Intuitive Representation of Decision Trees Using

General Rules and Exceptions

Bing Liu, Minqing Hu and Wynne Hsu

School of Computing

National University of Singapore

Lower Kent Ridge Road, Singapore 119260

( liub, huminqin, whsu)@ comp.nus.edu.sg

Abstract

Producing too many rules is a major problem with many data mining techniques. This paper argues that one of the key reasons for the large number of rules is that an inefficient knowledge representation scheme has been used.

The current predominant representation of the discovered knowledge is the if-then rules. This representation often severely fragments the knowledge that exists in the data, thereby resulting in a large number of rules. The fragmentation also makes the discovered rules hard to understand and to use. In this paper, we propose a more efficient representation scheme, called general rules & exceptions . In this representation, a unit of knowledge consists of a single general rule and a set of exceptions .

This scheme reduces the complexity of the discovered knowledge substantially. It is also intuitive and easy to understand. This paper focuses on using the representation to express the knowledge embedded in a decision tree. An algorithm that converts a decision tree to the new representation is presented. Experiment results show that the new representation dramatically simplifies the decision tree. Real-life applications also confirm that this representation is more intuitive to human users.

Introduction

Much of the existing data mining research has been focused on designing efficient techniques to mine regularities or knowledge fromdatabases. T he discovered knowledge is commonlyrepresented as a set of if-then rules. An if-then rule is a basic unit of knowledge.

One of the major problems with manyexisting mining techniques is that theyoften produce too manyrules, which make manual inspection and analysis verydifficult. T his problemhas been regarded as a major obstacle to practical applications of data mining techniques. It represents a major gap between the results of data mining and the understanding and use of the mining results. T his paper aims to bridge this gap byfocusing on simplifying the mining results so that theycan be easilyanalyzed and understood bythe human user.

In the past fewyears, a number of techniques have been proposed to deal with the problemof too manyrules ( e.g.,

Piatesky-Shapiro & Matheus 1994; Silberschatz & T uzhilin

Copyright © 2000, American Association for Artificial Intelligence

(www.aaai.org). All rights reserved.

1996 ; Liu & Hsu 1996; Liu, Hsu & Ma 1999). T he main idea of these techniques is to use the user´s domain knowledge or some statistical measures to filter out those uninteresting rules. T his work does not research in this direction. Instead, it identifies an important cause of the problem, and deals with the problemat its root.

We showthat one of the keyreasons for the large number of rules is that an inefficient scheme is used to represent the discovered knowledge. T he simple if-then rules based representation has two major deficiencies:

1. If-then rules fragment the knowledge that exists in data, which results in a large number of discovered rules.

T his large number of rules presents three problems for data mining applications:

· Manual analysis of the rules is verydifficult.

· Even if some interesting rules can be identified, they maynot be actionable because the rules are often too specialized (cover too small a population) due to the fragmentation.

· T he fragmentation obscures the essential relationships in the domain and the special cases (or exceptions). T his makes the discovered knowledge hard to understand and to use.

We will use an example to illustrate the points later.

2. T he discovered knowledge is represented onlyat a single level of detail. T his flat representation is not suitable for human consumption because we are more used to hierarchical representation of knowledge.

Hierarchical representation allows us to easilymanage the complexityof knowledge, to viewthe knowledge at different levels of details, and to focus our attention on the interesting aspects.

We use a decision tree classification example to illustrate the problems, and to introduce the new representation. Although a decision tree, as its name suggests, is in the formof a tree, it essentiallyexpresses a set of if-then rules. Our example data set has two attributes

(A1 and A2), 500 data records and two classes, � and O .

T he value range of A1 is from0-100 and A2 from0-50.

T he decision tree systemC4.5 (Quinlan 1992) is used to build the tree (for classification), which basicallypartitions the data space into different class regions. T he resulting partitioning is expressed as a decision tree. Figure 1 shows the data space and the partitioning produced byC4.5. T he resulting tree (not shown here) has 14 leaves, represented

AAAI-2000 , July28-Aug 3 2000, Austin, Texas, USA.

bythe 14 rectangular regions. T he two classes of data are well separated. T he 14 regions or the tree can be convenientlyrepresented as a set of if-then rules, with each tree leaf (or a region) forming a single rule:

R1: A1 £ 49, A1 > 18 ® �

R2: A1 <= 10 ® �

R3: A1 > 10, A1 £ 18, A2 > 18 ® �

R4: A1 > 10, A1 £ 18, A2 <= 10 ® �

R5: A1 > 10, A1 £ 18, A2 > 10, A2 £ 19 ® O

R6: A1 > 86 ® O

R7: A1 > 49, A1 £ 60 ® O

R8: A1 > 60, A1 £ 86, A2 £ 10 ® O

R9: A1 > 60, A1 £ 86, A2 > 39 ® O

R10: A1 > 60, A1 £ 68, A2 > 20, A2 £ 39 ® O

R11: A1 > 68, A1 £ 86, A2 £ 30, A2 > 10 ® O

R12: A1 > 68, A1 £ 80, A2 > 30, A2 £ 39 ® O

R13: A1 > 60, A1 £ 68, A2 > 10, A2 £ 20 ® �

R14: A1 > 80, A1 £ 86, A2 > 30, A2 £ 39 ® �

Figure 1. Partitioning produced byC4.5

FromFigure 1 and the 14 rules fromthe decision tree 1 , the following observations are made:

· Looking at the 14 rules themselves does not give us a good overall picture of the regularities that exist in data.

T hese rules fragment the knowledge. However, if we change the 14 rules to the following two general rules

&exceptions (GE) patterns, the picture becomes clear:

GE-1: A1 £ 49 ® � [sup = 47.2%, conf = 94.4%]

Except R5: A1 > 10, A1 £ 18, A2 > 10, A2 £ 19

® O [sup = 2.8%, conf = 100%]

GE-2: A1 > 49 ® O [sup = 45.2%, conf = 90.0%]

Except R13: A1 > 60, A1 £ 68, A2 > 10, A2 £ 20

® � [sup = 2.4%, conf = 100%]

R14: A1 > 80, A1 £ 86, A2 > 30, A2 £ 39

® � [sup = 2.4%, conf = 100%]

T he first part of a GE pattern is a general rule, and the second part (after ^

Except ~) is a set of exceptions to the general rule. Fromthe GE patterns, we see the essential relationships of the domain, the two general rules, and the special cases, the exceptions (R5, R13 and R14).

T his representation is much simpler than the 14 rules

1 C4.5 also has a program to produce a set of classification rules. We d o not use them in this paper as these rules can overlap one another, which make them more difficult to comprehend and to process. That program is also veryinefficient for large data sets.

because R1-R4 and R6-R12 are not needed 2 . Figure 2 gives a pictorial representation of the GE patterns. Our real-life application users also confirmed that the new representation is more intuitive, and conforms closelyto the representation of knowledge in their dailywork.

Note that we have used support ( sup ) and confidence

( conf ) for a rule, which have their usual meanings

( Agrawal, Imielinski & Swami 1993). Both support and confidence are useful concepts in practical applications.

· T he exception regions are the ones that cause the fragmentation. More exceptions result in more severe fragmentation. For example, in Figure 1, on the left of the A1 = 49 line, we have one exception region, and 5 rules were generated. On the right of A1 = 49, we have two exception regions, and 9 rules were generated.

Figure 2. T he GE representation

The GE patterns simplifies the rules (or decision tree) by:

using general rules and removing those fragmented rules that have the same classes as the general rules .

These fragmented rules are non-essential, and worse still they make the discovered knowledge hard to interpret.

This is not to say that the fragmented rules are completely useless. For example, those fragmented rules may have higher confidences (e.g.,

100% ). They may be useful because of the high confidences. However, the GE patterns have given us a good summary of the knowledge. If the user is interested in the detailed rules, the general rules can direct him/her to them (using a simple user interface).

In the proposed GE representation, each combination of one general rule and a set of exceptions represents a single piece of knowledge. T he general rule gives a basic relationship in the domain. T he exceptions are unexpected with respect to the general rule. A general rule normally covers a large portion of the data, while an exception covers a relativelysmall portion of the data. In the next two sections, we will see that the GE representation naturally introduces a knowledge hierarchy, and that it can be expressed in the formof a tree, which we call the GE tree .

In the rest of the paper, we develop the idea further in the context of decision trees. An algorithmthat converts a

2 The newrepresentation does not affect the classification accuracy.

0

10

20

30

40

50

0 10 20 30 40 50 60 70 80 90 100

A1

A2

0

1 0

2 0

3 0

4 0

5 0

0 1 0 2 0 3 0 4 0 5 0 6 0 7 0 8 0 9 0 1 0 0

A2

A1 decision tree to a GE tree is presented. Experiment results and real-life applications showthat the proposed method simplifies the decision tree dramaticallyand also produces a more intuitive representation of knowledge.

General Rules and Exceptions

Since this paper focuses on using the GE representation to express classification knowledge embedded in a decision tree, we define GE patterns in this context. A database D for classification consists of a set of data records, which are pre-classified into q ( ³ 2) known classes, C = { c

1

, �, c q

}. The objective of decision tree building is to find a set of characteristic descriptions of the classes that can be used to predict the classes of future (unseen) cases.

Definition (GE patterns) : A GE pattern consists of two parts, a single general rule (which is an if-then rule) and a set of exceptions. It has the following form:

X ® c i [ sup , conf ]

Except E

1

, �, E n where:

1. X ® c i

is the general rule . X is a set of conditions , and c i

is the consequent (a class).

2. E = { E

1

, �, E n

} is the set of exceptions. E maybe empty ( E = Æ ). Each E j

is a GE pattern of the form:

X , L j

® c k

[ sup , conf ]

Except E j 1

, �, E jm where ( X , L j

® c k

) is called a sub-general rule (if it has no exceptions, we also called it an exception rule ). L j

is an additional set of conditions, and c k

Î

C and c k

¹ c i

. E jl

are the exceptions of ( X , L j

® c k

).

Notes about the definition:

1. For the sub-general rule, ( X , L j

® c k

), X maynot appear explicitlyin the conditional part, but needs to be satisfied. For example, if X is A1 > 49, then A1 > 80 can be the onlycondition of a sub-general rule because data records that satisfyA1 > 80 also satisfyA1 > 49.

2. An exception E j

onlycovers a subset of the data records covered byits general rule ( X ® c i

). T he class of E j

´s sub-general rule must be different fromits general rule.

3. Since each exception is also a GE pattern, this scheme can represent knowledge in a hierarchical fashion.

We nowdefine the (sub-) general rule. We do not n eed to define exceptions because theyare GE patterns.

Definition ((sub-) general rules) : A (sub-) general rule is a significant rule , and its class is the majority class of the data records covered bythe rule. A rule covers a data record if the data record satisfies the rule´s conditions.

It does not make sense that the class of the (sub-) general rule is not the majorityclass. For example, if our data set has two classes c

1

and c

2

, then A1 > 2 ® c

1

with the confidence of 30% cannot be a general rule. For it to be one, its confidence must be greater than 50%.

Rule significance : The significance of a rule can be measured in many ways. For example, we can measure it using statistical significance tests and/or minimum confidences ( minconf ) from the user. In this work, we use

chi-square test/fisher’s exact test 3 ( Everitt 1977) and minconf. The way that we test the significance of a rule is similar to that in (Liu, Hsu & Ma 1999).

Representing Decision Trees as GE Patterns

Decision tree construction (Quinlan 1992) is a popular method for building classification models. A decision tree has two types of nodes, decision nodes and leaf nodes . A decision node specifies some test to be carried out on an attribute value with one branch for each possible outcome of the test. A leaf node indicates a class.

From a geometric point of view, a decision tree represents a partitioning of the data space. A serial of tests

(or cuts) from the root node to a leaf represents a hyperrectangular region. The leaf node gives the class of the region. For example, the five rectangular regions in Figure

3(A) are produced by the decision tree in Figure 3(B). The tree can also be represented as rules. For example, the leaf node 5 in Figure 3(B) can be represented with the rule,

A1 > 4, A2 > 2.5 ® O .

(A). Partitioning produced bythe tree in Figure 3(B)

(B). Decision tree (C). GE tree

Figure 3. An example partitioning of the data space and its corresponding decision tree and GE tree

As mentioned earlier, the GE representation of a decision tree can also be in the formof a tree, which we call the GE tree . Below, we present the algorithmthat finds general rules and exceptions in the context of a decision tree, or in

3 Chi-square test can be computed veryefficiently. However, it is based on the assumption that the expected frequencies should not be small

( Everitt 1977). One popular rule of thumb for a 2x2 contingencytable is that the chi-square test should not be used when the expected frequencyof anycell is smaller than 5. When such a situation occurs, we use fisher´s exact test, which is computationallyless efficient.

However, such cases do not occur often. The computation does not present a problem.

4

1

7

2

3

A1

A2

A1

£ 4 > 4

£ 2.5 > 2.5

£ 7

A1

> 8.5

8

£ 8.5

9

4

1

7

2

3

A1

A2

A1

£ 4 > 4

£ 2.5

A1

8

£ 8.5

5

6

> 7 > 7

6

2.5

4 7 8.5 10 0

A1

A2 other words, converts a decision tree to a GE tree. T he algorithmconsists of two steps:

1. Find high-level general rules: T he systemdescends down the tree fromthe root to find the nearest nodes whose majorityclasses can formsignificant rules. We call these rules the high-level general rules .

2. Find exceptions: After the high-level general rules are found, the systemdescends down the tree further to find exceptions. Since an exception is also a GE pattern, with its sub-general rule and exceptions, the question is howto determine whether a tree node should forma sub-general rule or not. We use the following criteria:

· Significance: A sub-general rule must be significant and has a different class fromits general rule.

· Simplicity: If we use a tree node to forma subgeneral rule, it should result in fewer rules in the final GE representation. T he complexityof a GE representation is measured bythe sumof the number of high-level general rules and the number of subgeneral rules (or exception rules). Let the class of the rule R formed bythe current node be c j

, and the class of its general rule (before it) be c i

( i ¹ j ). Let the number of leaves belowthis node in the tree for class c i

be n i

, and for class c j

be n j

. R will be a subgeneral rule if the following condition is satisfied:

n j

³ n i

+ 1 (1)

T he formula is intuitive because if the inequality holds it means that using R to forma sub-general rule with class c j

(1 in the formula represents this sub-general rule) cannot result in a more complex final description of the knowledge.

We nowuse an example to illustrate the idea. In Figure

3(A and B), the following GE patterns can be formed:

GE-1: A1 £ 4 ®

�

GE-2: A1 > 4 ® O

Except A1 > 7, A1 £ 8.5, A2 £ 2.5 ® �

A1 £ 4 ® � , and A2 > 4 ® O are high-level general

rules (which are formed bynode 2 and 3 in Figure

3(B)). For GE-2, we can have an alternative

representation, i.e., forming a sub-general rule at node 7

(Figure 3(B)) with its exception (note that we cannot

forma sub-general rule at node 4 because its majority

class is the same as that of its general rule at node 3,

i.e., O ):

GE-2’: A1 > 4 ® O

Except A1 > 7, A2 £ 2.5 ® �

Except A1 > 8.5, A2 £ 2.5 ® O

T his representation (GE-2’) is, however, more complex

than GE-2. If we followformula (1) above and compare

the number of rules, we have

1 < 1 + 1

T his means that we should not use GE-2’. Figure 3(C)

gives the GE representation in the tree form. T he two

thick lines with classes represent the two general rules.

T he thick dash lines represent the exception of GE-2.

Nowlet us consider the situation in Figure 4. In this

case, a sub-general rule should be formed at node 7

(according to the above formula, 2 ³ 1 + 1):

GE-2: A1 > 4 ® O

Except A1 > 7, A2 £ 2.5 ® �

Except A1 > 8.5, A2>1.8, A2 £ 2.5 ® O

If we do not forma sub-general rule here, we will have:

GE-2’: A1 > 4 ® O

Except A1 > 7, A1 £ 8.5, A2 £ 2.5 ® �

A1 > 8.5, A2 £ 1.8 ® �

GE-2 is preferred because it gives us a hierarchy of

knowledge and does not increase the knowledge

complexity. Intuitively, we can also see that the area

within ( A1 > 7, A2 £ 2.5 ) is a general area for class � .

(A). Partitioning produced by the tree in (B)

(B). Decision tree (C). GE tree

Figure 4. A partition of the data space and its

corresponding decision tree, and GE tree

T he detailed algorithm( findGE) is given in Figure 5.

T he algorithmfirst traverses down the tree along each

branch recursivelyto find the high-level general rules (line

2, 5 and 6). In the case of Figure 4(B), it finds two general

rules shown in Figure 4(B) and (C), i.e., the two thick lines

fromthe root. T he classes ( � or O ) are also attached.

Algorithm findGE ( Node )

1 if Node is a leaf node then

2 mark it as a high-level general rule

3 else for each child node N of Node do

4 c

i

= majorityclass of node N ;

5 If the rule formed fromroot node to N with the

class c

i is significant then

6 mark it as a high-level general rule ;

7 countLeaves ( N );

8 findExcepts ( N , c

i

)

9 else findGE ( N )

10 end

Figure 5: Finding general rules and exceptions

5

A1

6

2.5

1.8

4 7 8.5 10 0

A2

(2, 2) 4

A2

1

7

2

(1, 1)

3

A1

A2

A1

£ 4 > 4

£ 2.5 > 2.5

£ 7

A1

> 8.5

(2, 1) 6

8

£ 8.5

> 1.8

11

9

10

£ 1.8

A2

1

7

3

A1

A2

A1

£ 2.5

A1

> 8.5

9

2

£ 4

> 1.8

11

4

> 7 > 7

> 4

(0, 1)

(2, 3)

After a high-level general rule is found (line 5), the

algorithmgoes down the tree further to find its exceptions

(line 8). T his is carried out bythe findExcepts procedure.

As discussed above, to decide whether a node belowa

general rule should forma sub-general rule or not, we need

the numbers of leaves of different classes belowthe node

(formula (1)). T he countLeaves procedure (line 7 of Figure

5) performs this task. T his procedure is not given here as it

is fairlystraightforward. In the case of Figure 4(B), the

procedure produces the numbers of leaves of different

classes beloweach internal node. T hese numbers are shown

within "()" in Figure 4(B). T he first number is the number

of � class leaves belowthe node, and the second number is

the number of O class leaves.

Finally, the procedure findExcepts is given in Figure 6.

Procedure findExcepts ( Node, c

i

)

1 if Node is a leaf then

2 if the class of the leaf is different from c

i then

3 mark it as an exception

4 else delete the node /* it is a fragmented leaf or rule */

5 else for each child node N of Node do

6 c

j

= majorityclass of node N ;

7 if c

j

¹ c

i

AND the rule formed fromroot node to

N with the class c

j is significant AND

n

j

³ n

i

+ 1 then

8 mark it as a sub-general rule

9 findExcepts( N , c

j

)

10 else findExcepts ( N , c

i

)

11 end

12 end

Figure 6: Finding sub-general rules and exceptions

T he procedure traverses down the tree froma (sub-)

general rule to find its exceptions. c

i is the class of the (sub-

) general rule. In lines 1-3, if Node is a leaf and its class is

different fromthe (sub-) general rule’s class c

i

, it is reported

as an exception. Otherwise, the procedure goes down to its

children to find exceptions (line 5). If the conditions in line

7 are satisfied, it means that node N can forma sub-general

rule. n

i is the number of leaves of class c

i belowthe node N .

T he procedure marks this node to forma sub-general rule

and recursivelygoes down (line 8 and 9). For example, in

Figure 4(B), node 7 forms a sub-general rule because the

conditions in line 7 are met (assume the rule is significant).

If the conditions are not met, the procedure goes down

further (line 10). For the tree in Figure 4(B), we finally

obtain the GE tree in Figure 4(C), which has two high-level

general rules, one sub-general rule and one exception rule.

Complexity: Since the algorithmtraverses the decision tree

at most twice, the complexityof the whole algorithmis

O ( m ), where m is the number of nodes in the decision tree.

Empirical Evaluation

T o test the effectiveness and efficiencyof the proposed

technique, we applied it to the decision trees produced by

C4.5 using 20 data sets in the UCI Machine Learning

Repository( Merz and Murphy1996). We also used the

technique in a number of real-life applications.

Experiment results on the 20 data sets: T able 1 shows

the experiment results. T he first column gives the name of

each data set. T he second column gives the number of

leaves in the decision tree produced byC4.5 (after pruning)

for each data set. T he third column gives the total number

of leaves (or rules) in the GE tree (high-level general rules,

sub-general rules and/or exception rules).

T able 1: Experiment results

Comparing column 2 and column 3, we can see that the

number of leaves (or rules) in the GE tree is substantially

smaller. On average, over the 20 data sets, the number of

leaves (or rules) in the GE tree is only36% of that of the

original decision tree. T his shows that the GE tree

significantlysimplifies the decision tree. T he execution

times are not reported as the algorithmruns so fast that they

cannot be logged.

For these experiments, chi-square test at the confidence

level of 95% is used to measure the significance of a rule.

Applications: T he proposed technique has been used in a

number of real-life applications. Due to space limitations,

we can onlybrieflydescribe one here. In a disease

application, the original tree produced byC4.5 fromthe

data has 35 leaves, while the GE tree has only10 leaves or

rules. For instance, a general rule says that if the patient’s

age is less than 44, the chance of having the disease is very

small with 3 exception regions. However, the

corresponding sub-decision tree has 14 leaves. Another

general rule says that if the patient’s age is greater than 62,

the chance of having the disease is veryhigh with onlyone

exception. However, C4.5 produces 5 fragmented rules.

What is also important is that the users find that the

decision tree is hard to understand because it is difficult to

obtain a good overall picture of the domain fromthe

fragmented decision tree leaves, which are hard to piece

together. T he GE tree, on the other hand, is more intuitive.

D a t a S e t s n o . o f d e c is io n

t r e e le a v e s n o . o f G E

t r e e le a v e s

1 a d u lt 5 1 8 1 3 2

2 a n n e a l 5 3 1 6

3 a u s t r a 3 1 1 2

4 a u t o 4 9 2 2

5 b r e a s t 1 8 9

6 c h e s s 2 8 1 1

7 c le v e 3 0 1 6

8 c r x 3 0 1 1

9 d ia b e t e s 2 2 1 2

1 0 g e r m a n 1 0 3 3 8

1 1 g la s s 2 3 1 3

1 2 h e a r t 1 8 1 0

1 3 io n o 1 8 1 0

1 4 k d d 3 3 0 5 1

1 5 m u s h r o o m 2 6 1 2

1 6 p im a 2 2 1 2

1 7 s a t im a g e 2 1 6 1 2 7

1 8 s p lic e 1 5 7 6 3

1 9 t ic - t a c 9 5 3 9

2 0 w a v e f o r m 3 1 7 1 4 6

A v e r a g e 1 0 5 . 2 3 8 . 1

Related Work

T he problemof too manyrules has been studied bymany

researchers in data mining. However, to the best of our

knowledge, there is no existing work that tackles the

problemfroma knowledge representation point of view.

In the interestingness research of data mining, a number

of techniques (e.g., Piatesky-Shapiro & Matheus 1994;

Klemetinen et al 1994;

Silberschatz & T uzhilin 1996; Liu

& Hsu 1996; Padmanabhan & T uzhilin 1998 ) have been

proposed to help the user find interesting rules froma large

number of discovered rules. T he main approaches are: (1)

using some interestingness measures to filter out those

uninteresting rules; and (2) using the user´s domain

knowledge to help him/her identifyunexpected rules.

However, none of the methods touches the knowledge

representation issue.

In (Liu, Hsu & Ma 1999), a method is proposed to

summarize the discovered associations ( Agrawal,

Imielinski, & Swami 1993). T he main idea is to find a set

of essential rules to summarize the discovered rules. It does

not studythe knowledge representation issue. Furthermore,

the technique cannot be used for decision trees because it

requires all possible associations to be discovered. It also

does not work with continuous attributes.

(Suzuki 1997; Liu et al 1999) studythe mining of

exception rules fromdata given some general rules.

(Compton & Jansen 1988) proposes ripple-down rules 4 ,

which are rules with exceptions, for knowledge acquisition.

( Kivinen, Mannila & Ukkonen 1993) reports a theoretical

studyof learning ripple-down rules fromdata. Our work is

different. We aimto simplifyand summarize the data

mining results byusing the GE representation. We do not

report another technique for mining general rules and/or

exceptions fromthe data. Manyexisting data mining

methods are alreadyable to mine such rules and also the

fragmented rules. T he mining results are, however, not

represented in an intuitive manner. Ripple-down rule

mining and exception rule mining do not mine fragmented

rules. We believe that such rules should also be discovered

because theymaybe interesting to the user as well (see the

Introduction section).

( Vilalta, Blix & Rendell 1997) studies the decision tree

fragmentation problemin the context of machine learning.

T he problemthere refers to producing trees that are too

large and too deep. T he research focus is on reducing the

tree size byconstructing compound features, byreducing

the number of partitions, etc. Our work is different as we

do not change the learning process, but onlypost-process

the learning results to produce a more compact and easy-to-

understand representation.

(Clark & Matwin 1993; Pazzani, Mani & Shankle 1997)

studythe problemof producing understandable rules by

making use of existing domain knowledge in the learning

process. T heyare different fromour work as theyare not

concerned with different representations.

4 Tha nks to an anonymous reviewer for pointing us to the references of

ripple-down rules.

Conclusion

In this paper, we have shown that the conventional if-then

rules based representation of knowledge is inefficient for

manydata mining applications because the rules often

fragment the knowledge that exists in data. T his not only

results in a large number of rules, but also makes the

discovered knowledge hard to understand. We proposed a

more efficient and easy-to-understand representation,

which is in the formof general rules and exceptions. T his

representation is simple and intuitive, and also has a natural

wayof organizing the knowledge in a hierarchical fashion,

which facilitates human analysis and understanding.

Experiment results and real-life applications showthat the

proposed representation is veryeffective and efficient.

Acknowledgement: We would like to thank Shuik-

Ming Lee, Hing-Yan Lee, Shanta C Emmanuel, Paul Goh,

Jonathan Phang and King- Hee Ho, for providing us the

data and giving us feedbacks. The project is funded by

National Science and Technology Board, and National

University of Singapore under RP3981678.

References

Agrawal , R., Imielinski , T., Swami, A. 1993. Mining association

rules between sets of items in large databases. SIGMOD-93 .

Clark, P. and Matwin, S. 1993. Using qualitative models to guide

induction learning. ICML-93.

Compton, P . and Jansen, R. 1988. Knowledge in context: a

strategyfor expert system maintenance. Proceedings of 2 nd

Australian Joint AI Conference ( AI-88 ).

Everitt , B. S. 1977. The analysis of contingency tables . Chapman

and Hall.

Kivinen, J., Mannila, H. and Ukkonen. E. 1993. Learning rules

with local exceptions. EuroCOLT-93 .

Klemetinen , M., Mannila , H., Ronkainen , P ., Toivonen , H. and

Verkamo , A. 1994. Finding interesting rules fromlarge sets of

discovered association rules. CIKM-94.

Liu, B. and Hsu, W. 1996. Post-analysis of learned rules.

AAAI-96 .

Liu, B., Hsu, W and Ma, Y. 1999. ^P runing and Summarizing the

discovered associations.~ KDD-99 .

Liu, H., Lu, H., Feng , F and Hussain , F. 1999. Efficient search of

reliable exceptions. PAKDD-99 .

Merz, C. J. and Murphy, P . 1996. UCI repositoryof machine

learning databases, [http://www.cs.uci.edu/~mlearn].

P admanabhan, B. and Tuzhilin, A. 1998. A belief-driven method

for discovering unexpected patterns. KDD-98 .

Pazzani, M., Mani, S. and Shankle, W. 1997. Beyond concise and

colorful: learning intelligible rules. KDD-97 .

P iatesky-Shapiro , G. and Matheus , C. 1994. The interes t ingness

of deviations. KDD-94 .

Quinlan, R. 1992. C4.5 : program for machine learning. Morgan

Kaufmann.

Rivest, R. 1987. Learning Decision Lists. Machine Learning , 2.

Silberschatz, A., and Tuzhilin, A. 1996. What makes pa t terns

interesting in knowledge discoverysystems . IEEE Trans. on

Know. and Data Eng. 8(6).

Suzuki, E. 1997. Autonomous discovery of reliable exception

rules. KDD-97 .

Vilalta , R., Blix , G. & Rendell , L. 1997. Global data analysis and

fragmentation problem in decision tree induction. ECML-97 .