Multi-Level Organization and Summarization of the Discovered Rules

Bing Liu, Minqing Hu, and Wynne Hsu

School of Computing

National University of Singapore

3 Science Drive 2, Singapore 117543

{ liub, huminqin, whsu}@ comp.nus.edu.sg

ABSTRACT

Manyexisting data mining techniques often produce a large number of rules, which make it verydifficult for manual inspection of the rules to identifythose interesting ones. This problemrepresents a major gap between the results of data mining and the understanding and use of the mining results. In this paper, we argue that the keyproblemis not with the large number of rules because if there are indeed manyrules that exist in data, they should be discovered. The main problemis with our inabilityto organize, summarize and present the rules in such a waythat they can be easilyanalyzed bythe user. In this paper, we propose a technique to intuitivelyorganize and summarize the discovered rules. With this organization, the discovered rules can be presented to the user in the wayas we think and talk about knowledge in our dailylives. This organization also allows the user to view the discovered rules at different levels of details, and to focus his/her attention on those interesting aspects. This paper presents this technique and uses it to organize, summarize and present the knowledge embedded in a decision tree, and a set of association rules. Experiment results and practical applications show that the technique is both intuitive and effective.

1. INTRODUCTION

P roducing too manyrules has been regarded as a major problem with manydata mining techniques [12, 14, 23, 21, 5]. The large number of rules makes it veryhard for manual inspection of the rules to gain insight of the domain. This paper argues that the key problemis not with too manyrules, but with our inabilityto organize and to present the rules in such a waythat is easily analyzed bythe user.

Let us use an analogyto explain. We equate the discovered rules froma database with the knowledge contained in a conventional scientific book. This is reasonable because discovered rules are a formof knowledge. Although a book can contain a huge amount of knowledge in a few hundred pages, people seldomcomplain that ^this book is too thick and contains too much information, and I cannot read and use it~. In most

cases, a thick book with a comprehensive coverage is of great value. However, we do often hear people complain that a book or an article is badlywritten and badlyorganized. A good book is easyto read because the author has put a great deal of effort to organize and present the contents of the book in such a waythat is able to constantlydraw the reader´s attention and enables him/her to follow and to understand the contents easily.

A common strategyfor organizing the contents of a book is by hierarchy. In such an organization, the contents are divided into topics, and presented at different levels of details. The main advantage of the hierarchical organization is that it allows the reader to manage the complexityof knowledge, and to view it fromgeneral to specific, and to focus his/her attention on those interesting aspects. For a hierarchical organization to work effectively, summarization is crucial. In a book, chapter and section headings, and abstract and/or summaries are used to tell the reader what to expect fromeach chapter or each section. From the summaries, the reader can obtain an overall view of what the chapter or section is about and decide whether to read the details.

The question is ^Can we organize and present the discovered rules like a well organized book so that theycan be easily browsed and used byhuman users?~ This paper shows this is possible. Till now, little research has been done in this direction.

In this paper, we propose a novel technique, called general rules, summaries &exceptions (GSE), to organize, summarize and present the discovered rules.

In the past few years, we had a number of applications in education, medical and other domains. In these domains, users always find it veryhard to browse through the discovered rules

(even when the set is not verylarge) to gain a good understanding of the domain. Although there exist techniques to deal with the problemof too manyrules, theyare still not satisfactory. Through extensive interactions with our users, we discovered that our users always talk about knowledge in a certain way, i.e., in terms of general patterns and special cases . For example, when we tried to profile the students of an educational institution, our users would make the following comment: In general, our good students have certain profiles. However, in some situations, these maynot be true. In the medical applications, the situation is similar. The doctors always saythat people with certain characteristics tend to have a particular disease. However, in some special situations, theymaynot develop the disease. We began to realize that the individual rule based representation of knowledge employed in current data mining techniques is not intuitive for human users.

This inspired us to design the proposed technique, which use general rules to give the user a big picture of the domain and exceptions to point out the special cases. The summaries are used to summarize those non-essential rules, which will be clear later.

SIGKDD-2000 , Aug 20-23 2000, Boston, USA

Existing data mining systems typicallygenerate a list of rules

with no further organization. This is like writing a book or a paper

byrandomlylisting out all the facts and formulas. The resulting

book will be difficult for anyone to read because one cannot see

anyrelationships among the facts and formulas. In data mining

applications, a list of rules presents the following two problems:

1. It obscures the essential relationships and the special cases or

exceptions, and makes it hard for the user to piece the

information in the rules together to obtain a good overall

understanding of the underlying relationships in the domain.

2. It represents the discovered knowledge onlyat a single level

of detail. This flat representation is not suitable for human

consumption because we are more used to hierarchical

representation of knowledge. Hierarchical representation

allows us to manage the complexityof knowledge, to view the

knowledge at different levels of details, and to focus our

attention on the interesting aspects.

Let us use an example to illustrate. Our example dataset has two

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

The domain of A1 is {a, b, c, d}, and the domain of A2 is {x, y}.

Assume a rule miner found the following rules ( support and

confidence have their usual meanings [2]):

R1: A2 = x ® � (sup = 41%, conf = 77%)

R2: A1 = a, A2 = x ® � (sup = 14%, conf = 97%)

R3: A1 = c, A2 = x ® � (sup = 13%, conf = 91%)

R4: A1 = d, A2 = x ® � (sup = 13%, conf = 93%)

R5: A1 = b, A2 = y ® � (sup = 6%, conf = 79%)

R6: A2 = y ® O (sup = 38%, conf = 83%)

R7: A1 = b, A2 = x ® O (sup = 10%, conf = 83%)

R8: A1 = a, A2 = y ® O (sup = 13%, conf = 98%)

R9: A1 = c, A2 = y ® O (sup = 12%, conf = 97%)

R10: A1 = d, A2 = y ® O (sup = 12%, conf = 92%)

Bysimplylooking at the 10 rules above, it is hard for us to obtain

a good overall picture of the relationships in the data.

Th ese rules are actuallygenerated fromthe data space given in

Figure 1. The two numbers within the brackets next to each

junction (or value combination) are the number of � class tuples,

and the number of O class tuples respectively. Onlythe majority

class symbol is drawn for each value combination.

Figure 1. The example data space

Now, let us change the 10 rules to the following two general

rule, summary &exceptions (GSE) patterns, the picture becomes

clear and much easier to understand. Let us ignore the summary

component for the time being.

GSE-1: A2 = x ® � (sup = 41%, conf = 77%)

Except R7: A1=b, A2=x ® O (sup = 10%, conf = 83%)

GSE-2: A2 = y ® O (sup = 38%, conf = 83%)

Except R5: A1=b, A2=y ® � (sup = 6%, conf = 79%)

The first part of a GSE pattern is a general rule, and the second

part (after ^Except~) is a set of exceptions to the general rule.

Fromthese two parts of the GSE patterns, we see the essential relationships of the domain, the two general rules, and the special

cases, the exceptions (R5 and R7). This representation is much

simpler than the 10 rules because R2-R4 and R8-R10 are not

used. These rules (R2-R4 and R8-R10) fragment the knowledge

in the data. Theyare non-essential, and worse still theymake the

discovered knowledge hard to interpret.

This, however, is not to saythat the f ragmented rules are

completelyuseless. The fragmented rules maybe interesting due

to their higher confidences (e.g., 97% and 98%). We use the

summarycomponent to summarize these fragmented rules. Here,

we use the highest confidence of the rules as the summary(see

Section 3). Thus, the complete GSE-1 and GSE-2 are as follows:

GSE-1: A2 = x ® � (sup = 41%, conf = 77%)

Summary Highest conf. of � class rules = 97%

Except R7: A1=b, A2=x ® O (sup = 10%, conf = 83%)

GSE-2: A2 = y ® O (sup = 38%, conf = 83%)

Summary Highest conf. of O class rules = 98%

Except R5: A1=b, A2=y ® � (sup = 6%, conf = 79%)

Th e GS E r e p r e s e n t a t i o n o f t h e d i s c o v e r e d k n o wl e d g e h a s

t wo k e y a d v a n t a g e s :

S i m p l i f i c a t i o n : I t s i mp l i fi e s t h e d i s c o v e r e d r u l e s u s i n g g e n e r a l

r u l e s a n d t h e i r e x c e p t i o n s , a n d h i d e s t h o s e fr a g me n t e d

r u l e s t h a t h a v e t h e s a me c l a s s e s a s t h e g e n e r a l r u l e s . Th e

fr a g me n t e d r u l e s a r e n o n - e s s e n t i a l . Th e y a r e s u mma r i z e d

wi t h t h e s u mma r y fi e l d o f t h e GS E p a t t e r n . I f o n e i s

i n t e r e s t e d i n t h e m, o n e c a n fo l l o w t h i s l i n k t o v i e w t h e m.

O r g a n i z a t i o n : I t o r g a n i z e s t h e d i s c o v e r e d k n o wl e d g e i n a n

i n t u i t i v e wa y, wh i c h i s e a s y fo r t h e u s e r t o fo l l o w b e c a u s e

t h e GS E r e p r e s e n t a t i o n i s a c o mmo n wa y o f r e p r e s e n t i n g

k n o wl e d g e i n o u r d a i l y l i v e s . Wh a t i s a l s o i mp o r t a n t i s

t h a t t h i s o r g a n i z a t i o n n a t u r a l l y d r a ws t h e u s e r ´ s a t t e n t i o n .

I n o u r a p p l i c a t i o n s , we fo u n d t h a t e x c e p t i o n s o ft e n a t t r a c t

t h e u s e r b e c a u s e t h e y a r e u n e x p e c t e d wi t h r e s p e c t t o t h e

g e n e r a l r u l e s . Wh e n t h e u s e r s e e s s o me g e n e r a l r u l e s ,

h e / s h e i s a l mo s t a l wa ys e a g e r t o s e e t h e e x c e p t i o n s .

I n S e c t i o n 3 , we wi l l s e e t h a t t h e GS E r e p r e s e n t a t i o n a l s o

n a t u r a l l y i n t r o d u c e s a h i e r a r c h i c a l ( mu l t i - l e v e l ) o r g a n i z a t i o n

o f t h e d i s c o v e r e d r u l e s .

Th i s p a p e r p r e s e n t s t h e GS E r e p r e s e n t a t i o n , a n d u s e s i t t o

o r g a n i z e , s u mma r i z e a n d p r e s e n t t h e k n o wl e d g e e mb e d d e d i n

a d e c i s i o n t r e e a n d a s e t o f a s s o c i a t i o n r u l e s . S i n c e d e c i s i o n

t r e e s a n d a s s o c i a t i o n r u l e s e mb e d s o me wh a t d i ffe r e n t t yp e s o f

k n o wl e d g e , t h e p r o p o s e d t e c h n i q u e i s a p p l i e d d i ffe r e n t l y

d e p e n d i n g o n t h e c o n t e x t . E x p e r i me n t r e s u l t s a n d p r a c t i c a l

a p p l i c a t i o n s s h o w t h a t t h e p r o p o s e d t e c h n i q u e i s v e r y

e ffe c t i v e a n d e ffi c i e n t .

2. RELATED WORK

In the past few years, a number of techniques were proposed to

deal with the problemof too manyrules [21, 23, 12, 14, 9, 19, 1].

The main idea of these techniques is to use the user´s knowledge

or statistical measures to remove those uninteresting rules. Our

work is different. We aimto organize and summarize the rules so

that the user can browse through themeasilyand effectively.

[9] proposes a template-based approach for finding interesting

rules. This approach first asks the user to specifywhat rules

he/she wants. The systemthen finds those matching rules. The

technique assumes that the user knows exactlywhat he/she is

looking for. However, in manysituations, the user does not know

A2

A1

(68, 2) (10, 50) (64, 6) (65.5)

(2, 62)

(1, 63) (30, 8)

(5, 59)

a b c d x

y what to find exactly. His/her needs can onlybe met by

incorporating browsing as well as template-based search in the

system. It is well known that humans are better able to recognize

something than to generate a description of it [11].

[23, 12, 14, 19] propose an expectation or belief based

approach to find interesting rules. In this approach, the user is

also required to input his/her existing knowledge about the

domain, and the systemthen finds those conforming and

unexpected rules. This approach is more advanced than the

template-based approach because it not onlyfinds those rules that

satisfythe templates but also the unexpected rules. However,

since it requires input knowledge fromthe user, it suffers fromthe

problemof knowledge acquisition. That is, one mayknow a great

deal, but it is verydifficult for one to tell what he/she knows [14].

[24, 18] investigate using itemconstraints specified bythe

user in association rule mining to generate onlythe relevant rules.

This approach also requires the user to know preciselywhat

he/she wants or does not want.

[14] presents a technique to summarize the discovered

association rules. It selects a subset of the rules, called direction

setting rules (DS rules), to summarize the discovered rules. DS

rules represent the essential relationships of the domain. For

example, we have the following discovered rules froma loan

application domain:

R1: Job = yes ® Loan = Approved (sup = 40%, conf = 70%)

R2: Own_house = yes ® Loan = Approved

( sup = 30%, conf = 75%)

If these two rules are known, then the following association rule is

not so surprising to us:

R3: Job = yes, Own_house = yes ® Loan = Approved

( sup = 20%, conf = 90%)

because it intuitivelyfollows R1 and R2. R1 and R2 (the DS

rules) are used to provide a summaryof the three rules. R3 is non-

essential. This technique is proven useful in our real-life

applications. However, some shortcomings are also exposed.

Firstly, it takes at least two rules to summarize another rule.

However, the user onlysees one rule at a time. Thus, when the

user just sees a particular DS rule, it is not easyto imagine those

rules that have been summarized because he/she maynot have

seen the other DS rules. Secondly, comparing to GSE

representation, DS rules are less intuitive as DS rules do not

directlyreflect the waythat we think about knowledge. Finally,

the technique cannot be applied to summarize the rules in a

decision tree because it requires at least two rules to summarize

another. However, one of the rules maynot be in the tree as a

decision tree typical onlydiscovers a subset of the rules in data.

In [15], we proposed to use general rules & exceptions (GE),

without the summarycomponent, to represent decision trees. The

GE representation is less effective than GSE as the information on

the fragmented rules is lost. [15] also does not studyorganization,

summarization and presentation of association rules, which

presents a different set of problems.

[26, 16] studythe mining of exception rules fromthe data

given some general rules. Our work is different. We aimto

organize and summarize the mining results. We do not report

another technique to mine exceptions fromthe data.

[4] proposes ripple-down rules, which are rules with

exceptions, for knowledge acquisition in AI. This confirms that

general rules and exceptions are intuitive to human experts.

3. GENERAL RULES, SUMMARIES AND

EXCEPTIONS

We now present the GSE representation. In this paper, we are

interested in rules generated froma relational table D , which

consists of a set N of data tuples described by m distinctive

attributes A . Rule mining in such a dataset is typicallytargeted at

a specific attribute because the user normallywants to know how

the other attributes are related to this target attribute (which can

have manyvalues) [13, 3]. This target attribute is often called the

class attribute, and its values, the classes (denoted by C ). Below,

we define the GSE pattern in this context.

Definition 1 (GSE patterns) : A GSE pattern consists of three

components, a single general rule (an if-then rule), a summary

and a set of exceptions. It is of the following form:

X ® c

i

( s u p , c o n f )

S u mma r y

Except E

1

, �, E

n

wh e r e :

1 . X ® c

i i s t h e g e n e r a l r u l e . X i s a s e t o f c o n d i t i o n s , a n d

c

i

Î C i s a c l a s s . S u p a n d c o n f a r e s u p p o r t a n d

c o n fi d e n c e o f t h e r u l e wi t h t h e i r u s u a l me a n i n g s [ 2 ] .

2 . Th e ` S u mma r y´ fi e l d g i v e s s o me e s s e n t i a l i n fo r ma t i o n

o f t h e r u l e s b e l o w t h e g e n e r a l r u l e . A r u l e r i s b e l o w

a n o t h e r r u l e R i f r o n l y c o v e r s a s u b s e t o f t h e d a t a

t u p l e s t h a t a r e c o v e r e d b y R . A r u l e c o v e r s a d a t a t u p l e

i f t h e d a t a t u p l e s a t i s fi e s t h e r u l e ´ s c o n d i t i o n s .

3 . E = { E

1

, � , E

n

} i s t h e s e t o f e x c e p t i o n s . E ma y b e

e mp t y ( E = Æ ) . E a c h E

j i s a GS E p a t t e r n o f t h e fo r m:

X

j

® c

k

( s u p , c o n f )

S u mma r y

E x c e p t E

j 1

, � , E

j w

wh e r e ( X

j

® c

k

) i s c a l l e d a n e x c e p t i o n r u l e . X

j i s a s e t

o f c o n d i t i o n s , a n d c

k

Î C a n d c

k

¹ c

i

. D a t a t u p l e s t h a t

s a t i s fy X

j mu s t s a t i s fy X . E

j l a r e t h e e x c e p t i o n s o f ( X

j

®

c

k

) . N o t e t h a t ( X

j

® c

k

) n o w b e h a v e s a s t h e g e n e r a l

r u l e o f E

j l

.

We n o w d i s c u s s t h e i n t u i t i v e me a n i n g s o f t h e t h r e e

c o mp o n e n t s o f t h e GS E p a t t e r n :

1 . Th e g e n e r a l r u l e g i v e s t h e u s e r a g e n e r a l r e l a t i o n s h i p o r a

b i g p i c t u r e o f t h e d o ma i n .

2 . ` S u mma r y´ h i g h l i g h t s s o me k e y i n fo r ma t i o n o f t h e r u l e s

c o v e r e d b y t h e g e n e r a l r u l e . B a s e d o n t h e s u mma r y, t h e

u s e r c a n ma k e c h o i c e s t o e x p l o r e o n l y t h o s e i n t e r e s t i n g

s u b s e t o f t h e r u l e s . Th e ` S u mma r y´ fi e l d i s n o t d e fi n e d

fo r ma l l y. I t v a r i e s a c c o r d i n g t o i mp l e me n t a t i o n n e e d s .

3 . E x c e p t i o n r u l e s a r e u n e x p e c t e d r u l e s wi t h r e s p e c t t o t h e

g e n e r a l r u l e . Th e y a l l o w t h e u s e r t o s e e t h o s e s p e c i a l c a s e s

t h a t d o n o t fo l l o w t h e g e n e r a l r u l e . An e x c e p t i o n r u l e

c o v e r s o n l y a s u b s e t o f t h e d a t a t u p l e s c o v e r e d b y i t s

g e n e r a l r u l e , a n d t h e c l a s s o f t h e e x c e p t i o n r u l e i s d i ffe r e n t

fr o m t h a t o f i t s g e n e r a l r u l e .

S i n c e e a c h e x c e p t i o n i s a l s o a GS E p a t t e r n , t h e GS E p a t t e r n

c a n n a t u r a l l y r e p r e s e n t k n o wl e d g e i n a h i e r a r c h i c a l fa s h i o n .

Th a t i s , a g e n e r a l r u l e c a n h a v e e x c e p t i o n s , a n d a n e x c e p t i o n

c a n a l s o h a v e i t s o wn e x c e p t i o n s , a n d s o o n . H o we v e r , t h e

d e p t h ( o r t h e n u mb e r o f l e v e l s ) o f t h e h i e r a r c h y s h o u l d n o t b e

t o o l a r g e , o t h e r wi s e i t a l s o b e c o me s d i ffi c u l t t o u n d e r s t a n d . I n

a n a c t u a l i mp l e me n t a t i o n , t h e u s e r c a n d e c i d e wh e n t h e

s ys t e m s h o u l d s t o p u s i n g GS E p a t t e r n s . Th i s wi l l b e e x p l a i n e d i n S e c t i o n 4 , wh i c h i s a l s o a p p l i c a b l e t o S e c t i o n 5 .

We will not give a definition of a general rule (or an exception

rule) here because for different data mining tasks it maybe

defined differently(see Section 4 and 5).

4. REPRESENTING DECISION TREES

USING GSE PATTERNS

Decision tree construction [22] is a popular method for building

classification models. In this section, we use GSE patterns to

organize and summarize the knowledge embedded in a decision

tree. The GSE representation can also be expressed as a tree,

which we call a GSE tree .

Our main objective here is to simplifya decision tree by

converting it to a GSE tree. The resulting GSE tree can still be

used for classification to produce the same result as the original

decision tree.

A decision tree has two types of nodes, decision nodes

( internal node ) and leaf nodes . A decision node specifies some

test to be carried out on an attribute value. A leaf node indicates a

class. A decision tree basicallyrepresents a partitioning of the

data space. A serial of tests (or cuts) fromthe root node to a leaf

represents a hyper-rectangular region. The leaf node gives the

class of the region. For example, the five regions in Figure 2(A)

are produced bythe tree in Figure 2(B) (ignore the numbers

within () for the time being). The tree essentiallyrepresents a set

of rules. For example, the leaf node 6 in Figure 2(B) can be

expressed with the rule,

A1 > 4, A1 £ 7, A2 £ 2.5 ® O

(A) (B)

Figure 2. A partitioning of the data space and its decision tree

We now discuss how to convert a decision tree to a GSE tree.

Before presenting the detailed algorithm, we first define a general

rule or an exception rule in the context of a decision tree.

Definition 2 (general or ex ception rules) : A general (or an

exception) rule is a significant rule , and its class is the

majority class of the data tuples covered bythe rule.

The significance of a rule can be measured in various ways. In this

work, we measure it using chi-square ( c 2 ) test/fisher’s exact test 1

[6]. The waythat we measure the significance of a rule is the same

as that in [14]. We will not discuss it further in this paper.

1 Chi-square test can be computed veryefficiently. However, it is based

on the assumption that the expected frequencies should not be small

[6]. One popular rule of thumb for the 2x2 contingencytable is that the

chi-square test should not be used when the expected frequencyof any

cell 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.

We require that the class of a general rule be the majority

class because a classification systemalways outputs the majority

class in prediction. In the GSE representation, we aimto keep the

original spirit of the underlying data mining task.

We now describe the conceptual algorithmfor converting a

decision tree to a GSE tree. The algorithmconsists of two steps

(summarization is done in both steps, see the algorithmlater):

1. Find top-level general rules: We descend down the decision

tree fromthe root node to find the nearest nodes whose

majorityclasses can formsignificant rules. We call these rules

the top-level general rules .

2. Find exceptions: We go down fromeach top-level general rule

to recursivelyfind exceptions, exceptions of the exceptions

and so on. We determine whether a tree node should forman

exception rule or not using the following criteria:

· Significance : An exception rule must be significant, and its

class is the majorityclass and is different fromthat of its

general rule (following Definition 1 and 2).

· Simplicity : If we use a tree node to forman exception rule,

it should result in fewer rules in the final GSE

representation (GSE tree). The complexityof a GSE

representation of a decision tree is measured bythe sumof

the number of top-level general rules and the number of

exception rules, which is also the number of leaves in the

GSE tree. Let the class of the rule R formed bythe current

node be c

j

, and the class of its general rule be c

i

( i ¹ j ). Let

the number of leaves below this node in the tree for class c

i

be n

i

, and for class c

j be n

j

. R will be an exception rule if the

following condition is satisfied:

n

j

³ n

i

+ 1

If this inequalityholds, it means that using R as an

exception rule with class c

j

(1 in the formula represents this

exception rule) cannot result in a more complex final

description of the knowledge. The number of leaves l of the

other classes is not included in (1) because l should appear

on both sides of (1) and get canceled. n

i

+1+ l (or n

j

+ l ) is the

total number of exception rules if we use (or do not use) R

as an exception rule at this stage.

We use the example in Figure 2 to illustrate the idea. From

Figure 2(B), the following GSE patterns can be formed (for

simplicity, we omit the support and confidence information):

GSE-1: A1 £ 4 ®

�

GSE-2: A1 > 4 ® O

Summary Highest conf. of O = 100%

Except A2 > 7, A2 £ 2.5 ® �

Summary Highest conf. of � = 100%

Except A1 > 8.5, A2>1.8, A2 £ 2.5 ® O

A1 £ 4 ® � and A1 > 4 ® O are top-level general rules

(which are formed bynode 2 & 3 in Figure 2(B)). An exception rule (with its exception) is formed at node 7 (according to formula

(4.1), we have 2 ³ 1 + 1). Intuitively, we can also see in Figure

2(A) that the area within (A1 > 7, A2 £ 2.5) is a general area for class � . This gives us a 3-level hierarchical representation of knowledge. Figure 3(A) shows the corresponding GSE tree, which has the complexityof 4 as it has 4 leaves. An internal node with a class ( � or O ) represents a (general or exception) rule. $ represents the summaryat the node. For simplicity, we do not list the content of the summaryin the GSE tree. Those fragmented tree leaves or rules are omitted. In our implementation, these leaves or rules can be accessed byclicking on the summary.

(4.1)

A1

6

2.5

1.8

4 7 8.5 10 0

A 2

5

£ 8.5

8

7

£ 4

A2

A1

A2

A1

A1

4

1

2 3

6

11

9

10

>4

£ 2.5

>2.5

£ 7

>8.5

>1.8 £ 1.8

>7

>7

(2, 2)

(1, 1)

(2, 1)

(2, 3)

(A). GSE-1 and GSE-2 (B). GSE-1 and GSE-2´

Figure 3. Two alternative GSE tree representations

As mentioned in Section 3, when the depth of a hierarchyis too deep, the knowledge embedded in it becomes harder to understand. An alternative representation of GSE-2 is GSE-2´, which stops using the GSE representation after node 3.

GSE-2’: A1 > 4 ® O

Summary Highest conf. of O = 100%

Except A1 > 7, A1 £ 8.5, A2 £ 2.5 ® �

A1 > 8.5, A2 £ 1.8 ® �

The hierarchyof GSE-2´ has onlytwo levels. This maybe easier to understand. The user can obtain the desired output by specifying the maximumdepth of the hierarchy. After this depth, no further split of general rules and exceptions will be performed.

Figure 3(B) gives the GSE tree for GSE-1 and GSE-2´.

The detailed algorithm, called findGSE, is given in Figure 4.

Notice that finding general rules and finding exceptions rules are essentiallythe same because exception rules are general rules for their own exceptions. Thus, the two intuitive steps can be performed with a single procedure, i.e., the findExcepts procedure in Figure 4.

findGSE calls two procedures, countLeavesAndSummarize, and findExcepts. As discussed above, to decide whether a node below a general rule should forman exception rule or not, we need the number of leaves of each class below the node (formula

(4.1)). The countLeavesAndSummarize procedure performs this task and also summarizes the tree leaves (or rules) below each internal node, which in our implementation records the highest confidence of the leaves of each class below the node. This procedure is fairlystraightforward and is not discussed here. In the case of Figure 2(B), countLeavesAndSummarize produces the numbers of leaves of different classes below each internal node as shown within "()" in Figure 2(B). The highest confidence of the rules of each class below each node is not shown. The first number within () is the number of � class leaves below the node, and the second number is the number of O class leaves.

The findExcepts procedure traverses down the tree froma general rule to find its exceptions. c i

is the class of the general rule. Note that when starting fromthe root node, the second input parameter is set to 0 (which is a special value, not a class in the database) to indicate that there is no general rule at the root node.

Thus, the first exception found along each path of the tree is a toplevel general rule. In lines 1-3, if Node is a leaf and its class is different fromthe 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 child can forman exception rule. n i

is the number

of leaves of class c i

below the node child . The procedure marks this node to forman exception rule and recursivelygoes down

(line 8 and 9). For example, in Figure 2(B), node 7 forms an exception 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 2(B), we obtain the GSE tree in Figure 3(A), with two top-level general rules and two exception rules.

A GSE tree can be cons tructed veryefficientlybecause the algorithmtraverses the decision tree at most twice, once by countLeavesAndSummarize, and once byfindExcepts.

Algorithm findGSE ( RootNode )

1 countLeavesAndSummarize ( RootNode );

2 findExcepts ( RootNode , 0) findEx cepts ( 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 in Node.children do

6 c j

= majorityclass of node child ;

7 if c j

¹ c i

AND the rule formed fromroot node to child with the class c j

is significant AND n j

³ n i

+ 1 then /* n

0

= 0 for root node */

8 mark it as an exception rule ;

9 findExcepts( child , c j

)

10 else findExcepts ( child , c i

)

12 end

Figure 4: Finding general rules, summaries and exceptions

5. ORGANIZING ASSOCIATION RULES

USING GSE PATTERNS

We now discuss how to represent association rules using GSE patterns. Since association rule mining is not aimed at producing a classification model but to find all significant rules, we need to applythe proposed technique differently. These will become clear later. The nature of association rule mining also presents some special problems that make it hard to find real exceptions because of the minimumsupport and rule overlapping (the same data tuple maybe covered bymanyrules). In this section, we first present the basic framework of using GSE patterns to organize association rules. We then present and deal with the special problems.

5.1 Associat ion Rule Mining

The association rule mining model is stated as follows [2]: Let I =

{ i

1

, �, i r

} be a set of items , and D be a set of data cases

(transactions). Each data case consists of a subset of items in I . An association rule is an implication of the form X ® Y , where X Ì I ,

Y Ì I , and X Ç Y = Æ . The rule X ® Y holds in D with confidence c if c % of data cases in D that support X also support Y . The rule has support s in D if s % of the data cases in D contains X È Y .

The problemof mining association rules is to generate all association rules that have support and confidence greater than the user-specified minimumsupport and minimumconfidence.

In this work, we focus on association rule mining froma relational table, which is described bya number of attributes. An itemis an attribute value pair, i.e., (attribute = value) (numeric attributes are discretized). We also have a target or class attribute, which can have a number of values C (or classes). With the class

7

8

£ 8 . 5

4

1

2 3

9

1 0

A 2

A 1

A 2

A 1

A 1

£ 4 > 4

£ 2 . 5

> 8 . 5

£ 1 . 8

> 7

$

>7

9

4

1

7

2 3

11

£ 4 >4

£ 2.5

>8.5

>1.8

A2

A1

A2

A1

A1

$

$ attribute, we onlymine rules of the form:

X ® c i where c i

Î C is a class, and X is a set of items fromthe rest of the attributes. We saya rule is large if it meets the minimumsupport.

We will not discuss the algorithmfor mining such rules as the existing algorithmin [2] can be easilymodified for this purpose

(see also [13]).

Rule pruning: It is well known that manydiscovered associations are redundant or minor variations of others. Their existence may simplybe due to chance rather than true correlation. Those insignificant rules should be removed. [14] studies the pruning of association rules. Its basic idea can be shown with the following two rules froma loan application data.

R : J o b = ye s ® Lo a n = Ap p r o v e d ( s u p = 6 0 % , c o n f = 9 0 % ) r : J o b = ye s , C r e d i t _ h i s t o r y = g o o d ® Lo a n = Ap p r o v e d

( s u p = 4 0 % , c o n f = 9 1 % )

If we know R , then r is of limited use because it gives little extra information. Its slightlyhigher confidence is more likelydue to chance than to true correlation.

We say r can be pruned with respect to R because within the subset of data tuples covered by R , r is not significant. The significance (or positive correlation) of a rule is measured bychisquare test ( c 2 ) for correlation fromstatistics [6]. The pruning is done as follows:

· Given a rule r , we tryto prune r using each ancestor rule R

(which has the same consequent as r but fewer conditions) of r . In the case that r (e.g., ^ x ® c i

~) has onlyone conditions, its ancestor rule is ^ ® c i

~. That is, we performa c 2 test on r with respect to R. If the test shows a positive correlation, it is kept. Otherwise, r is pruned. The reason for the pruning is because within the data covered by R , r is not significant.

See [14] for more details about pruning. Note that we do not use minimumconfidence in our framework. Minimumconfidence (a user-specified threshold) does not reflect the underlying relationships of the domain [3, 14]. Instead we use statistical significance as the basis for finding rules that represent the fundamental relations of the domain.

5.2 Representing Association Rules with

GSE Patterns

Since association rule mining aims to find all rules in data, it often generates a huge number of rules. Even after pruning, the number of rules left can still be verylarge, in the hundred or thousands

(see Section 6). Clearly, such a large number of rules are very difficult, if not impossible, to be analyzed bya human user.

We now discuss how to use GSE patterns to organize and present the discovered associations so that the user can browse through themand focus on the interesting subset of the rules. The keyissue still is how to determine whether a rule should forman exception rule. In the case of a decision tree, we make the decision based on two criteria, significance (statistically significant and majorityclass) and simplicity . Statistical significance still applies (after pruning everyassociation rule is statisticallysignificant). However, we do not require that an exception rule´s class be the majorityclass. Since the aimof association rule mining is to find all significant rules, thus we cannot require each rule to use the majorityclass.

The simplicitycriterion does not applyhere either because if

we find a significant rule and we do not use it as an exception rule, then the rule is lost. This is undesirable. In the case of a decision tree, the original rules for classification are formed only at the leaf level. Thus, if an internal node does not forman exception rule, we do not lose anyinformation.

Hence, for association rules, we onlyuse statistical significance to determine whether a rule should forman exception

(of course, its class must be different fromits general rule). Since everyrule is significant after pruning, we do not need anymore significance test.

To convert association rules to GSE patterns, we also need to use a different technique. It is not time and space efficient to build the whole structure like the GSE tree for association rules. The reason is that this structure could be too large due to duplicate rules appearing in different parts of the structure, i.e., the same rule mayappear in manyplaces as exceptions.

For example, we have two general rules, (A1 = a ® C1), and

(A2 = b ® C1). Assume that we also have the rule, (A1 = a, A2 = b ® C3). Then, this rule will appear as an exception rule of A1 = a ® C1 and as an exception rule of A2 = b ® C1. In the case of a decision tree, no rule will be an exception rule for more than one general rule because rules in a decision tree are disjoint. This is not the case for association rules as the above example shows.

A question that one mayask is ^whycannot we consider each rule as an exception onlyonce?~ We could not do this because the new technique aims to allow the user to browse and explore the rules effectively. If we have 2000 rules, obviouslythe user is unlikelyto see all of them. GSE patterns organize the rules in an intuitive wayso that the user can focus his/her attention on onlya subset of interesting rules. However, we will not know where the user will choose to focus on beforehand. Thus, we are unable to decide whether the rule (A1 = a, A2 = b ® C3) should appear as an exception of (A1 = a ® C1) or (A2 = b ® C1).

In this work, we adopt a lazyapproach, i.e., we onlycompute the exceptions of a general rule when the user requests it. This approach is reasonable because of two reasons:

1. the computation can be done veryefficientlywithout the user even noticing it (see the experiment results in Section 6);

2. even if we displayall the information, the user will not be able to view all of it.

While finding the exception rules of a general rule, we also summarize all the rules below each exception rule. This summary highlights the main characteristics of the rules below the exception rule. Fromthe summary, the user can decide whether to go down further to see more details. If he/she decides to do so, he/she can click and the systemwill compute the exceptions of this exception rule (which now behaves as a general rule).

The summaryfield contains the following informat ion:

· The coverage of each class: This shows how big a population that each class covers. If a class covers too few data tuples, it maynot be interesting.

· The highest confidence of the rules in each class: This gives the highest confidence of the rules below the exception rule. It indicates the qualityof the subsequent rules.

· The number of rules in each class: This allows the user to decide whether to explore further using GSE representation or simplysee the rules if the number of rules is small.

The set of characteristics can be further expanded when the need arises. However, in our applications, we found that these together with the exception rules are sufficient for the user to decide where to focus on.

Before presenting the algorithms for converting association rules to GSE patterns, we first show how the rules are stored in memory. In essence, theyare represented as a tree, called a rule tree. A rule tree is different froma decision tree because every node in the rule tree can be attached with a class distribution list representing some rules, and the branches of the tree at each level do not partition the data. Each tree node contains three pieces of information:

1. An item, which is represented byan integer number.

2. A support count, which is the number of data tuples that fall into this node.

3. A class distribution list, which stores the number of data tuples falling into each class of this node. If the rule formed with the items fromthe root to the current node with a class is not a significant rule, we indicate it with a ^0~.

An example rule tree is given in Figure 5, which uses 4 items (1,

2, 3, 4). The class distribution list and the support counts are not shown. Note that the items (represented in the tree) are in an ascending order either horizontallyor vertically. This is inherited fromassociation rule mining. This ordering greatlyfacilitates our computation later.

Figure 5. An example rule tree (no rule formed with item3)

We now present the overall algorithm, findGSE (Figure 6), to find all the exception rules of a general rule. The general rule is represented bythe root node rootNode of a rule tree and the class grClass of the general rule. We will see later that a tree is constructed dynamicallyfor each general rule, which is used to find its exceptions. The tree for a general rule contains onlythose rules (called superset rules below) that are below the general rule.

The top-level general rules can also be seen as exception rules that do not have a general rule above them.

Algorithm findGSE ( rootNode , grClass )

1 exceptionR = {};

2 findErules ( rootNode , grClass);

3 for each er Î exceptionR do

4 supersetR = {};

5 findSupersetR ( er.cond , er.class , rootNode );

6 summarize( supersetR );

7 buildTree ( cond( er ), supersetR )

8 endfor

Figure 6. The overall findGSE algorithm

Line 1 initializes a variable exceptionR to store all the exception rules of a general rule. The findErules procedure (line

2) finds all the exception rules starting from rootNode . Fromline

3-8, for each exception rule er , we find all the rules below it, i.e., those rules whose conditions are a superset of the conditions of er

(line 5). We call themthe superset rules of er . er.cond gives the set of conditions of er , and er.class gives the class of er . Line 4

initializes a variable to store all the superset rules of er . Line 6 summarizes the superset rules of each class. This procedure is simple to design, and thus will not be discussed further. In line 7, we build a new tree using all rules in supersetR with all the conditions in er removed fromeach rule. This tree will be used to find exceptions below er ( er will behave as a general rule). That is whythe algorithm findGSE always starts fromthe root node of a tree. The buildtree procedure is omitted, as it is straightforward.

The findErules procedure (Figure 7) finds all exception rules froma root node representing a general rule with its class grClass .

For finding top-level general rules, the same procedure is used. In this case, grClass is a special value (we use 0) that is not a class in the data.

In line 2, findErules descends down the tree to find exception rules fromeach child node. If an exception rule is found froma child (line 3), it is recorded (see getER procedure in Figure 8).

Otherwise, the procedure traverses further down to find exception rules. The procedure ( getER) for finding exception rules within a node is given in Figure 8.

findErules ( rootNode , grClass )

1 if rootNode . children ¹ NIL then

2 for each child in rootNode.children do

3 if not( getER( child , grClass )) then

4 findErules ( child , grClass );

Figure 7. Finding exception (or general) rules

The getER procedure (Figure 8) uses the class distribution list of the node (in node.classDistr ) to see whether anyrules are formed here. If c = 0, it means that this class does not forma rule.

If c ¹ 0 and c is not the same as grClass , an exception rule is found (line 4-5). The variable found indicates whether any exception rules are found.

getER ( node , grClass )

1 found = FALSE

2 for each c in node . classDistr do

3 if c ¹ 0 then

4 if c ¹ grClass then

/* we have found an exception rule */

5 insert the exception rule to exceptionR ;

6 found = TRUE

7 endif

8 endif

9 endfor

10 return( found )

Figure 8. Finding exception or general rules froma node

Figure 9 gives the findSupersetR procedure that finds all superset rules of an exception rule. These rules will be summarized to the user. Assume the set of conditions of an exception rule is S = { s

1

,

�, s k

}, which is a set of numbers sorted in the ascending order.

findSupersetR starts off fromthe root node of the current tree and traverses down everypossible path of the tree to find all superset rules. Note that we cannot simplytraverse down the tree fromthe exception rule to find its superset rules because some of its superset rules mayappear in other parts of the tree as well.

Figure 10 gives an example organization of a set of rules, which shows how general rules, summaries and exceptions are organized and presented. The rules are generated froma loan application data. The classes in the data are Approved and

Not_Approved , indicating whether a loan is approved or not.

Lines 1, 5, 7 and 11 show 4 general rules. Lines 2-3, line 6, lines

8-9, and lines 12-13 summarize the rules below the 4 general rules

4 2

4

Root

1

2 4

4 respectively. ^Except �~ indicates that there are exceptions, which are not shown. The user needs to click on it to see the exception rules, which calls the findGSE procedure. The user can also click on the class Approved or Not_Approved in the summary field to see all rules of the class below each general rule.

findSupersetR ( S , node )

If node.children ¹ NIL then for each child in node.children do findFirst( hd( S ), tail( S ), child )

/* hd( S ) gives the first element of S */ endfor

/* tail( S ) gives the rest of the elements of S */ endif findFirst ( first , rest , node )

If first £ node . id then /* node.id is the itemnumber */

If first = node . id then

If rest = Æ then getRules ( node ) else findSupersetR( rest , node ) else findSupersetR({ first } È rest , node ) endif getRules ( node ) for each c Î node.classDistr do if c ¹ 0 then insert the rule into supersetR endif

/* a superset rule is found */ endfor goDown( node ) goDow n ( node ) if node.children ¹ NIL then for each child of node.children do getRules( child ) endfor endif

Figure 9. Finding all superset rules

5.3 Some Special Problems

We now discuss three problems in using the GSE representation to organize and summarize association rules. The solution to these problems is also presented.

1. Due to the minimumsupport constraint some exceptions for a general rule maynot be discovered bythe mining algorithm.

This causes problems in understanding the domain because it maymislead the user to believe that no exception exists.

2. Due to pruning in rule generation, some exceptions maybe pruned but their existence is important to the understanding of

the domain. For example, we have the following two rules:

R1: A1=a, A2=b ® C1 (sup = 5%, conf = 98%)

R2: A1=a, A2=b, A3=e ® C1 (sup = 2%, conf = 98.2%)

If R1 exists, R2 is pruned because R2 is insignificant with respect to R1. This pruning is clearlyreasonable. Otherwise, we will end up with a huge number of insignificant rules.

However, this pruning maycause problems for the user in understanding the domain, in particular, the aspect of the domain related to A1=a, A2=b, A3=e. For instance, if the user is inspecting the following rule:

R3: A1=a, A3=e ® C2 (sup = 15%, conf = 70%)

No exception to R3 is found bythe system. This is misleading because R2 is an obvious exception. R2 is not reported as an exception because it has been pruned. This is undesirable. One mayargue that R2 should indicate to the user that R3 has exceptions, but the user maynot know R2 when he/she is drilling down to R3 2 .

3. Due to overlapping of rules, it is harder to find good exceptions. Overlapping of rules means that the same data tuples maybe covered bymanyrules. The user typicallylikes to find disjoint rules that cover the exception tuples. Note that rules in a decision tree are disjoint.

We deal with these problems using two methods.

Low er dow n the minimumsupport : When the user is interested in a general rule and its direct exceptions, he/she can request the systemto extract the data tuples that satisfythe conditions of the general rule, and to use this subset of data to run the association rule miner again with a lower minimumsupport.

The output rules are organized and presented to the user in the same wayas described above. This method is effective in finding good exceptions if the items involved is not too many so that a verylow minimumsupport can be used, otherwise it can still cause combinatorial explosion. The method does not help to solve the third problem.

Integrate w ith a decision tree algorithm : Extract the data tuples that satisfythe conditions of the general rule, and use this subset of data to run a decision tree system. The output rules

(or the tree) are presented to the user in the same wayas described in Section 4. This method is not constrained bythe minimumsupport. The output rules are also disjoint. The disadvantage is that it does not find all possible rules.

2 In our initial applications, the first two situations surfaced quite a few times and the users thought that there were bugs in the system.

1 Job = Yes ® Loan = Approved (sup = 34%; conf = 75%)

2 Summary Approved: coverage = 34%, highest confidence = 100%, no of rules = 4;

3 Not_Approved: coverage = 13%, highest co nfidence = 96%, no of rules = 2;

4 Except �

5 Own_house = Yes ® Loan = Approved (sup = 24%; confidence = 100%)

6 Summary Approved: coverage = 24%, highest confidence = 100%, no. of rules = 1;

7 Credit_history= bad ® Loan = Not_Approved (sup = 20%; c onfidence = 67%)

8 Summary Approved: coverage = 10%, highest confidence = 100%, no. of rules = 2;

9 Not_Approved: coverage = 20%, highest confidence = 100%, no. of rules = 2;

10 Except �

11 Job = No, Saving = No ® Loan = Not_Approved (sup = 15%; conf idence = 75%)

12 Summary Approved: coverage = 5%, highest confidence = 100%, no. of rules = 3;

13 Not_Approved: coverage = 15%, highest confidence = 100%, no. of rules = 2;

14 Except �

Figure 10. An example GSE representation of association rules

6. EMPIRICAL EVALUATION

We now evaluate the effectiveness and efficiencyof the proposed technique. We first discuss the experiment results with decision trees, and then the experiment results with association rules.

Finally, we discuss our application experiences.

6.1 Experiments with Decision Trees

We applied the proposed technique to the decision trees produced byC4.5 [22] using 20 datasets in the UCI Machine learning repository[17]. Our objective here is to see how much the GSE representation is able to simplifythe decision tree. Simplification, however, is not the onlyobjective of the proposed technique.

Another important aspect is the organization of the discovered knowledge. Unfortunately, organization is hard to quantify. We use our application experiences to show that users like the proposed technique due to its intuitive representation.

Table 1 shows the average results over the 20 datasets. See

[15] for the detailed results. The first column gives the average number of leaves in the decision trees produced byC4.5 (after pruning) for the 20 datasets. The second column gives the average number of leaves in the GSE trees for the 20 datasets.

FromTable 1, we can see that the number of leaves (or rules) in the GSE tree is substantiallysmaller. On average, over the 20 datasets, the number of leaves in the GSE tree is only36% of that of the original decision tree. This shows that GSE trees significantlysimplifydecision trees. The execution times are not reported as the algorithmruns so fast that theycannot be logged.

In the experiments, chi-square test at the significance level of

95% is used to measure the significance of a rule (this is a commonlyused level [6]). When an expected frequencyis below

5 for chi-square test, fisher’s exact test is employed instead.

6.2 Experiments with Association Rules

For the experiments with association rules, it is not appropriate to use the percentage of reduction to assess the effectiveness because there are duplicate exception rules in manyplaces and our implementation is based on a lazyapproach. The systemonly finds exception rules of a general rule when requested bythe user.

In this situation, efficiencyis important because we cannot let the user wait for too long to obtain the results. We show the execution time taken to compute the exceptions of a general rule, and to find and summarize all their superset rules. The datasets used here are the same as those used in the experiments with decision trees. The experiments are done on P entium-II 350 with 128MB of memory.

We use the systemin [14] to generate association rules and to prune those insignificant rules (without generating the DS rules).

The minimumsupport is set to 1% as it is shown in [13] that for these datasets, rules with this support threshold are sufficiently predictive. P runing of association rules also uses the c 2 value at significance level of 95%. Manydatasets we use contain numeric attributes. Since association rule mining does not handle numeric attributes. We discretize these attributes into intervals using the target (class) attribute. We use the entropy-based method in [7].

The code is taken fromMLC++ [10].

Table 2 shows the execution time taken to find all top-level

general rules and their superset rules (including summarization) for each dataset. We onlyuse the top-level general rules to give an indication of efficiencybecause the number of top-level general rules is normallylarger than the number of exceptions of a general rule below them. Theyalso tend to have more superset rules as the number of conditions in a top-level general rule is small.

In Table 2, column 1 gives the name of each dataset. Column

2 gives the number of rules found after pruning for each dataset.

Although the number of rules left can still be quite large, it does not present a big problemanymore as we will see in Section 6.3.

Column 3 shows the number of top-level general rules found for each dataset. Column 4 gives the execution time. We can see that the execution is veryfast. The user can hardlynotice that the computation is done on the fly.

Ta b l e 2 : E x e c u t i o n t i me fo r fi n d i n g t o p - l e v e l g e n e r a l r u l e s and summarizing their superset rules

6.3 App lications

We built two systems in this work, one for converting a decision tree to a GSE tree (we call this system GSEtree) and one for organizing, summarizing and presenting association rules (we call this system GSErule). GSEtree is also integrated into GSErule, i.e., GSErule can call GSEtree when needed (see Section 5.3). The two systems have been used in a number of applications for two educational institutions, and a medical center.

The GSEtree systemwas used in a number of classification tasks. For example, in a medical application, we needed to build a classifier to predict whether a person has a particular kind of disease. We used the C4.5 system, which produced a decision tree with 35 leaves. Our GSE tree had only10 leaves or rules. For example, a general rule says that if the patient’s age is less than

44, the chance of having the disease is small with 3 exceptions.

However, the corresponding sub-decision tree has 14 leaves (or rules). Another general rule says that if the patient’s age is greater than 62, the chance of having the disease is veryhigh with only one exception. However, C4.5 produced 5 fragmented rules. The

no . of r ules af te r pr uning

no .of top level gene ra l r ules

ex e c ution tim e (s e c .)

1 ad ult 14 52 58 0.09

2 an neal 33 8 32 0.04

3 au s tr a 32 9 26 0.02

4 au to 18 72 61 0.09

5 br eas t 96 19 0.02

6 c he s s 18 14 46 0.07

7 c leve 18 0 19 0.02

8 c r x 39 3 28 0.04

9 diabe te s 44 12 0.02

10 ge rm an 38 7 24 0.04

11 glas s 15 3 14 0.02

12 he art 13 1 16 0.02

13 iono 64 6 91 0.05

14 k dd 59 14 68 0.22

15 m us hr oom 23 98 57 0.08

16 pim a 44 12 0.01

17 s atim ag e 75 15 19 1 0.30

18 s plic e 43 02 10 0 0.15

19 tic - tac 26 6 11 0.02

20 wave for m 14 80 10 6 0.07

Av erag e

14 87.7 50 0.07

D atas et

Table 1: Experiment results with decision trees

No. of decision tree leaves No. of GSE tree leaves

105.2 38.1 doctors said that theycould not obtain an overall picture of the domain fromthe fragmented decision tree leaves (or rules). The

GSE tree gives themexactlythe types of knowledge theywant. In the education application, the situation is similar. Our users agree that the GSE representation is simple and more intuitive.

The GSErule systemwas used in all our applications. The users find it more effective than our existing systems. Before this work, we had two previous systems. The first systemis based on user expectations or beliefs [12]. In this system, the user first inputs some existing knowledge, and the systemthen finds those conforming and unexpected rules. The main problemwith this systemis that the users found it difficult to give existing domain knowledge. Veryquicklytheygave up and asked us to do it for them. The second systemis the DS rule system[14]. DS rules are the essential rules in the domain. Since the number of DS rules is not verylarge in these applications, less than one hundred, they can be browsed manually. However, it is still hard to gain a good overall view of the domain using the DS rule systemsince the DS rules are just a list of rules with no organization. The expectation systemand the DS rule systemare also hard to understand. It often takes manysessions for a student to explain to our users what these systems do. The GSErule system, on the other hand, is much easier to understand and to use because it is veryintuitive.

In fact, our users had inspired us to design the new representation.

With the GSE representation and the GSErule system, browsing through the rules is no longer so difficult and boring as the exception (unexpected) rules always draw the users´ attention.

The new systems also provide a convenient tool for us, as we need to identifyinteresting rules for our users in some applications. Our users could onlyexplain to us the types of rules that maybe interesting to them. Using the GSErule system, we are able to identifyinteresting rules easily. We can also present the rules to our users in the way(using the GSE representation) that theycan easilyunderstand and appreciate.

In all our applications, we typicallyhave 200-1000 association rules after pruning. The large number of rules does not present a major problemas the users always have some tasks in mind and thus are onlyinterested in certain aspects of the discovered rules.

The GSE representation makes it convenient to focus on these interesting aspects and to obtain a good overall picture of them. It is also quite interesting to note that even those less interesting aspects are often explored because exceptions (unexpected rules) can be quite tempting, i.e., people are always curious about unexpected things.

7 . C O N C L U S I O N

This paper proposed a novel technique to organize, summarize and present the discovered rules. The technique is based on the representation and organization of knowledge using general rules, summaries and exceptions, i.e., GSE patterns. The GSE pattern is veryintuitive as it is closelyrelated to the waythat we think and talk about knowledge in our dailylives. It allows the user to see an overall picture of the domain first and then the special cases. It manages the complexityof the discovered rules in a hierarchical fashion, which enables the user to focus his/her attention on the interesting aspects of the rules. In this paper, we applied the representation to organize and summarize the knowledge embedded in a decision tree and a set of association rules. Our practical applications show that the representation is simple and more intuitive than a list of individual rules.

Acknowledgement:

We thank Shuik-Ming Lee, Shanta C

Emmanuel, Paul Goh, Jonathan Phang, Hing-Yan Lee 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

[1] Adomavicius, G. and Tuzhilin, A. ^User profiling in personalization applications through rule discoveryand validation.~ KDD-99 , 1999.

[2] Agrawal, R. and Srikant, R. ^Fast algorithms for mining association rules.~ VLDB-94 .

[3] Bayardo, R., Agrawal, R, and Gunopulos, D. "Constraintbased rule mining in large, dense databases." ICDE-99 .

[4] Compton, P . and Jansen, R. Knowledge in context: a strategyfor expert system maintenance. AI-88 , 1988.

[5] Dong, G. and Li, J. ^Interestingness of discovered association rules in terms of neighborhood-based unexpectedness,~ PAKDD-98 . 1998.

[6] Everitt, B. S. The analysis of contingency tables . Chapman and Hall, 1977.

[7] Fayyad, U. M. and Irani, K. B. ^Multi-interval discretization of continuous-valued attributes for classification learning.~ IJCAI-93 , 1993.

[8] Han, J. and Fu, Y. ^Discoveryof multiple-level association rules fromlarge databases.~ VLDB-95 , 1995.

[9] Klemetinen, M., Mannila , H., Ronkainen, P ., Toivonen,

H., and Verkamo, A.I. ^Finding interesting rules fromlarge sets of discovered association rules.~ CIKM-1994 .

[10] Kohavi, R., John, G., Long, R., Manley, D., and P fleger, K.

^MLC++: a machine learning libraryin C++.~ Tools with artificial intelligence , 1994.

[ 1 1 ] La r g e , A. Te d d , L. & H a r t l e y, R I n f o r m a t i o n s e e k i n g i n t h e o n l i n e a g e : p r i n c i p l e s a n d p r a c t i c e . B o wk e r . 1 9 9 9 .

[12] Liu, B., Hsu, W. ^P ost-analysis of learnt rules~ AAAI-96 .

[13] Liu, B., Hsu, W. and Ma, Y. ^Integrating classification and association rule mining.~ KDD-98 , 1998.

[14] Liu, B., Hsu, W and Ma, Y. ^P runing and Summarizing the discovered associations.~ KDD-99 , 1999.

[15] Liu, B., Hu. M., and Hsu, W. ^Intuitive representation of decision trees as general rules and exceptions.~ AAAI-2000 .

[16] Liu, H., Lu, H., Feng, F and Hussain, F. ^Efficient search of reliable exceptions.~ PAKDD-99 , 1999.

[17] Merz, C. J. & Murphy, P . UCI repositoryof ML databases,

1996. [http://www.cs.uci.edu/~mlearn/MLRepository.html].

[18] Ng. R. T. Lakshmanan, L., and Han, J. ^Exploratorymining and pruning optimizations of constrained association rules.~

SIGMOD-98 , 1998.

[19] P admanabhan, B., and Tuzhilin, A. ^A belief-driven method for discovering unexpected patterns.~ KDD-98 .

[20] P azzani, M., Mani, S. and Shankle, W. R. ^Beyond concise and colorful: learning intelligible rules.~ KDD-97 , 1997.

[21] P iatesky-Shapiro, G., and Matheus, C. ^The interes t ingness of deviations.~ KDD-94 .

[22] Quinlan, R. C4.5 : program for machine learning. Morgan

Kaufmann, 1992.

[23] Silberschatz, A., and Tuzhilin, A. ^What makes pa t terns interesting in knowledge discoverysystems.~ IEEE Trans.

on Know. and Data Eng. 8(6), 1996.

[24] Srikant, R., Vu, Q. and Agrawal, R. ^Mining association rules with itemconstraints.~ KDD-97 .

[ 2 5 ] S u z u k i , E . ^ Au t o n o mo u s d i s c o v e r y o f r e l i a b l e e x c e p t i o n r u l e s . ~ K D D - 9 7 , 1 9 9 7 .