learning time(cpu sec)

1.00 0.20|0.10 0.05|0.00| 1.00 | 0.20 0.10 0.05 ) 0.00
breast 36 29 28 26 25 | W22 oAl 016 018 ' 0.13
crx 109 i 71 66 62 | =0.59 | =089 ' 084" 0532 | 0.2%
dna 232 183 | 163 | 154 | 134 | 9.86| 825 7.49 6.96 05.02
glass 72 59 96 %) 54| 0.16]| 1=0-12| |} @il ~.0.01 | 0.10
hayes-roth 13 13 13 s 13 | '0.04 | | 0031 ' 102037 ®.03%) 0.02
iris II7 16 16 16 15 0.02 0.02 0.02| 0.02| 0.02
krkp 96 66 61 99 62 8.81 || 26330 2.184284. 1 1.59
monks-1 2 96 o6 o6 49 0.15 0.10| 0.10 0.10 0.90
pima 2481 145> 131 1261 122., 074 || 0:42| 037 084} 0.29
promoters 14 12 12 1% 11 009 0.08| 0.08 0.08 0.09
satellite 1,683 846 735 686 | 630 84.58 28.72 |23.21 20.60 16.53
segment 166 116 108 104 | 100 222 1.59| 145 134 1.09
soy-large 47 42 41 41 4y 0884 03D | 088" BSE ]| :32
tic-tac-toe 182 103 95 92 90 056 0.31| 0.27 0.26| 0.24
vehicle 255 SISH o 24N 084 185 1.65| 0.85| 0.77 0.74| 0.66
voting 372 27 25 25 251 0.18) 0.15/] 0.131 0.17|] 0.11
waveform 1,496 850 688 621 574 | 30.78 | 15.03 | 10.28 7.74 | 5.84
wine 16 15 14 14 14 0.04| 0.04| 0.04| 0.03| 0.03

weighted support defined in equation (2.3). In most databases, weighting rules with
their support degraded classification ability of induced rules compared with other two
weights. Weighted support was comparable to constant weight in many databases but
was superior than constant weight in monks-1 and tic-tac-toe.

Table 2.6 and 2.7 compare IGR with other learning algorithms. Table 2.6 shows
average classification accuracy and 95% confidence intervals over ten runs of five-fold
cross validation. Table 2.7 shows the average number of discovered rules. For C4.5
and bagging learners, this table reports the number of leaf nodes of decision trees as

the number of rules because a path from root to each leaf represents one if-then rule.
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By comparing with AQ, IGR achieved much higher accuracy in most databases.
IGR lost only one database, krkp, but IGR also achieved more than 99% accuracy in
this database. The poor results of AQ) in small databases with numeric attributes, such
as iris and wine, were mainly caused by the discretization of the attributes. Even if each
discretized value involves sufficiently many training instances before learning, some
discretized values become empty, or involve only a few instances after specialization
going on. This causes too specific rules and degrades the classification accuracy of
learned rules.

IGR also outperformed C4.5 with respect to classification accuracy in ten databases

(the difference of average accuracy was larger than 95% confidence interval) and the
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Table 2.6: Classification accuracy and its 95% confidence interval. Bagging(5) and
bagging(20) use C4.5 as their weak learner and learn five and twenty decision trees

respectively.

AQ C4.5 bagging(5) | bagging(20) IGR(a =0.1)
breast 82.9+3.6 | 93.3+£0.5 94.4+0.4 94.84+0.5 95.7£0.2
el 84.8+£0.5 | 83.9+£0.8 85.2+0.4 86.4+0.3 83.3+0.3
dna 83.5+1.7 | 93.84£0.2 © 94.14+0.2 94.61+0.2 95.910.1
glass 07.7£2.1 | 66.7£1.6 68.1+1.7 TIRIEE0NE 67.94+0.9
hayes-roth | 70.1£1.9 | 74.0+£2.0 76.7+1.4 76.7£1.6 826309
iris 68.0+£2.9 | 94.0+0.6 | 94.940.6 94.510.5 90.7+0.8
_ krkp 99.6+0.1 | 99.4+0.1 | 99.44+0.0 99.5+0.0 90 2501 1
monks-1 85.7+4.6 [ 91.24+1.9 | 93.5+1.4 96.4+1.3 96.5+1.1
pima TE. 105G 1 T283210 [ 73.2:H0°6 74.7£0.6 74.6£0.5
promoters 51.7+4.2 | 76.9+1.1 | 81.4%+1.6 83.9£1.5 84.9+1.3
satellite 73.5+£0.3 | 85.1+£0.2 | 86.9+0.2 88.6+0.1 86.21+0.2
segment 70.9£2.4 | 96.0£0.2 | 96.0+0.2 96.3+0.1 95.940.1
soy-large  69.6+1.4 | 88.7+£0.9 | 88.5+0.6 900ELH. 7 85.7£0.7
tic-tac-toe 91.0£1.2 ° 84.84+0.5 | 89.7+0.8 92.24+0.6 97.61+0.5
vehicle 06.3+1.4 70.9£0.5 | 72.840.8 74.2+0.4 68.5+0.9
voting 92.1+1.7 94.940.3 | 95.4+0.3 95.440.2 94.8+0.3
waveform  67.7+£0.6 72.9+0.3 | 77.7+0.3 80.2+0.3 81.01+0.2
wine 60.3+4.8 92.1+1.3 | 94.2+0.8 95.6+0.9 92.7+0.4

difference between them were about 10% in hayes-roth, tic-tac-toe and waveform. IGR
lost only six databases but the differences were at most 3.7%. This result shows IGR
can induce more accurate rule sets than C4.5 in many databases.

Bagging improved C4.5 in most databases. This section tried bagging with five
and twenty decision trees. In most databases, bagging with more trees achieved higher
classification accuracy. By comparing IGR with bagging, IGR won in some databases
such as hayes-roth and tic-tac-toe, but lost glass, iris, satellite and vehicle databases.
The differences were not so large in other databases. From the view point of classifica-
tion accuracy, IGR and bagging were also better than AQ and C4.5. However, bagging

with twenty trees induced about ten times more rules than IGR. In other words, IGR
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Table 2.7: Number of discovered rules.

AQ C4.5 | bagging(5) | bagging(20) | IGR(a—0.1)
breast 4 25 135 582 28
crx 20 38 157 623 71
dna Bil 104 613 2,449 163
glass 17 37 137 547 96
hayes-roth 8 14 89 358 k3
1ris 7 4 A 85 16
krkp 25 29 151 610 61
monks-1 8 30 181 fllp 56
pima 32 94 365 1,449 131
promoters 4 g 92 208 L2
satellite 97 429 1,776 7,123 735
segment 23 59 244 978 108
soy-large 20 40 181 726 41
tic-tac-toe 19 85 413 1,653 95
vehicle 2% 122 439 1,757 143
voting 11 6 36 148 25
waveform 76 638 1,998 7,997 688
wine 4 6 30 120 14

achieved similar classification accuracy with bagging with twenty trees with only 10%
of rules.

Table 2.8 shows average running time on sun workstation with 300MHz Ultra-
SPARCII. Even if IGR and bagging with twenty decision trees were comparable with
respect to classification accuracy, IGR was about 5~90 times faster than bagging and

was comparable to C4.5.

2.4 Chapter Summary

This chapter discussed discover of classification rules for predicting classes of new in-
stances correctly. In discovery for prediction, classification performance is the primary

criterion of discovered rules. In addition, the simplicity of learned rules is also im-
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Table 2.8: Average learning time (cpu seconds) of the three algorithms, C4.5, bagging
with 20 runs of C4.5 and IGR.

C4.5 | bagging(20) | IGR(a=0.1)
breast 0.07 1.18 0.16
€rx 0.67 8.72 0.34
dna 2.69 48.16 745
glass 0.40 5.48 0.11
hayes-roth  0.02 0.27 0.03
iris 0.02 0.33 0.02
krkp 1.31 26.03 259
monks-1 0.04 0.81 0.10
pima 1.55 18.91 0.37
promoters  0.09 1.39 0.08
satellite 57.79 875.45 28.41
segment 5.46 85.66 1.45
soy-large 0.30 5.36 0.33
tic-tac-toe  0.16 2107 0.27
vehicle 2.51 36.76 0.77
voting 0.07 113 0.14
waveform  82.64 940.06 10.28
wine 0.13 2.04 0.04

portant because the simple rules are easy to understand. This chapter presented a
new discovery algorithm IGR that achieves high classification performance without
increasing the number of rules. IGR learns the pseudo-optimum rule for each training
instance that covers as many positive instances as possible and rejects all negative
instances.

Empirical results show that IGR can learn much more accurate rule sets than AQ
and C4.5 in many databases. IGR is comparable to bagging with C4.5 with respect to
classification accuracy but the size of rule sets from IGR is quite smaller than the sets
from bagging. In addition, IGR is much faster than bagging learners.

Even if IGR achieved high accuracy, there are some remaining problems to be im-
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proved. The most important problem is pruning[16, 28] learned rules. The current
IGR doesn’t apply pruning and generates only 100% accurate rules. The lack of prun-
ing tends to lead over specialized rules especially in noisy databases and degrades the
ability of classification. In addition, it increases the number of rules and degrades

readability of learned rules.
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Chapter 3

Discovery of Interesting Rules in
Nominal Domains

3.1 Classification Rules in Nominal Domains

This chapter investigates rule discovery for analyzing characteristics of given databases.
This chapter discusses what kind of rules are useful and presents the interestingness of
rules as the criterion of classification rules. This chapter also presents a new discovery
algorithm based on the interestingness. This chapter assumes all attributes are nominal

and deals with classification rules with grouping attribute values[22, 44] like
€D AN---ANxp € Dy = class = c, (3.1)

where z; is an attribute and D; is a subset of possible values for x;. This rule means if a
value of a certain instance for attribute z; is a member of D; for every 1 <7 < L, then
the instance belongs to class c¢. For simplicity, I will use z; = v instead of z; € D; if D;
includes only one value v. Many learning/discovery algorithms[51, 62] deal with only a
rule without grouping attribute values that permits exactly one value for each attribute.
This thesis calls such rules primitive rules. Grouping values increases the number of
possible rules and makes rule discovery difficult. Instead, it increases readability of

discovered rules because one rule with grouping can represent plural primitive rules.
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3.2 Interestingness of Classification Rules

3.2.1 Limitation of Rule Discovery based on Support and Ac-
curacy

This subsection shows why it is not sufficient to restrict support and accuracy to

extract interesting rules. Support of a classification rule is the probability of instances

that belong to the class in its head and satisfy all conditions in its body. The support

of the rule 3.1 is
P(class=cANzy, € Dy AN--- Nz € Dy). (3.2)

Accuracy of a rule is the conditional probability of the class of its head on the condition

that its body is satisfied,
P(class =c|zy, € Dy A--- ANz € Dy). (8.3)

If support of a rule is quite low, then the rule represents very rare case and it can
be applied with very small probability. If accuracy of a rule is low, then we can not
believe the results implied with the rule. Both of support and accuracy are fundamental
characteristics of classification rules and it is natural to require large support and high
accuracy for rules to be discovered.

Many discovery systems extract rules whose support and accuracy are higher than
the given lower bounds[1]. However, the fixed lower bounds for support and accuracy
are not sufficient to filter out useless rules. Following is an example of a rule discov-
ered from mushroom database in UCI machine learning repository[6]. This database
includes about 8,000 mushrooms as instances and each instance is classified into edible

OT PO1SOTLOUS.

R1 : odor € {almond, none} A cap_color € {brown, red} = edible,
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where
support(R1) = 23%,
accuracy(R1) = 99%.

Support and accuracy of this rule are 23% and 99% respectively and this rule looks like
a quite good rule because of its large support and high accuracy. However, this rule is

useless in usual because the following rule can be also discovered from the database.

R2 : odor € {almond, none} = edible,

support(R2) = 47%, accuracy(R2) = 97%.

This rule is a generalization of R1 and can explain class labels of all edible mushrooms
covered by R1 with similar confidence. The specialization of R2 to R1 by the condition
cap_color € {brown, red} rejects a half of positive instances covered by R2 and gains
only 2% for accuracy. Unless this slight gain of accuracy is quite important for th
purpose of rule discovery, R1 is a trivial conclusion of R2 and it is sufficient to discover
only R2.

This example is not a rare case. If there exist a rule with large support and high
accuracy, specializing it with irrelevant conditions with no relationship to classes causes
many useless rules with large support and high accuracy. To reject such rules, it is not
sufficient to constrain rules only with their support and accuracy, and different criteria
are required to extract interesting rules.

Following is also an example of a rule from mushroom database.

R3 : stalk_shape = enlarging A habitat = woods = poisonous,

support(R3) = 9%, accuracy(R3) = 93%.
Its generalizations conclude poisonous with the following probabilities.

Accuracy(stalk_shape = enlarging = poisonous) = 54%,
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Accuracy(habitat = woods = poisonous) = 41%.

Because about 48% of mushrooms in the database are poisonous, these probabilities
mean that every condition in the body of R3 has only very weak relation to whether
poisonous or edible, but the rule R3 shows the combination of the conditions leads
poisonous with high accuracy. In other words, both of the conditions are required to
conclude poisonous. Even if both of support and accuracy of R3 are lower than those
of R1, this rule is usually more preferable than R1 because the accuracy of its gener-
alizations are much lower than the accuracy of R3 and R3 gives us new information
for poisonous mushrooms even if we already know the general rules.

The above example shows that interestingness of a rule strongly depends on more
general and simpler rules. If a rule concludes the same class with similar accuracy with
its generalizations, then the rule gives no new information and is useless. Oppositely,
if accuracy of the rule is much higher than all of its generalizations and all conditions
in the rule are required to imply the conclusion, then it is worth to show the rule to

the users of discovery systems.
3.2.2 Interestingness of Primitive Rules

This subsection discusses interestingness of primitive rules before rules with grouping
attribute values and proposes a criterion of primitive rules that evaluates whether every
condition in a rule to be evaluated is really required to lead the conclusion of the rule.
The next subsection will modify it to evaluate rules with grouping values.

Let’s consider the rule in (3.1) with L conditions. This subsection assumes primitive
rules and each D; involves exactly one value for attribute z;. For simplicity, let us use

B torepresent the body of the rule and B; to represent a conjunction of L—1 conditions
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in B excluding the ith condition, i.e.

(3.4)

As described above, I require interesting rules that all conditions in their bodies

are required to achieve high accuracy. This leads the following constraint.
Ple|B) > P(eB;), 1 £ Y £ L. (3.5)

This constraint means every condition z; € D; in B contributes to improve accuracy
of rule (3.1). The more the difference of accuracy between the rule (3.1) and its
generalization(B; = ¢) is, the more the condition is important to conclude class c.
The constraint (3.5) is not sufficient to reject useless rules that are trivial conclu-
sions of more general rules. When a condition z; € D; positively relates to class ¢, it
is not interesting even if the specialization by the condition increases the probability
of ¢ and the constraint (3.5) is satisfied. Assuming independence of z; € D; and B;,

accuracy of the rule (3.1) can be calculated as follows.

P(c|B) P(c|z; € D; A B;)
P(z; € D; A B;|c)P(c)
P(x; € D; A B;)
P(z; € Di|c)P(Bi|c)P(c)
P(z; € D;)P(B;)
P(clz; € D;)P(c|B;)
P(c)

If the real accuracy is comparable to this expectation, the rule to be evaluated rep-
resents only a regularity that can be easily expected from two more general rules,

z; € D; = c and B; = c. Then, it is natural to require the following constraint in

addition to (3.5).

(3.6)
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Again, large difference between the left hand side and the right hand side means large
contribution of the condition z; € D; to the rule.

Both of the constraints (3.5) and (3.6) give lower bounds of accuracy and we de-
fine interestingness of a primitive rule as the margin of its accuracy to satisfy these

constraints as follows.
P(c|B) — max (P(clBi),min (1, .

I(B = c) _ 1<i<L - P(C) P(c)

(3.7)

The denominator, 1 — P(c), is a normalization factor for class distributions and the
interestingness becomes 1 for the rule that concludes a certain class with 100% accuracy
even if each its generalization, z; € D; and B;, is independent of the conclusion. The
constraint on the minimum interestingness restricts accuracy of rules with dynamic,
not fixed, lower bounds depending on accuracy of their generalizations.

For a rule with only one condition, its generalization is the rule with no condition

and its interestingness becomes

P(c|z; € Dy) — P(c)

]($1€D1:>C): l—P(C) 3

(3.8)

and the restriction on the interestingness coincides with the restriction of accuracy
with a fixed threshold.

Let me show how this interestingness works for the examples R1 and R3 from
mushroom database. Because 48% of mushrooms in the database are poisonous and

the relationships between poisonous and the conditions in R1 are

P(poisonous|odor € {almond, none}) = 97%,

P(poisonous|cap_color € {brown,red}) = 50%.

Then the interestingness of R1 is

0.99 — max(0.97,0.50,

ey 1-0.48

—0.03.
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This means the interestingness I judges R1 is not interesting at all. In opposite, the
interestingness of 1?3 becomes

0.93 — max(0.54,0.41, -
I(R1) 1-048 -

0.75,

and R3 is interesting with respect to I. These results for k1 and 23 coincide with the

discussion in the previous subsection.

3.2.3 Interestingness of Rules with Grouping Attribute Val-
ues

The interestingness I defined in (3.7) works well for primitive rules as shown in the
previous subsection but it sometimes gives high scores to inappropriate rules with

grouping attribute values. Following is an example from mushroom database again.
R4 : cap_color € {brown,red} A stalk_root € {bulbous, rooted} = edible,
where
Support(R4) = 16%, Accuracy(R4) = 100%.
This rule looks like interesting because accuracy of its generalizations are

Accuracy(cap_color € {brown,red} = edible) = 50%,

Accuracy(stalk_root € {bulbous,rooted} = edible) = 53%,

and every condition in R4 has very weak relation to the conclusion of the rule but only
the edible instances satisfy the conjunction of the two conditions. The interestingness
defined in (3.7) gives high score, 0.98 to R4 and judges R4 is interesting. However, by

exploring relationship between edible and each attribute value allowed in the rule, we
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can find the following rule.

stalk_root = rooted = edible,

Accuracy = 100%.

This rule means that the condition on cap_color in R4 is redundant for mushrooms with
stalk_root = rooted and R4 is not interesinting at all for classifying the mushrooms.
Instead, the following rule that prohibits stalk_root = rooted is more preferable than
R4 because each condition in its body is required to classify all mushroomns covered by

its body with high accuracy.
R5 : cap_color € {brown, red} A stalk_root = bulbous = edible.

The problem of the interestingness defined in (3.7) is that it evaluates a rule based
on only each condition in its body and it does not concern each attribute value allowed
in the conditions at all. To resolve this problem, we introduce the interestingness of an
attribute value to evaluate how the condition on the attribute contributes to classify
the instances with the value accurately. Formally, the interestingness of a value v for

an attribute z; allowed in therule x; € Dy A---Axp € Dy = cis

(3.9)

For example, the interestingness of the attribute values in R4 is calculated from

the interestingness of the following four primitive rules.

cap-color = brown A stalk_root = bulbous = edible (I = 0.93),
cap-color = brown A stalk_root = rooted = edible (I = 0.00),
cap-color = red A stalk_root = bulbous = edible (I = 1.02),

cap_color = red A stalk_root = rooted = edible (I = 0.00).
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Stalk_root=bulbous appears in the first and the third rule and its interestingness is
1.02. Stalk_root=rooted appears in the second and the last rule and its interestingness
becomes 0.

Each instance covered by the original rule with grouping values is covered by exactly
one primitive rule and high score of Iyaue(z; = v, R) means that there is at least one
instance with z; = v for which R works better than expected from more general rules.
Oppositely, Taue(zi = v, R) becomes low when more general rules can classify all
instances with z; = v with comparable or higher accuracy than R.

Using the interestingness of attribute value defined in (3.9), the interestingness of

a rule, I, is modified to evaluate rules with grouping values as follows.

IG(R) = min (I(R) mi

i n
1<k<LveDy

ez = 0, R) )., (3.10)
where R is the following rule with grouping attribute values.
T €ED\AN--- ANz € D = class = c. (3.11)

This new criterion of interestingness coincides with the old one, I, for primitive rules
but gives lower scores than I to the rules with grouping values that permit attribute
values with low interestingness. In other words, the new interestingness IG gives a
high score to only a rule in which there is at least one instance with each allowed value

for which the rule works much better than its generalizations.

3.3 Discovery Algorithm: DIG

This section proposes a new rule discovery algorithm DIG(Discover Interesting rules
with Grouping attribute values) to extract rules with high interestingness with respect
to IG defined in (3.10). For simplicity, I assume that the conclusion and the set

of L attributes in bodies of rules are given. Therefore, extracting rules is a task to
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select allowed values for each given attribute. It is possible to enumerate all rules
with L attributes by applying the algorithm to all combinations of class labels and
L attributes. This section also assumes all attributes are nominal and values of all
instances for all attributes are known. The inputs of the algorithm are a set of training
instances, a class label as a conclusion, a set of L attributes, a lower bound of support,
LBy, a lower bound of accuracy, LB, and a lower bound of the interestingness with
respect to IG, LB;,;. The discovery algorithm outputs a set of rules with the given L
attributes in their bodies whose support, accuracy and the interestingness are higher
than or equal to LBy, LB, and LBy respectively.

One approach to discover interesting rules is an apriori[1] like algorithm that first
enumerates all rules with large support and filters out rules whose accuracy or the
interestingness is lower than the given threshold. This approach is practical to extract
primitive rules but may be too inefficient for rules with grouping values. This is
because grouping attribute values drastically increases the number of possible rules
and the first step of this approach, enumeration of rules with large support, requires
huge time even when L is small. For example, when extracting rules with a given set of
three attributes with ten values, there is only 10® primitive rules for each class but the
number of rules with grouping is (2!° —2)3 ~ 10°. In usual, the constraint of minimum
support can delete only rules with a few allowed values for each attribute and most
rules satisfy the constraint on their support. However, we don’t need to enumerate
all rules with large support to extract rules with high interestingness. Because of the

definition of /G in (3.10), the constraint of minimum interestingness
]G(.’El eDIN---Nxp € Dy, =>Cl(188:C) = blB

requires
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procedure DIG(Training, target, (x1,. .., L), LBsup, LBacc, L Bint)

inputs:

Training set of training instances.

target class label (head) of the rules to be discovered.

(- ol ¥ set of attributes in bodies of rules.

LBsyp, LBgcc, LBint : lower bounds of support, accuracy and interestingness.
output:

Rules : set of discovered rules.
1. Count class distribution

P(target|z), = v1,...,2L = vL)
for each combination of values (vy,...,v.) for the given attributes (zy,...,zp).
S =

Foreach combination of values (vy, ..., vr)

If I (xy =v A+ Az = vy, = target) > LB;,, then

S =8 Uz =m A --- ANy = v = target].

Rules := ¢.
Foreach S’ C S

Dy :={v|r € S’ Ar permits zx = v}, k=1,...,L.

R:="z,€ Dy A---ANzp € Dy, = target"”.
10.  If support(R) > LBs,, and accuracy(R) > LB and IG(R) > LB,
11. Rules := Rules U {R}.
12. Return Rules.

2 COFRUREINCN, Lo R

Figure 3.1: Discovery algorithm DIG.

This property leads the following efficient algorithm that first enumerates all primitive
rules whose interestingness is higher than or equals to LB;,; and generates rules with
grouping by combining the primitive rules with high interestingness. DBecause the
number of primitive rules is much smaller than the number of rules with grouping, this
approach can effectively prune rules with grouping that don’t satisfy the constraint on

the interestingness.

Figure 3.1 shows a pseudo-code of the discovery algorithm DIG. DIG first counts
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class distribution P(c|z; = vy,...,z, = vy) for every combination of values for the
given attributes (step 1). Based on these distributions, DIG evaluates the interesting-
ness of all primitive rules and selects a set S of primitive rules whose interestingness is
higher than or equals to the given lower bound LBy, (step 2~5). For each subset S’ of
S, DIG generates a rule R with grouping values that allows attribute values appearing
in at least one primitive rule in S’. DIG checks whether R satisfies the constraints on
its support, accuracy and the interestingness with respect to /G, and adds it to a set
of discovered rules, Rules, if R satisfies all of them (step 7~11). DIG can enumerate
all rules with grouping values with large interestingness efficiently because a rule with

1G > LB, allows only attribute values appeared in at least one primitive rule with

3.4 Time Complexity

This subsection discusses the time complexity of DIG and explores when DIG can
extract rules efficiently and when DIG requires huge running time. Let K, M, D and
N be the number of classes, the number of attributes, the average number of possible
values for each attribute and the number of training instances respectively.

Roughly speaking, DIG consists of three main processes, counting class distribution
for every combination of values of L attributes, enumerating primitive rules with high
interestingness, and generating rules with grouping from the primitive rules. In the first
process, DIG checks values of L attributes for all training instances and the complexity
of of this step is O(N - L). The second process requires O(D® - L) because there are
DY primitive rules when L attributes and the target class are given, and evaluation of
interestingness for one primitive rule requires to evaluate accuracy of L general rules of

it. The complexity of the last process is O(2!S! - D) where S is a set of primitive rules
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with high interestingness. In this process, DIG uses the table of class distributions
generated in the first step to evaluate rules with grouping. For evaluating a rule with
grouping, DIG sums up the distributions for all combinations of values allowed in the
rule to calculate support and accuracy of the rule and the complexity to evaluate one
rule is at most D’ because the number of allowed value combinations is at most D.
Because DIG evaluates one rule with grouping for each subset of S and the number of
subsets is 2151, the complexity of the last process becomes O(2!5!. DE).

When the lower bound of IG is quite low and S involves many primitive rules, the
most computationally heavy process is the last process and DIG becomes impractical.
However, the number of primitive rules with high interestingness rapidly decreases
as LB, increases, and the first process, counting class distributions, becomes more

heavy than the last process. In this case, the total complexity of extracting rules with

M
L

of class labels and sets of L attributes. This complexity depends on the number of

L attributes is O (K- ( ) -N - L> because DIG is applied for all combination
instances, N, linearly and DIG can discover rules with high interestingness efficiently
from large databases with many training instances. Instead, the complexity increases
exponentially as the body length L increases and DIG can not discover rules with
long bodies. However, simple rules with small number of attributes in their bodies
are usually more important for analyzing databases than complex rules with many
attributes because human experts can easily understand what the discovered rules

mean.

3.5 Experiments

This section reports experimental results with five databases from UCI machine learn-

ing repository. This section shows how the restriction of rules with respect to the
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Table 3.1: Databases used in the experiments. Domain size is the average number of
possible values for nominal attributes.

name # of classes | # of atts (nominals) | domain size | # of instances
dna 3 60(60) 4.0 3,175
krkp 2 36(36) 2.0 3,196
german 2 20(13) 4.3 1,000
mushroom 2 22(22) BT 8,124
promoters 2 57(57) 4.0 106

proposed interestingness affects the time complexity of DIG and the number of discov-
ered rules. This section also reports examples of rules discovered by DIG.

Table 3.1 shows the characteristics of the databases used in the experiments. DIG
can extract rules from instances represented with only nominal attributes. German
database is represented by thirteen nominal and seven numeric attributes but only
nominal attributes were used in the experiments. Other databases are represented by
nominal attributes only. In all experiments, the lower bound of support, LB;,,, was
set to 2% for all databases excluding promoters. Because promoters involves only 106
instances and 2% of them is too small, I set LB,,, = 10% for this database. The lower
bound of accuracy was set to 90% for all databases in all experiments.

Table 3.2 and 3.3 show the running time of DIG and the number of discovered
rules for various thresholds on the interestingness IG, LB;,;. Table 3.2 is the result
to extract rules with two conditions(L = 2) and Table 3.3 is the result for rules with
three conditions(Z = 3). In both tables, the running time of DIG is not the time for
one DIG call for a specific combination of a target class and a set of L attributes, but
is the total time for extracting rules for all class labels and for all sets of L attributes.
The second column in the tables, # of combs, is the number of combinations of class

labels and sets of L attributes, i.e. the number of DIG calls in each database.
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Table 3.3: The number of discovered rules and the running time of DIG. The running
time is the total cpu time to discover rules with three attributes (L = 3). This table
shows the dependency on the lower bound of the interestingness. The lower bounds of
support and accuracy are 2%(10% for promoters database only) and 90%.

Table 3.2: The number of discovered rules and the running time of DIG. The running
time is the total cpu time to discover rules with two attributes (L = 2). This table
shows the dependency on the lower bound of the interestingness. The lower bounds of
support and accuracy are 2%(10% for promoters database only) and 90% respectively.

# of combs | LBy, | # of rules | cpu time(sec) # of combs | LB;,, # of rules cpu time(sec)
—00 145 135 —oo 4,095,272 972,012
0.0 85 22 00 508,444 11,114
dna 5,310 0.1 17 20 dna 102,660 0.1 1,052 1,066
0.3 0 19 0.3 1 938
0.5 0 20 0.5 0 936
0.7 0 20 0.7 0 936
" —o0 82 W —00 4,657 201
0.0 3 7 0.0 4,334 174
krkp 1,260 0.1 10 7 krkp 14,280 0.1 25 ¥
0.3 3 7 0.3 2 &3
0.5 3 7 0.5 2 173
0.7 3 7 0.7 0 173
—00 3l 95 —00 151,291 74,220
0.0 7 0.3 0.0 25,976 T 1824
german 972 0.1 415 278
AP S 03 03 3 5
0.5 0 0.3 0.5 0 7
0.7 0 0.3 0.7 0 3
—o00 4 17,769 540 —00 - > 10 days
0.0 4,899 11 0.0 9,713,290 236,238
mushroom 3,080 0.1 175 99
mushroom 460 8:13 ?(l)g ; s " 4
0.5 52 7 0.5 10 98
0.7 & 7 0.7 1 99
— 00 135 68 —co 1,462,162 130,030
0.0 61 1 0.0 L5513 25,708
promoters 3,192 8:1)) 1421 i promoters T 811)) 5,2;3 2,?2(;
O:5 ! 1 0.5 9 190
0.7 0 1 0.7 0 90
46
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The results in Table 3.2 and 3.3 show that the number of discovered rules strongly
depended on the lower bound of the interestingness, LB;,;. When L = 3 and LB,
was small, DIG discovered thousands or millions of rules. It is meaningless to show all
of them to users of discovery systems and the restriction of rules with only support and
accuracy was not sufficient to constrain rules to be discovered. However, most of the
rules were rejected by low thresholds on the interestingness such as LB;,; = 0.1 and
LB,y = 0.3. This means that most of the rules with large support and high accuracy
were statistically obvious rules because the rules with low scores of IG represent trivial
relationships that can be easily expected from simpler rules.

In Table 3.2, the running time of DIG for rules with two conditions was indepen-
dent of LB;,; when LB;,, > 0.3. The running time for L = 3 was also constant for
high LB;,, in databases excluding german and promoters. Instead, the running time
increased rapidly with LB;,, decreased in all databases except krkp. These results
justify the discussion in the previous section that when LB, is high, counting of class
distributions is the most time consuming process and the complexity of this process
is independent of LB;,;. As LB, decreases, more primitive rules satisfy minimum
interestingness and DIG must to generate more rules with grouping corresponding to
all subsets of the interesting primitive rules. Then, the process of generating rules
with grouping increases rapidly as LB;,, decreases and becomes more computationally
heavy than counting class distribution. In krkp, the running time didn’t increase for
small LB;,; at all. This is because most attributes in this database are binary and the
number of rules with grouping is relatively small.

DIG was sufficiently fast when L < 3 and LB;,; > 0.3 and required at most fifteen
minutes for rules with three conditions from dna database that is the database with

maximum number of attributes. For smaller LB;,;, DIG required a few hours or a few
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days and was too slow. However, the rules with such low score for the interestingness
IG are usually useless from a statistical viewpoint and they are not required in usual
discovery tasks.

Figure 3.5 shows examples of discovered rules from mushroom, promoters and krkp.
For example, Rule 2 represents a rule for class edible with three conditions in mush-
room database. Even if any condition in its body and any pair of conditions are mostly
independent of or negatively relate to the conclusion, the combination of the three con-
ditions concludes edible with more than 90% accuracy. In other words, all of the three
conditions are required to classify instances into edible and the rule doesn’t involve
redundant conditions. Other rules represent similar relations in the corresponding
databases. It is not clear whether these kinds of rules are really useful in real world
applications of knowledge discovery, but they are quite interesting rules from statistical

viewpoint.
3.6 Chapter Summary

This chapter discussed discovery of interesting rules for analyzing characteristics of
databases represented by nominal attributes. In discovery for analysis, there is no
clear measure to constrain rules to be discovered. This chapter first pointed out the
limitation of rule filtering only with support and accuracy, and proposed a new crite-
rion IG to evaluate classification rules. This criterion evaluates whether a rule to be
evaluated gives us new information for its concluding class by comparing real accuracy
of the rule and the expectation of accuracy calculated with its generalizations. In other
words, This criterion evaluates a rule by whether all of the conditions in its body are
really required to imply its conclusion with high accuracy.

This chapter also presented a new discovery algorithm DIG to extract interesting
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Rule 1: cap_color € {brown,red} A popuration = solitary = edible
support = 8%, accuracy = 100%, interestingness = 0.79
P(edible) = 52%
P(edible|cap_color € {brown,red}) = 50%, P(edible|popuration = solitary) = 62%

Rule 2: cap_sur face = smooth A bruises = no A gill_color € {chocolate, pink} = edible
support = 3%, accuracy = 91%, interestingness = 0.60
P(edible) = 52%
P(edible|cap_sur face = smooth) = 45%, P(edible|bruises = no) = 31%
P(edible|gill color € {chocolate, pink}) = 47%
P(edible|cap_sur face = smooth A bruises = no) = 43%
P (edible|cap_sur face = smooth A gill_color € {chocolate,pink}) = 51%
P (edible|bruises = no A gill_color € {chocolate, pink}) = 37%

(a) Discovered rules from mushroom

Rule 3: a3y = G Aagy € {C,T} = promoter
support = 11%, accuracy = 92%, interestingness = 0.46
P(promoter) = 50%
P(promoter|az; = G) = 62%, P(promoter|asg € {C,T}) = 56%

Rule 4: ag € {A,C} Nay € {T,G} Nags € {T,G} = —promoter
support = 11%, accuracy = 92%, interestingness = 0.60
P(—promoter) = 50%
P(—promoter|as € {A,C}) = 52%, P(—promoter|ayy € {T,G}) = 49%
P(—promoter|ass € {T,G}) = 50%
P(—promoter|as € {A,C} A ay € {T,G}) = 60%
P(—promoter|ag € {A,C} Nags € {T,G}) =61%
P(—promoter|ay € {T,G} ANayy € {T,G}) = 60%

(b) Discovered rules from promoters
Rule 5: bkzbg = f Ar2ar8 =t A wkovl = f = nowin

support = 5%, accuracy = 95%, interestingness = 0.50
P(nowin) = 48%

nowin|bkzbq = f) = 54%, P(nowin|r2ar8 =t) = 53%, P(nowin|wkovl = f) = 45%

P(
P(nowin|bkzbq = f A r2ar8 = t) = 61%,P(nowin|bkzbg = f A wkovl = f) = 57%
P(nowin|r2ar8 = t A wkovl = f) = 61%

(c) Discovered rules from krkp

Figure 3.2: Examples of Discovered Rules.
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rules with respect to the proposed criterion. To extract rules with grouping attribute
values, this algorithm first enumerates interesting primitive rules without grouping and
combines the discovered primitive rules to generate interesting rules with grouping.
The empirical results showed DIG could extract rules with less than four conditions
from databases consist of thousands of instances represented by dozens of nominal
attributes.

There are some remaining limitations of DIG to be improved. First, the current
DIG doesn’t use thresholds of support and accuracy to restrict search space at all
and only uses them for filtering generated rules with high interestingness. By using
these thresholds, it is possible to accelerate DIG especially when the thresholds are
relatively high. For example, when combining primitive rules for each subset S’ of
the set of all interesting primitive rules S at step 7 in Figure 3.1, DIG doesn’t need
to explore rules generated from any S” C S’ if the rule from S’ doesn’t satisfy the
constraint on minimum support. Oppositely, the number of negative instances covered
by a rule generated from S’ increases monotonically with S’. Then, it is possible to
calculate an upper bound of accuracy of rules corresponding to S” O S’ and DIG can
prune all S” O S’ if this upper bound is smaller than the given threshold of accuracy.

Another limitation is that DIG can only extract rules with the conditions on nomi-
nal attributes and can not deal with numeric attributes. The next chapter will discuss

discovery from numeric databases.
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Chapter 4

Discovery of Interesting Rules in
Numeric Domains

4.1 Classification Rules in Numeric Domains

This chapter investigates discovery of classification rules from training instances rep-
resented by class labels and values of numeric attributes. There are many types of
classification rules in numeric domains depending on what kind of conditions appear

in their bodies[30, 27, 32]. This chapter focuses on the following type of rules.
(4.1)

Each condition z; € [s;,e;] in the body requires that a value of a; must belong to
the interval defined by boundaries s; and e;, and the body permits instances in the
hyper-rectangle defined by the intervals for values of L attributes. This type of rules
are used in many learning/discovery systems such as C4.5[51].
To evaluate classification rules, this chapter uses the interestingness presented in
the previous chapter.
P(c|B) — 1rgcag(L(P(clBk),

L2 Py (4.2)

I(B—c)=

o1

where B is a body of a rule to be evaluated and B, is a set of conjunction of L — 1

conditions excluding z € [sg, ex)-

Because this definition of interestingness coincides with accuracy excluding a constant
factor for rules with one condition in their bodies, this chapter focuses on rules
with two or more conditions. As described in the previous chapter, this interestingness
requires that accuracy of an interesting rule should be much higher than expected
from its generalization and all of the conditions in its body are required to imply its
conclusion.

This chapter deals with a problem to enumerate classification rules like (4.1) whose
support, accuracy and the interestingness equal to or higher than the given thresholds.
For simplicity, this chapter assumes that values of each attribute are discretized into
integers from 1 to D and that the number of attributes in the bodies, L, is given.
Then the discovery of rules is a problem to select appropriate boundaries of intervals

for each combination of a class label and L attributes.

4.2 Difficulty of Rule Discovery in Numeric Do-
mains

One of the most serious difficulties to enumerate rules in numeric domains is that the
number of possible rules is quite large. This difficulty becomes hard to resolve when
D is large and values of each attribute are discretized into many values. Because the
number of possible intervals for one attribute is the number of possible rules

with L attributes in their bodies is
x(M\ (PD+1) :
/L 2 f
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where K is the number of class labels and M is the number of numeric attributes.

If the purpose of rule discovery is to find only typical rules with large support, it
is not so important to decide precise boundaries of intervals because the typical rules
cover many instances and small differences of boundaries cause only slight effects on
their support, accuracy and the interestingness. In such a case, rough discretization
with small D is sufficient for rule discovery and it is not difficult to generate all of
possible rules and to evaluate their support, accuracy and interestingness.

Oppositely, accuracy and the interestingness of rules with small support may change
significantly with small differences of boundaries of intervals. There may be interesting
rules with small support as discussed in the previous chapter and we need to discretize
each attribute into relatively many values to discover such rules. This increases the
number of possible rules significantly. For example, when D=10 and values of every
attribute are discretized into 10 values, the number of rules with three attributes
in their bodies is about 10° for a fixed combination of a class label and the three
attributes in the bodies. However, the number of rules increases to more than 10° for
D=50. Discovery algorithms have to explore all combinations of class labels and L
attributes, and it is not practical to generate and evaluate all of possible rules. The
key issue of rule discovery in numeric domains is an efficient search technique to find

desired rules from huge number of possible rules.

4.3 Discovery Algorithms

This section presents two discovery algorithms in numeric domains. To simplify dis-
cussion, these algorithms requires a class label and a set of attributes appear in their
bodies as their inputs. Therefore, the inputs of the algorithms are a class label, a set of

L attributes, and thresholds for support, accuracy and the interestingness. The discov-
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ery algorithms output a set of rules whose support, accuracy and the interestingness
are higher than or equal to the given thresholds. To discover all rules, the algorithms
are applied to all combinations of class labels and sets of L attributes.

Both of two algorithms in this section are based on tree search technique that
starts from a root node covering all of possible rules and continues to divide the rules
gradually at each internal node in search tree. Tree search algorithms are characterized
by how to divide rules at internal nodes and how to evaluate upper bounds of the
criteria of rules to prune them at internal nodes. The two algorithms in this section
differ from each other in dividing methods. One of them divides rules by fixing a start
or a finish point of an interval for a certain attribute and the other divides rules by
reducing a range of a start or a finish point.

The efficiency of the discovery algorithms strongly depends on the ability to prune
internal nodes. If the algorithm can prune internal nodes with many rules near a root
node, then the algorithm can enumerate all interesting rules in practical time even if
there are huge number of possible rules. The two algorithms basically use the same
pruning strategy. They evaluate upper bounds of support, accuracy and interestingness
of the rules corresponding to each internal node with the same evaluation functions,
and prune the rules if at least one evaluated upper bound becomes smaller than the

corresponding threshold.

4.3.1 SAB: Rule Discovery by Selecting Attribute Boundaries

Figure 4.1 shows a pseudo-code of a rule discovery algorithm SAB(Select Attribute
Boundaries) that divides rules by selecting a start and finish point of an interval for
one attribute. It is a standard method used in many learning algorithms such as
C4.5 to select a boundary for each attribute one by one to learn classification rules in

numeric domains.
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procedure SAB(h, sy, e1,...,5h, €)
inputs:

h the number of attributes whose intervals are fixed.
selected start point of an interval for z; (¢ = 1,...,h).
selected end point of an interval for z; (¢ =1,...,h).

output:

Rules : a set of discovered rules.
Calculate upper bounds of support, fs,,, accuracy, focc and interestingness fin,.
If foup < LBgyp Or foee < LByge O finy < LBin, then
Rules := ¢.
else
If h = L then
Rules := {z; € [s1,e1] A --- Az € [sL,eL] = class = c}.
else
Rules := ¢.
fOI‘( Sh+1121;8h+1 _<_ DA fsup(Sla Clor T xS hRERG Sh+1,D) Z LBsup; St larar )
10. fOI‘( eh+1:———D; & Z 1A CHNER Sh+176h+l) > LBsup; Chail™= )
I Rules := Rules U SAB(h + 1,81,€1, ..., Sh+1,€ht1)-
10. Return Rules.

§oNee S En Gl 19N =

Figure 4.1: Discovery algorithm SAB that searchs for classfication rules by selecting
boundaries of intervals of attributes in their bodies. For simplicity, this figure ignores
thresholds of support, accuracy and interesgingness, LB;,,, LBg. and LB, as the
arguments(inputs) of SAB.

SAB is a recursive procedure and is first called with A = 0, i.e. no boundary is
selected. When called with selected intervals for attributes, z1, ..., zy, SAB first calcu-
lates upper bounds of support, accuracy and the interestingness of rules with selected
intervals. If at least one of the upper bound becomes smaller than the corresponding
threshold, then SAB returns empty set as a set of discovered rules(step 3). Otherwise,
if h = L and all intervals are fixed, then SAB completely instanciates the rule that
satisfies the requirements on support, accuracy and the interestingness. Then, SAB
returns the rule as an interesting rule (step 6). If h < L, SAB selects a boundary of

Th+l, Shy1 and epyq, and calles SAB recursivelly with the selected boundary. Because
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support of rules monotonically decreases with s, increases and e+, decreases, SAB
stops for-loops in step 9 and step 10 when the upper bound of support, fs.,, becomes
lower than the given threshold for support, LB,,.

The performance of discovery algorithm strongly depends on how to evaluate upper
bounds of support, accuracy and the interestingness. First, because of the following

trivial relationship

<

the upper bound of support, fsup, can be calculated as follows when sy,€e1,...,5h,€p

are fixed.
(4.3)

This upper bound coincides with support itself when h = L, i.e. when the boundaries
of all intervals are selected.

In contrast to the upper bound of support, it is not easy to evaluate the upper
bound of accuracy. If boundaries for one or more attributes are not selected, then
accuracy may become very low or very high depending on them and it is difficult to
reduce the range of accuracy with practical computational complexity. Then, SAB
uses the following trivial upper bound that becomes real accuracy when all boundaries

are selected and becomes 1 otherwise.

(4.4)

L | P(CI.’E]6[81,61]/\"'/\$LE[SL,6L]) o =0
face = 1 h<L

The difficulty of evaluating a range of accuracy affects the evaluation of the upper

bound of the interestingness because the interestingness I(B = c¢) at (4.2) depends
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on both of accuracy of the rule, P(c|B), and accuracy of more general rules, P(c|zy €
[sk,ex]) and P(c|By). Because I(B = c) positively depends on P(c|B) and negatively
depends on P(c|zy € [sk,ex]) and P(c|Bg), its upper bound can be estimated by
replacing P(c|B) with its upper bound, f,. in (4.4) and replacing P(c|zx € [sk,é€x])
and P(c|By) with their lower bounds. As similar to the upper bound of accuracy, SAB
uses 0 for the lower bound of accuracy P(c|By) if it involves a condition on an attribute
whose interval is not selected. Similarly, the lower bound of P(c|zy € [sk, €x]) is 0 if s
and e, are not selected. In all boundaries are fixed, SAB can count the probabilities as
their lower bound. When h < L, at least one of By or zx € [sk, €k involves unselected

intervals and we can ignore the second term in maz in (4.2). As a result, SAB applies

the following upper bound of interestingness when intervals for z,,..., ), ar selected.
1-P(c) h=1L-1 (4.5)
1
1- P(c) h<L-2

4.3.2 1IS: Rule Discovery by Iterative Interval Specialization

The second discovery algorithm, I[IS(Iterative Interval Specialization), applies a differ-
ent dividing approach. IIS also divides rules based on a value of s; and e; as SAB does.
However IIS doesn’t fix a value of s; or e; at each internal node but reduces ranges of
them.

Figure 4.2 shows a pseudo-code of IIS that takes lower and upper bounds of a start

+

1

=

and an end point of an interval for each attribute, s;,s;", e, e, as its inputs and

searches for rules such that

o7

procedure IIS(s7,sT,er,ef,...,s7,55,¢e1,€t)
inputs:
s;,s7 . lower and upper bounds of s;(i = 1,...,L).
e; e lower and upper bounds of e;(i = 1,...,L).
output:

Rules : a set of discovered rules.

1. Calculate upper bounds of support, g, accuracy, gacc and interestingness ging.
2. /1 godp < BBy OF Gucc <MLBsic 1 Ging < LB, Hhion
3 Rules := ¢
4. else
5. If s; =sf ande; =¢; forall1 <i < L then
6. Rules := {xl € [si,ef]A--- Az € [s,er)] = class = c}.
7~ else
8. Select s; or e; whose lower bound and upper bound are different.
9. If s;, is selected then
sy +sit
10. Unew = | 252 |
i, Wibese 2= ISR L6, €1 ) s Sy Wnctd w Ol ERr 5 -3 9L y S0 Epp Bl )
WIS 31, 8% der, &1 S, MUde+ 1081 60 €t . & 687 et )
¥ else (e, is selected)
e; +ef
13. i o || =SS
14. Rilles = BT ey s B 1 88 S U - - 49 ST, OF)
UIIS(S;’ST,Q;,GT,, I8 78;78;711‘716111 Sl 1,6;,. RO aSZ7SZ7eI_Jvez)
15. Return Rules.
Figure 4.2: Discovery algorithm IIS.
where
IIS is also a recursive procedure and is first called with the ranges s; = 1,s} =

D,e; =1,ef = D(1 <1< L) that cover all of possible rules. IIS first calculates upper
bounds of support, accuracy and interestingness of the rules that satisfy the ranges
of boundaries given as inputs (step 1). If the upper bounds become smaller than the

given thresholds, then there is no rule to be discovered in the ranges of boundaries and
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[IS returns an empty set (step 3). Otherwise, if s; = s} and e; = ¢/ for all ¢, i.e. if

values of all start points and end points are fixed, then IIS returns the rule defined by
the boundary points because step 2 guarantees that the rule satisfies the requirements
on its support, accuracy and the interestingness. If there is a start point s, or an end
point e, whose range permits plural values, IIS divides the current range of s (e) into
two disjoint ranges at the middle point, une,, between s; (e, ) and si (eff). 1IS calls
[IS recursively for each new range and returns the union of the results of the recursion
calls.

The time complexity of IIS strongly depends on how to calculate the upper bounds
of support, accuracy, and the interestingness at step 1, and how IIS effectively prunes
inadequate rules with the upper bounds. Let I;" = [s;,ef] and I] = [s],e; ] respec-
tively. Because I7 C [s;,ei] C I, the probability of positive instances with class=c

covered by the rule

is at most P(c Az, € I}t A... Az € I}) and the probability of negative instances
is at least P(mc Ax; € I A...Azp € I]). This leads the following upper bound of

support,
aor= Pliod o€ I5 M . A Be ) (4.6)

and the upper bound of accuracy,

PlcAzy € I A... ANz € IT)

b TG
Plchzy €I A Az €If)+P(mecAzy €] A... Nz €1})) (47)

Gacc =

because accuracy of a rule becomes maximum when it covers as many positive instances
as possible and as less negative instances as possible.
As discussed in subsection 4.3.1, we need lower bounds of accuracy of general rules,

Ty € [sk,ex] = c and By = ¢, to evaluate the upper bound of the interestingness, gin.
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By similar way with evaluation of g,.., we can evaluate a lower bound of accuracy, g'_

of a rule with less than L conditions in its body,

as follows.

gl(llcbc)(% € [si, €, ) A+ Axy, € [si,,€:,] = class = ¢)

With this lower bound we can calculate the upper bound of interestingness, g;n:, as

follows.

(4.9)

It is worth to note that the upper bounds (4.6)~(4.9) for IIS coincide with the
upper bounds for SAB defined by (4.3)~(4.5) when s; = s} and e; = s} for i < h
and s; = e; =1 and s} =€} = D for ¢ > h, i.e. when the boundaries are fixed for
z;,% < h and are not restricted at all for z;,7 > h as SAB does. In other words, SAB
and IIS applies the same evaluation functions for pruning. The difference of SAB and
IIS is how to divide rules at each internal node of a search tree. SAB divides rules
by values of a start/end point of an interval for a certain attribute and generates a
shallow but wide search tree. IIS divides rules by whether a certain start/end point
is higher than a specific value. IIS divides rules into two sets at each internal node
and generates a deep search tree. As the experiments in the next section shows, this
difference causes significant difference of their time complexities.

At the end, both of SAB and IIS can enumerate all rules whose support, accuracy
and the interestingness are higher than or equal to the corresponding thresholds and

are not approximation method that may miss some rules.
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Table 4.1: Databases used in the experiments. All attributes in these databases are
numeric and only instances with no unknown attribute value were used in the experi-

ments.
name # of classes | # of attributes | # of instances
satellite 6 36 6,435
segment 7 53 2,310
vehicle 4 18 846
waveform 3 21 5,000

4.4 Experiments

This section reports experimental results for time complexities of SAB and IIS, and
shows what kind of rules are discovered by them. Table 4.1 shows the four databases
form UCI repository[6] used in the experiments.

All attributes in these databases are numeric attributes. Some databases involves
instances with missing attribute values but only the instances without missing value
were used in the experiments in this section. The number of instances in Table 4.1
is not the size of original databases, but the number of remaining instances without
unknown attribute value. The two algorithms discretized ranges of each attribute into

values with same population.

4.4.1 Time Complexity

This subsection explores how the parameters of rule discovery such as D and L affect
the time complexities of discovery algorithms. All experiments in this section were
executed on a Sun workstation with 300MHz UltraSPARC-II.

Table 4.2 shows the dependency of running time of SAB and IIS on the number
of discretized values. In this section, “running time” means the total time to discover

rules from all combinations of class labels and attributes, and not for a certain pair of
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Table 4.2: Dependency of the time complexity on D (the number of attribute values
after discretization). The complexity is the total cpu time to discover rules with
two attributes (L = 2) and whose support, accuracy and interestingness are higher
than or equal to 0.02, 0.9 and 1.0 respectively. This table also shows the number of
combinations of class labels and sets of two attributes.

# of combs D | SAB(sec) | IIS(sec) | SAB / IIS

8 95 47 1.2

satellite 3,780 16 184 60 3.1
32 1,544 89 17.3

64 9,671 158 61.3

8 6 6 12

segment, 1,197 16 24 8 2.9
32 196 15 134

64 1,886 35 33.3

8 4 3 1.6

vehicle 612 16 35 6 b5

32 241 9 26.1

64 1,179 17 69.7

8 11 8 1.3

waveform 630 16 65 14 4.8
32 778 20 38.1

64 2,018 37 54.9

a class label and L attributes. In Table 4.2, “# of combinations” shows the number
of combinations of class labels and L attributes for each database. In the experiments
for Table 4.2, I set L to 2 and set LBy, LByec, LBin, to 0.02, 0.9 and 1.0 respectively.
Then the running time in Table 4.2 is the time to discover all rules with two attributes
in their bodies and whose support, accuracy and interestingness are higher than or
equal to 2%, 90% and 1.0. From Table 4.2, we can observe that both of IIS and
SAB could discover interesting rules in a few minutes or less and were sufficiently fast
with rough discretization with D = 8 and D = 16. However, IIS was much faster
than SAB when D was large and each attribute was discretized into many values. For

example, IIS was 30 ~ 70 times faster than SAB when D=64. As discussed at the
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Table 4.3: Dependency of the time complexities of SAB and IIS on the number of
conditions, L. Each attribute values were discretized into 16 values and the thresholds
of support, accuracy and interestingness were 0.02, 0.9 and 0.6 respectively.

# of combs | SAB(sec) | IIS(sec) | SAB / IIS

satellite | 2 3,780 185 71 2.6
3 42,840 196,613 | 17,653 11.1

segment | 2 1197 24 9 2.6
B 6,783 7,695 864 8.9

vehicle | 2 612 33 6 5.0

3 3,020 15,863 894 it

waveform | 2 630 65 19 S0,
9 3,990 80,791 6,530 12.4

beginning of this chapter, there may be interesting rules with small support and we
need to discretize attribute values into many values to discover such rules. The results
in Table 4.2 shows IIS is a better choice than SAB to discover such rules effectively.

Table 4.3 shows the dependency of execution time on the number of conditions, L.
Both of SAB and IIS required much more time to discover rules with three conditions
than to discover rules with two conditions because the number of possible rules rapidly
increases as the number of conditions, L, increases. For example, the number of
possible rules with two conditions for satellite database is about 107 but the number of
rules becomes about 10'° when L = 3. For this database, SAB required more than two
days and it was too slow to apply to the usual knowledge discovery process. 1IS also
required about five hours and was more than ten times faster than SAB. Similar results
are observed in other three databases that IIS was not so fast but was much efficient
than SAB and the difference between SAB and IIS became larger as the number of
conditions increases.

Table 4.4, 4.5 and 4.6 show the dependency on the thresholds for support, ac-

curacy and interestingness respectively. An important result from these tables is that
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Table 4.4: Dependency of the time complexity on the threshold for support, LB,,.
This table shows the results for L = 2, D = 32, LBy, = 0.9 and LB;,; = 1.0.

LB, | SAB(sec) | IIS(sec) | SAB / IIS
0.01 2,020 111 18.3
satellite | 0.02 (8o % 89 17.3
0.05 865 70 12.4
0.01 268 20 13.9
segment | 0.02 197 15 13,1
0.05 84 11 7.8
0.01 288 15 19.3
vehicle 0.02 241 9 26.1
0.05 139 4 32.8
0.01 971 39 24.9
waveform | 0.02 778 20 SRl
0.05 448 11 42.3

Table 4.5: Dependency of the time complexity on the threshold for accuracy, LB,cc.
This table shows the results for L = 2, D = 32, LB;,, = 0.02 and LB;,, = 0.5.

LB, | SAB(sec) [ IIS(sec) [ SAB /IS
0.5 1,888 511 EX
satellite | 0.7 1,685 327 5.2
0.9 1,564 155 10.1
0.5 211 54 3.9
segment 0.7 201 37 3.5
0.9 196 21 9.3
0.5 251 46 5.4
vehicle | 0.7 242 24 10.2
0.9 240 13 18.1
0.5 927 128 7.2
waveform 0.7 800 81 9.9
0.9 778 37 21.8
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Table 4.6: Dependency of the time complexity on the threshold for interestingness,
LBiyn:. This table shows the results for L = 2, D = 32, LB,,, = 0.02 and LB, = 0.9.

LB, | SAB(sec) | IIS(sec) | SAB / IIS
© 05 1,564 155 10.1
satellite 1.0 1,544 89 178
1.1, 1,548 68 22,18
0.5 196 21 9.3
segment 140 196 15 13.1
b5l 194 11 7
0.5 240 k3 18.1
vehicle 1.0 241 9 26.1
i 240 7 33e])
0.5 778 36 21.8
waveform 1.0 778 20 38.1
1.1 T 1l 47.1

the execution time of SAB is almost independent of the thresholds for accuracy and
interestingness. In general, higher threshold means more strict restriction on the rules
to be discovered. Discovery algorithms can prune rules more efficiently with the higher
and more strict threshold and can enumerate rules with shorter running time. The
independence of SAB from the thresholds on accuracy and the interestingness means
that SAB could not use them to prune inappropriate rules at all. In contrast, IIS
became faster as the thresholds of accuracy and interestingness increased. This shows
that IIS used these thresholds to prune rules effectively even if IIS and SAB used the
same evaluation functions of accuracy and interestingness of rules. For the threshold
of support, both of SAB and IIS improved their efficiency for high thresholds and the
evaluation function of support worked well for pruning rules in both algorithms.

The experiments in this subsection show that IIS is faster than SAB in all cases.
IIS can use thresholds of accuracy and interestingness effectively and becomes much

efficient than SAB when discovering longer rules from instances represented by numeric
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Table 4.7: Dependency of the number of rules on the threshold for interestingness,
LBin:. This table shows the results for L = 2, D = 32, LB;,, = 0.02 and LB, = 0.9.

LBy satellite segment | vehicle | waveform
—oo 1,974,150 255,344 | 49,561 19,532
0.1 938,358 92,334 | 36,914 17,268
0.2 869,825 85,687 | 33,975 14,303
0.3 803,451 78,477 | 32,054 11,090
0.4 739,093 71,780 | 28,826 7,681

0.5 683,613 | 65,721 | 23,813 5,017
0.6 615,531 | 57,933 | 17,219 1,918
0.7 518,556 | 49,225 | 10,076 294
0.8 336,703 | 39,340 | 4,874 47
0.9 147,974 | 28,097 | 1,921 0
1.0 36,128 | 13,050 398 0
1.1 300 | 1,976 25 0
1.2 0 0 1 0
1.3 0 0 0 0

attributes with many discretized values. IIS is sufficiently fast to discover rules with
less than four conditions in their bodies from thousands of instances represented by

dozens of attributes.

4.4.2 Discovered Rules

Table 4.7 shows how the threshold of the interestingness affects the number of dis-
covered rules. Without any restriction on the interestingness, discovery algorithms
output huge number of rules with typical setting of thresholds of support and accu-
racy, LBs,,=2% and LB,,.=90%. For example, there are millions of rules for satellite
database that cover more than 2% of instances and classify them with 90% or higher
accuracy. The restriction on the interestingness can filter out most of them and selects
thousands or less rules with an appropriate threshold, 0.5 ~ 1.1 for the databases in

Table 4.7. The problem is whether the selected rules with high interestingness are
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really interesting and useful.

Figure 4.3 shows examples of rules discovered by SAB and IIS. Figure 4.3 also
shows probaibilties of concluding classes and accuracy of more general rules used to
evaluate their interestingness. Both of SAB and IIS can enumerate all rules with given
requirements on support, accuracy and the interestingness. Then, they output the
same rule set for each database and the rules in 4.3 are dicscovered by both algorithms.
Figure 4.3 shows two rules for each database discovered with L =2, D = 64, LB,,, =
0.02, LBy = 0.9 and LB;,; = 0.8. One is the rule with the highest interestingness
and the other is the rule with the maximum support. Figure 4.3 doesn’t show rules
from waveform because no rule satisfied the given requirements.

Satellite database represents observations of geographic features from Landsat. In
the database, values of attributes represent the intensities of four spectrum bands, two
visible and two infra-red, of 3x3 pixels and a class label is a geographic class of center
pixel such as red_soil and damp_grey_soil. Two attributes, a;7 and ag, in rule 1 are the
intencities of two visible spectrum bands in the center pixel. Even if the conditions of
these two visible spectrums have very small relationship with the conclusion, red_soil,
but the combination of them implies red_soil with 100% accuracy. Rule 2 represents
a similar relationship of the same combination of visible spectrums at the differenct
pixcel. There exist similar rules for other pixels and the relationship of these two
visible spectrums is independent of pixcels. It is not clear that these rules are realy

useful for domain experts, but the rules are interesting from statistical view point.

4.5 Chapter Summary

This chapter investigated discovery of classification rules in numeric domains and pre-

sented two discovery algorithms to this task. The first algorithm, SAB, applies a
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rule 1: a;7 € [46,51]) A a5 € [64, 87] — red_soil
support = 0.02, accuracy = 1.00, interestingness = 0.93
P(red_soil) = 0.238
P(red_soilla;7; € [46,51]) = 0.288, P(red_soil|a,s € [64,87]) = 0.216

rule 2: as3 € [46,56] A azq € [67,92] — red_soil
support = 0.06, accuracy = 0.99, interestingness = 0.80
P(red_soil) = 0.238
P(red_soil|ass € [46,56]) = 0.379, P(red_-soil|ass € [67,92]) = 0.235

(a)Discovered rules from satellite

rule 3: distance_circularity € [79,91]
Ascaled_variance_minor _azis € [519, 686] — saab
support = 0.02, accuracy = 0.95,interestingness = 1.07
P(saab) = 0.258, P(saab|distance_circularity € [79,91]) = 0.153
P(saab|scaled-variance_minor azis € [519,686]) = 0.145

rule 4: maz_length_aspect_ratio € |9, 12]
Ascaled_variance_minor _axis € [304, 367] — bus
support = 0.08, accuracy = 0.99, interestingness = 0.80
P(van) = 0.235, P(van|mazx _length_aspect_ratio € [9,12]) = 0.288
P(van|scaled_variance_minor _axis € [304,367]) = 0.305

(b)Discovered rules from vehicle

rule 5: exred_mean € [—7.7,—2.8]
Nezxblue_mean € [19.7,27.8] — brick face
support = 0.02, accuracy = 0.98,interestingness = 0.92
P(brick face) = 0.143
P(brick face|exred-mean € [—7.7,—2.8]) = 0.147
P(brick face|exblue_mean € [19.7,27.8]) = 0.182

rule 6: rawblue_mean € [0.8,10.5]

Nhue_mean € [—2.094303, —1.563972] — window
support = 0.03, accuracy = 0.91,interestingness = 0.80
P(window) = 0.143
P(window|rawblue_-mean € [0.8,10.5]) = 0.198
P(window|exblue_mean € [—2.094303, —1.563972]) = 0.159

(c)Discovered rules from segment

Figure 4.3: Examples of discovered rules.
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traditional approach in rule discovery in numeric domains that iteratively determines
a boundary of possible values for each attribute one by one. The second algorithm,
IIS, doesn’t fix a boundary at each step. Instead, it iteratively reduces a range of
a boundary at each step. The experimental results showed that IIS is much faster
than SAB in many situations even if the two algorithms apply completely the same
evaluation functions for pruning rules.

There are two reasons why IIS is much efficient than SAB. First, SAB instanciates
a condition on each attribute one by one and gives no restriction on the condition of
the last attribute until just before leaf nodes. This makes it difficut to evaluate upper
bounds of accuracy and the interestingness accurately even if SAB uses the same upper
bound functions with IIS. Second, SAB divides focused rules into many subsets with
small number of rules at each decision point by selecting values of a start or an finish
point of an interval. As a result, even if SAB prunes internal nodes near a root node of
a search tree, SAB can reject only a small number of rules. Instead, IIS divides rules
into only two sets at each decision point and can reject many rules if pruning occures
near the root.

One of the remanining problems of IIS is that it outputs many quite similar rules.
The rules share a same concluding class and their bodies consist of similar conditions
on the same attributes. As a result, the hyper-rectangles defined by their bodies almost
concide with each other and the rules share many instances covered by their bodies.
Such rules represent an identical relationship in the given instances and it is not good
to show all of them to a user of discovery system because it degrades readability of

discovered rules.
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Chapter 5

Related Works

5.1 Learning Decision Rules

Chapter 2 discussed learning hypotheses from a set of pre-classified instances to classify
new instances correctly. This task is known as supervised learning and is one of the
most typical framework of machine learning. There are many types of representations
of hypotheses and this thesis used a set of classification rules. Classification rules are
also called decision rules in the field of supervised learning.

Michalski’s AQ family [38, 40, 68] is one of the most basic researches for learning
decision rules. AQ starts from a set of all training instances and learns rules one by one.
It first selects a positive instance randomly as a seed and learns a rule for the selected
instance. After that, it selects another instance not covered by the learned rule as a
new seed and learns another rule. AQ iterates this process until all of positive instances
are covered by at least one rule. Many other learning algorithms such as CN2[14, 15]
and RIPPER|[17] also learn decision rules one by one. However, they differ from AQ
in how to learn each rule. As discrebed above, AQ selects a seed instance and learns a
rule for the instance. Instead, CN2 and RIPPER don’t select a seed instance but try
to learn a rule that works best for the training instances that are not covered by the

learned rules. The learning algorithm proposed in Chapter 2, IGR, uses a seed instance
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to learn each rule and is similar to AQ. The most important difference between AQ
and IGR is that IGR always induces a rule for every positive instance even if some of
them are redundant to cover positive instances. Oppositely, AQ stops learning when
all positive instances are covered. As a result, IGR learns more rules than AQ. Another
difference is that IGR induces all rules simultaneously to improve learning time.
Learning decision rules consists of two phases, growing rules and pruning the grown
rules. Growing phase is more important for classification ability while pruning phase
is useful to avoid over fitting on the training instances and to improve classification
performance. Reduced error pruning[16] is the most widely used method for prun-
ing decision rules. It starts from the original decision rules from growing phase and
iteratively simplifies it with the simplification operator with the maximum gain of
classification error for new instances estimated with the training instances. In usual
reduced error pruning uses two simplification operators, removing a condition from a
decision rule and removing a rule itself. The former operator generalizes the hypothe-
sis and the later one specializes the hypothesis. Reduced error pruning is effective to
improve classification performance in noisy databases but it requires much more time
than growing phase [16] because it is not computationally easy to evaluate the effects of
removing one condition of a certain rule[16]. IREP[28] resolved this problem by prun-
ing ach rule just after the rule is learned and before generating the next rule. Many
empirical researches [16, 50] show that pruning learned hypotheses not only simplify
the rules but also improve classification accuracy for new, unknown instances. The
current IGR doesn’t apply pruning and induces rules with 100% accuracy for training
instances. As the experiments in Chapter 2 show, IGR achieved high classification
accuracy and the pruning rules may not improve its accuracy significantly. However,

from the viewpoint of simplicity of learned hypotheses, pruning rules will be able to
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improve DIG.

Most learning algorithmsincluding IGR apply general-to-special rule induction that
starts from the most general rule and iteratively specializes it to increase its accuracy.
This approach achieves good rules in many natural domains but sometimes leads poor
rules. In each specialization step, general-to-special approach evaluates relationship be-
tween class and each attribute independently and selects the attribute with the highest
relationship. Then, the learning algorithms sometimes miss hidden relationships such
as exclusive-or of two attributes because each attribute has no or small relation to class
labels by itself and the condition selection criteria give small scores to the attributes.
There is another approach to rule induction, special-to-general approach. This ap-
proach starts from a rule corresponding to a specific training instance and iteratively
generalizes it by removing conditions of attributes. This approach is more robust than
general-to-special approach on the above hidden relationships because the accuracy of
the rule decreases if any conditions on relevant attributes are removed. There is only a
few learning algorithms based on this approach because special-to-general learning is
computationally heavier than general to special learning. For example, RISE[20] starts
from a rule set in which each rule corresponds to each training instance and constrains
values of all attributes to permit only the corresponding instance. RISE generalizes
the rule set by iteratively merging most similar rule pairs. Then, its time complexity
is O(N?) or O(N?) depending on the number of resulting rules where N is the number
of training instances.

IGR classifies a new instance with majority voting when the instance satisfies plural
rules. Decision list[15, 56] is another approach to classify instances with decision rules.
It orders the induced rules and uses only the first rule that matches the instance to be

classified. In decision lists, it is easy to understand the logical meaning of the whole
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hypothesis because the decision lists represent a chain of “if-then-else”. In unordered
sets of rules such as IGR induces, the meaning of the whole hypothesis is not clear
because the boundaries between classes are defined by majority voting of plural rules.
Instead, the meaning of individual rules is not clear in decision lists because the rule
assumes implicitly that the bodies of the rules that precede in the lists are not satisfied.
In unordered sets of rules, every rule is induced independently and its meaning is
independent of other rules.

All of the above algorithms learn hypotheses for classification when training in-
stances are given and classify all of new instances with the hypotheses. However, if
the purpose of learning is only to classify new instances, it is sufficient to learn when
an instance to be classified is given. Lazy learning[2] is based on this approach and
learns a hypothesis for each test instance to be classified. Then, a learned hypothesis
is used to classify only one test instance and a different hypothesis is learned for classi-
fying a different test instance. LazyDT[26] is a lazy learning algorithm that learns one
pseudo-optimum rule for each test instance. When large number of training instances
are given, IGR induces similar rules with LazyDT because there exists a quite similar
training instance to each test instance and the best rule for the training instance is the
same one as the best rule for the test instance with high probability. However, IGR has
the following advantages to achieve higher classification accuracy than LazyDT. First,
IGR can use the class label of the target training instance to induce the rule. However,
LazyDT, of course, can’t use the class label of the target test instance. This makes it
difficult to learn good rules by LazyDT near boundaries of classes. In addition, IGR

uses plural rules to classify one instance but LazyDT induces only one rule.
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5.2 Evaluation of Rules

An important problem in knowledge discovery is to evaluate rules to filter out less
interesting rules because huge number of rules are embedded in typical databases.
What kind of rules are interesting strongly depends on what a user of a discovery
system already knows and what he/she wants to do with the discovered rules. If the
user has no background knowledge of the domain of the target database, then the
user prefers typical rules that summarize the characteristics of each class. However,
domain experts usually know such rules and may prefer exceptional rules that represent
anomalies in the given databases.

Piatetsky-Shapiro discussed the properties of rule interest criteria and proposed

the following principles that the criteria should satisfy[49].

e The interestingness becomes 0 if accuracy of a rule to be evaluated coincides with

the prior probability of its conclusion.

e The interestingness monotonically increases with accuracy of the rule when other
parameters such as support and the prior probability of the conclusion remain

the same.

e The interestingness monotonically increases with support when other parameters

remain the same.

e The interestingness monotonically decreases with the probability of the conclu-

sion when other parameters remain the same.

Roughly speaking, the above principles lead the interestingness of rules that increases
with the strength of the relationship between a body and a conclusion of a rule to be

evaluated. Because of the last two principles, the criteria based on these principles
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prefer typical rules than exceptional rules. When evaluating a classification rule whose
conclusion is a certain class label, the most interesting rule for the class with respect to
the principles is the one that covers all instances of the class and rejects all instances
in other classes if such a rule exists.

Many criteria of rules satisfy all of or many of these principles. For example, Smyth
and Goodman proposed a discovery algorithm ITRULE[60] that uses J-measure as the
criterion of rules and this criterion satisfies all of the above principles. Several discovery
algorithms(3, 27, 44] extract rules that minimize the weighted sum of entropy for
training instances covered by and not covered by the rule. The weighted sum of entropy
satisfies the second, third and the last principles. It violates the first principle unless
the prior probability of the conclusion is 50%. CN2[14] uses Laplacian error estimate
to evaluate rules. This criterion also satisfies the second, third and the last principles
and its generalization, m-error estimation[13] satisfies all of the four principles. Other
criteria such as chi-square estimation[61], gini index[10] also satisfy the principles.
These criteria of rules are the functions of support, accuracy and the prior probability
of each class. Because the prior probabilities of the classes are constant, optimization
of these criteria can be mapped to maximization of support and accuracy, and the
difference between the criteria is how to balance support and accuracy[5]. Then, these
criteria satisfy the second and the third principles. Kamber and Shinghal(33] discussed
characteristic rules to represent necessity conditions and discriminant rules to represent
sufficiency, and proposed the interestingness of characteristic rules based on the above
principles.

As described above, the discovery algorithms based on the principles tend to extract
typical rules and sometimes ignore exceptional rules. In contrast, the interestingness in

Chapter 3 doesn’t satisfy the third and the last principles. It doesn’t depend on support
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of rules and gives high scores to the exceptional rules with small support. However, the
interestingness also gives high scores to typical rules with large support if the conditions
of the rules are really required to achieve high accuracy. The interestingness in this

thesis can be used to extract both of typical and exceptional rules.

5.3 Discovery of Exception Rules

Most knowledge discovery systems extract typical rules with large support but there
are several previous works to extract interesting rules with small support. Suzuki et
al.[64, 62, 63] have discussed criteria of exception rules and proposed algorithms to
discover them. The most important feature of their works is to extract pairs of general
and exception rules. In their first work[64], they evaluated a pair of rules by using
entropy based measure, ACEP(Average Compressed Entropy Product) and proposed
a discovery algorithm to extract given number of the best rule pairs with respect to
ACEP. In their recent works|[62, 63], they restricted the pairs of rules based on accuracy

of the rules in the pairs.

Formally, a rule

is an exception rule of its generalization
agA---Nap = class =¢
if and only if
ol gAY
e P(class =clay A---ANag Aby A---ANby) > LBy,

e P(class =clay A---Nap) > LBy,
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e P(class=c|by A---Abpy) < LB3,
e Plclass=cANajN---ANap Aby A---ANby) > LBy,
e P(class=c Nay A---Nay) > LBs.

The first three conditions mean that the exception rule specialized by by A --- A by
implies a certain class ¢ with high accuracy even if the general rule implies a different
class ¢’ with high accuracy. The fourth condition rejects the possibility that the con-
junction by A - - - A bys strongly relates to the conclusion ¢ and the exception rule is a
trivial conclusion of the rule b; A--- A by = c. The last two conditions give minimum
support for exception and general rules.

The interestingness I and /G proposed in Chapter 3 can be used to detect a kind
of exception rules. The interestingness becomes more than one only when the rule to
be evaluated concludes a certain class with high accuracy but generalizations of its

body negatively relates to the class. Precisely speaking, the interestingness of a rule
Ty €EDIAN---Nxp € D, = class =c¢

becomes high only when

and
P(clzy € Dy A+ ANxg—1 € Dy ANZpyy € Dekn A---ANzp € Dp) < P(c),

and these two conditions correspond to the second and the third conditions of the

exception rule. In addition, large interestingness requires the expectation of accuracy

P(C‘.’Ek € Dk)P(C'.’El EDI N ANZp_1 € D, N oy (E Dk+1 Ao o /N @b (& DL)
P(c)

(7

must be small and this leads the condition that P(c|zx € Dy) is not so high. This
condition corresponds to the fourth condition of exception rules. As a result, if the

interestingness of

is sufficiently high, then the rule is an exception rule of a general rule

The difference between the interesting rule in this thesis and the exception rule is
that the definition of the exception rule compares the rule with only one general rule
and doesn’t concern other generalizations of the rule. Oppositely, the interestingness
defined in Chapter 3 compares with plural general rules to judge whether all conditions
are really required to imply the conclusion. Because of this difference, the interesting-
ness in this thesis sometimes rejects exception rules based on the above conditions as
trivial rules. Informally, a rule a; A as A b = c is an exception rule of a general rule
a; Aagy = ¢’ if accuracy of them are sufficiently high and the condition b for specializing
the general rule to the exception rule doesn’t have positive relation to c. However, the
above definition doesn’t concern the rules a; A b = ¢ and a; A b = ¢ that may imply
the class ¢ with high accuracy with smaller number of conditions. Suzuki ignored this
possibility because the purpose of his work was to discover rule pairs. An exception
rule represents an exceptional region of class ¢ in the region of class ¢’ corresponds to a
general rule even if the exceptional region is not isolated and is a part of wider region
corresponding to other general rules such as a; Ab = ¢ and as A b = c¢. In contrast,
this thesis tries to evaluate a rule itself that corresponds to an isolated interesting area
of a certain class.

Liu et al. defined direction setting (DS) rules [37] to prune useless rules. DS rules

require that the conditions in their bodies negatively relate to the conclusions of the
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rules. Then, DS rules represent a kind of exception rules and are highly estimated by
the interestingness in this thesis. However, the definition of DS rules is qualitative but

the interestingness in this thesis can evaluate rules quantitatively.

5.4 Rule Discovery in Numeric Domains

Many practical databases are represented by both of nominal and numeric attributes
and discovery systems are required to extract rules from numeric attributes. For
rule discovery from numeric attributes, there are two points to characterize discovery
algorithms. First one is what kind of conditions are used to represent bodies of rules.
This thesis focuses on the rules in which each condition only restricts values of one
attribute and doesn’t apply multivariate conditions that constrain combinations of
values of plural attributes. The conditions on single attributes are most widely used in
many learning algorithms such as C4.5[51]. However, these conditions only divide an
instance space by axis-parallel hyper-plains and the learned rules can only represent
hyper rectangles consist of axis-parallel hyper-plains. This restriction tends to lead
complex rules when the numeric attributes are strongly correlated with each other and
clusters of positive instances are oblique to the axes.

There are some, but not many researches to try this problem by using conditions on
plural attributes. For example, Heath et al.[30] and Ittner and Schlosser[32] proposed
decision tree learners with multivariate conditions that divide instances with linear
or non-linear functions of plural attributes. Fukuda et al.[27] discussed multivariate
conditions that represent x-monotone regions and rectilinear convex regions in two
dimensional space defined by two numeric attributes. This thesis doesn’t use these
multivariate conditions because of the following three reasons. First, the multivariate

conditions makes it difficult to understand what the discovered rules mean. If the
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purpose of rule discovery is to support human experts to analyze the given databases,
readability of the rules is quite important and the conditions with single attributes are
superior than multivariate conditions. Oppositely, we don’t need to concern this point
and may prefer the multivariate conditions if the purpose of discovery is to classify
new instances correctly and human experts don’t edit the discovered rules. Second, it
is difficult to combine the multivariate conditions for numeric attributes with nominal
attributes. In many real world problems, discovery algorithms should extract rules
with both nominal and numeric conditions and they should deal with nominal and
numeric conditions within the same framework. If the discovery algorithms permit
multivariate conditions on numeric attributes, then the algorithms should permit not
only multivariate conditions on nominal attributes but also multivariate conditions that
combine nominal and numeric attributes. Finally, multivariate conditions increase the
number of possible rules significantly and makes it difficult to enumerate interesting
rules.

Another issue of rule discovery in numeric domains is how to deal with possible
values of numeric attributes, i.e. whether the discovery algorithms require discretiza-
tion as a pre-process of rule discovery, or they directly extract rules from original
non-discretized values. For classification of new instances, many algorithms learn hy-
potheses from original, non-discretized values. For example, C4.5 evaluates all of
possible cut points for original values for every numeric attribute and selects the best
condition to divide training instances at each decision node. Fayyad and Irani [23] dis-
cussed dividing training instances with plural cut points at each decision node based
on minimum description principle(MDL). Instead, most discovery algorithms apply
discretization to enumerate rules with given constraints on their support and accu-

racy. This is because enumeration with non-discretized values not only increases the
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number of possible rules but also leads many quite similar rules that share the same
attributes with slight different thresholds in their bodies. Such similar rules usually
correspond to the same regularity in the given instances and it is sufficient to extract
one or a few of them for analyzing given instances. Oppositely, discretization reduces
the number of possible rules and accelerates discovery algorithms, but the discovery
algorithms may miss interesting rules if domains of attributes are discretized with in-
appropriate thresholds. In this thesis, IGR assumes discretization and the quality of
discovered rules depend on the discretization method. IIS also requires discretization
but it assumes discretization into many values and the effect of discretization is not so
large. All experiments in this thesis used the most simple method that discretizes a
domain of each numeric attribute into values with same number of training instances
but there are more sophisticated discretization algorithms. For example, chi-merge[34]
starts from all distinct values appeared in training instances and continues to merge
two adjacent values (intervals) that minimizes chi-squire score. Wang et al.[66] ap-
plied discretization on association rule mining and proposed discretization based on
how merging two adjacent values affects interestingness of discovered association rules
evaluated by J-measure. It may be possible to improve the performance of discovered

rules by IGR with these discretization algorithms.
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Chapter 6

Conclusions

This chapter summarizes the contributions of this thesis and discusses remaining prob-

lems for future research.

6.1 Contributions

This thesis investigated discovery of classification rules from databases of pre-classified
training instances. The major purposes of rule discovery are classifying new instances
correctly and analyzing characteristics of the given databases. This thesis dealt with
rule discovery for both purposes.

Chapter 2 discussed discovery of rules for classifying new instances. The contribu-
tion of this chapter is a new discovery algorithm IGR(Instance Guided Rule induction)
to achieve high classification ability without increasing the number of discovered rules.
When discovering rules for classifying new instances, goodness of the discovered rules
is basically measured by classification performance for the new instances. In addition,
simplicity of the rules is also an important criterion for rule discovery. These two
criteria sometimes conflict with each other. IGR extracts one rule for each training
instance that works well near the training instance and combines such rules to classify
new instances correctly. Empirical results showed that IGR learned more rules than

standard learning algorithms such as AQ and C4.5 but was much better than the al-
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gorithms with respect to classification accuracy. Bagging with C4.5 could learn rules
with comparable classification accuracy with IGR but it required much more rules than
IGR and was significantly slower than IGR.

Chapter 3 and 4 discussed discovery of rules for analyzing databases. The contri-
butions of these chapters are new criteria of rules to filter out less interesting rules and
two efficient discovery algorithms to extract interesting rules based on the proposed
criteria in nominal and numeric domains respectively. Chapter 3 first discussed why
most commonly used criteria of rules, support and accuracy, aren’t sufficient to reject
useless rules and presented the interestingness that evaluates a rule by comparing the
real accuracy of the rule with its expectation calculated from accuracy of more general
and simpler rules. Chapter 3 also presented a new discovery algorithm DIG(Discovery
of Interesting rules with Grouping attribute values) to discover interesting rules effi-
ciently from a set of training instances represented by values of nominal attributes.
Chapter 4 discussed rule discovery from training instances represented by numeric at-
tributes and presented a new discovery algorithm IIS(Iterative Interval Specialization)
that searches for rules by specializing boundaries of allowed intervals for values of at-
tributes. Chapter 3 and 4 evaluated the proposed algorithms empirically and showed
that the algorithms could discover interesting rules with small number of conditions

in their bodies in practical time.

6.2 Future Works

This thesis have presented the discovery algorithms and showed their usefulness. This
section suggests future researches to improve them.
First, this thesis presented two discovery algorithms for analyzing given databases,

DIG for nominal databases and IIS for numeric databases. However, many practical
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databases are represented by both types of attributes and the discovery algorithms are
required to extract rules with conditions on both of nominal and numeric attributes.
DIG and 1IS are quite different from each other but it is very important to unify them
to analyze databases with both of nominal and numeric attributes.

Second is the use of domain knowledge. In usual, human experts have domain
knowledge on the given databases and the use of the knowledge can improve the quality
of discovered rules[48]. In addition, human experts sometimes expect discovery systems
to justify their knowledge and to point out the lack or wrong points of their knowledge.
However, all of discovery algorithms in this thesis extract rules from only training
instances and can’t use background knowledge. This may restrict the applications of
the algorithms in this thesis.

Third, this thesis focused on conjunctive rules whose bodies are conjunctions of
conditions and require all of conditions are satisfied. However, it is required to dis-
cover more powerful rules in some practical domains[45, 73, 74]. An example of such
rules are the rules with threshold functions in their bodies that only require the given
number (threshold) of conditions are satisfied. This type of rules become important in
many real world problems such as diagnoses of diseases in which observation of more
symptoms of a certain disease leads more confident diagnosis. It is possible to extend
the interestingness of rules presented in Chapter 3 to the rules with threshold functions
as their bodies[71]. However, it is not easy to discover such rules efficiently because
support of the rules doesn’t decrease as their bodies become longer and it is difficult
to restrict search space with minimum support effectively.

At the end, this thesis evaluated proposed algorithms only with benchmark prob-
lems. It is quite important to apply the algorithms on real world problems and evaluate

how they work and what are insufficient to discover interesting rules.
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