Finding Interesting Patterns Using User Expectations

Bing Liu, Wynne Hsu, Lai-Fun Mun, and Hing-Yan Lee *

Department of Information Systems and Computer Science

National University of Singapore, Lower Kent Ridge Road,

Singapore 119260, Republic of Singapore

{ liub, whsu}@ iscs.nus.edu.sg

* Kent Ridge Digital Labs

11 Science Park Road

Singapore Science Park 2

Singapore 117685, Republic of Singapore hingyan @krdl.org.sg

Correspondence: Bing Liu.

Abstract

One of the major problems in the field of knowledge discovery(or data mining) is the interestingness problem.

Past research and applications have found that, in practice, it is all too easyto discover a huge number of pa t terns in a database. Most of these patterns are actuallyuseless or uninteresting to the user. But due to the huge number of patterns, it is difficult for the user to comprehend themand to identifythose interesting to him/her. T o prevent the user frombeing overwhelmed bythe large number of patterns, techniques are needed to rank them according to their interestingness. In this paper, we propose such a technique, called the user-expectation method. In this technique, the user is first asked to provide his/her expected patterns according to his/her past knowledge or intuitive feelings. Given these expectations, the systemuses a fuzzymatching technique to match the discovered patterns against the user´s expectations, and then rank the discovered patterns according to the matching results. A varietyof rankings can be performed for different purposes, such as to confirmthe user´s knowledge and to identifyunexpected patterns, which are bydefinition interesting. T he proposed technique is general and intera c tive.

Index Terms:

Knowledge discovery, interesting patterns, unexpectedness, post-analysis of patterns, pattern ranking

Acknowledgments :

We would like to thank Hwee-Leng Ong, Angeline Pang, King- Hee Ho, Poh-San Lai, Kok-Seng Pun,

Kheng-Cheong See, Gui-Jun Yang, Shu Chen and 6 of our undergraduate project students for providing us data, testing our systemand giving us feedback. T his project is funded bySingapore National Science and

T echnologyBoard.

Accepted by IEEE Transactions on Knowledge and Data

Engineering , 1998.

Finding Interesting Patterns Using User Expectations

Abstract

One of the major problems in the field of knowledge discovery(or data mining) is the interestingness problem.

Past research and applications have found that, in practice, it is all too easyto discover a huge number of

pa t terns in a database. Most of these patterns are actuallyuseless or uninteresting to the user. But due to the huge

number of patterns, it is difficult for the user to comprehend themand to identifythose interesting to him/her. T o

prevent the user frombeing overwhelmed bythe large number of patterns, techniques are needed to rank them

according to their interestingness. In this paper, we propose such a technique, called the user-expectation

method. In this technique, the user is first asked to provide his/her expected patterns according to his/her past

knowledge or intuitive feelings. Given these expectations, the systemuses a fuzzymatching technique to match

the discovered patterns against the user´s expectations, and then rank the discovered patterns according to the

matching results. A varietyof rankings can be performed for different purposes, such as to confirmthe user´s

knowledge and to identifyunexpected patterns, which are bydefinition interesting. T he proposed technique is

general and intera c tive.

Index Terms:

Knowledge discoveryin databases, interesting patterns, unexpectedness,

post-analysis of patterns, pattern ranking

1. Introduction

It has long been recognized in the knowledge discoveryresearch and applications that a discoverysystem

can produce a glut of patterns fromdatabases, most of which are not useful or interesting to the user [7, 8, 16,

22, 23, 24, 28, 33]. Due to the huge number of patterns produced, it is difficult for a user to focus on the ^right~

subset of patterns that are interesting to him/her. T his problemis known as the "interestingness" problem[8, 22,

28, 32, 33]. In order to pr e vent the user frombeing overwhelmed bythe large number of patterns, techniques are

needed to identifythe interes t ing patterns and to rank themaccording to their degrees of interestingness.

T his interestingness problemhas been discussed in manypapers [e.g., 7, 8, 13, 16, 22, 23, 24, 28, 32, 33].

Manymea s ures of interestingness have also been proposed. T hey include: coverage [30], confidence [24, 30],

strength [5], performance [24], statistical signif i cance [24], simplicity[24], unexpectedness [32, 22], and

actionability[28]. T he first five measures are the so-called objective measures [32, 33, 28]. T heycan be handled

with techniques that do not require application or d o main knowledge. T heyhave been studied extensivelyin the

literature [e.g., 1, 5, 11, 24]. T he last two measures ( unexpectedness [32], and actionability[28]) are called the

subjective measures [32]. It has been noted in [28] that although objective measures are useful, theyare

insufficient in determining the interestingness of a disco v ered pattern. Subjective measures are needed.

Subjective interestingness is the focus of this paper. T he proposed technique is for ranking the discovered patterns according to their subjective interestingness, in particular, une x pectedness [32, 22, 23]. It is assumed

that some knowledge discoverytechniques have performed the pattern discoverytask and have filtered out those

patterns that do not meet the objective requirements. For convenience, we will use ^interestingness~ and

^subjective interestingness~ interchangeablyin this paper.

Most existing knowledge discoverysystems do not provide anycomponent for helping the user to identify

interesting patterns [e.g., 1, 5, 8, 10]. T hose that do [e.g., 28, 24] handle subjective interestingness in

applic a tion/domain-specific fashions, and thus are not applicable to other domains and applications. More details

about the existing work will be discussed in Section 6.

In this paper, we focus on the issue of unexpectedness and propose a general technique to help the user

identifyunexpected patterns, which are bydefinition interesting [32]. In order to identifyunexpected patterns,

obviouslywe must knowwhat are expected or what the user knows or what the user believes. In other words, the

user must let the systemknow what he/she expects to find fromthe database. Bycomparing the user-expected

patterns with the newlydiscovered patterns, we can rank the newlydiscovered patterns according to their

d e grees of unexpectedness. T his is the keypoint of the proposed technique. We name it the user-expectation

method. In this technique, the user is first asked to supplya set of expected patterns. A fuzzymatching algorithm

is then used to analyze and rank the discovered patterns. Discovered patterns can be ranked according to how

well theyconformto the user´s expectations or howdifferent theyare fromthe user´s expectations. With such

rankings, the user can simplycheck the fewpatterns at the top of the list to confirmor to denyhis/her intuitions

(or previous knowledge), and to find those patterns that are against his/her expectations (i.e., unexpected

pa t terns). Naturally, the proposed technique mayalso be used to periodicallyanalyze the deviations of the newly

discovered patterns against the old patterns. T his can be done bysimplyusing the old patterns as the user-

expected patterns.

In this paper, we focus on analyzing and ranking classification patterns (or rules) [30] produced bysystems

such as C4.5 [30]. For other types of patterns, such as associations, sequence patterns and deviations, etc., the

detailed formulas presented in the paper need to be customized because different types of patterns have different

meanings and thus require different matching techniques. However, we believe the idea of using the user´s

expectations to help him/her identifyu n expected patterns is general. T he proposed technique for analyzing

classification patterns is also domain and applic a tion independent, and highlyinteractive because the user can

add and modifyexpected patterns easily, and fuzzymatching and ranking can be done incrementallyand

efficiently.

T he paper is organized as follows: Section 2 defines the interestingness problem. Section 3 gives a high

level viewof the proposed technique. Section 4 presents the detailed computations. Section 5 evaluates the

pr o posed technique. Section 6 discusses the related work and Section 7 concludes the paper.

2. Problem Definition

Let D be the database. A knowledge discovery(or data mining) technique T is applied to D to discover a set

of patterns. A subset B of the patterns also satisfies user-specified objective requirements such as coverage, confidence [24], strength [5] and statistical significance [24], etc. T hose patterns that do not satisfythese

objective interestingness measures are discarded. However, not all patterns in B are subjectivelyinteresting to

the user. Let us denote I as the set of subjectivelyinteresting patterns in B , then we have

I Í B

T hree more points to be noted:

· Given the same database D and the discovered patterns B , different users maybe interested in different

su b sets of the patterns in B .

· Not all patterns in I are equallyinteresting. Different patterns mayhave different degrees of interestingness

to the user.

· I maybe a dynamic set in the sense that the same user maybe interested in different things at different

points in time.

In general, B is much larger than I . T his implies that manypatterns discovered by T are uninteresting or useless.

It is desirable that a systemonlygives the user the set of interesting patterns, I , and ranks the patterns in I

a c cording to their degrees of interestingness. Hence, we define the interestingness problemas follows:

Definition: Given B , determine I and rank the patterns in I according to their degrees of interestingness to the

user at the particular point in time.

In order to identify I from B and rank the patterns in I , we need some concrete measures. Past research have

identified two keymeasures of subjective interestingness, i.e., unexpectedness [32] and actionability[28]. Let us

reviewthemhere.

1. Unexpectedness: Patterns are interesting if they^surprise~ the user.

2. Actionability: Patterns are interesting if the user can do something with themto his/her advantage. In other

words, patterns are useful when theycan help to achieve some current goals of the user.

[8] also mentions another subjective measure of interestingness based on noveltyof patterns, but does not

e x plore this concept in detail. In this work we mainlydeal with unexpectedness, i.e., helping the user identify

unexpected patterns.

Note that the above definition of unexpectedness is informal. T he detailed definitions of var i ous

unexpectedness in the context of classification patterns are presented in Section 4. For a more theoretical

definition of the general unexpectedness with respect to a belief system, please refer to [33].

Before presenting our technique, let us describe the type of patterns that we deal with. In this paper we

co n centrate on developing the user expectation method for classification patterns (or rules) as produced by

induction systems such as C4.5 [30]. Let us nowshowthe syntax of the rules generated byC4.5 (since

classification pa t terns are co m mon called classification rules, so we will use these two terms interchangeably

fromnowon):

If P

1

, P

2

, P

3

, ..., P

n then C (or P

1

, P

2

, P

3

, ..., P

n

C ) where ^,~ means ^and~, and P i

is a proposition of the following form:

attr OP value where attr is the name of an attribute in the database (or more preciselyin a single relation of a database), and value is a possible value for the attribute attr and OP Î {=, ¹ , <, >, £ , ³ } is the operator. C is the consequent, which has the form:

Class = value .

3. The User-Expectation Technique

T his section gives a high level viewof the proposed user-expectation technique. T he detailed computation formulas will be presented in the next section.

3.1. The overall approach to knowledge discovery

Our proposed method is an interactive post-analysis technique in the sense that it helps the user analyze the patterns discovered bya knowledge discoverysystem(KDS) in order to identifythose interesting ones. It does not affect the knowledge discoveryprocess. Before presenting our proposed method, we first describe where our method fits in the overall knowledge discovery(or data mining) process.

Figure 1(a) shows the typical existing approach to knowledge discovery. It has no tool available to help the user identifythe interesting patterns. Figure 1(b) shows the use of an interestingness filter at the back-end of a

KDS to filter out those uni n teresting patterns (both Figure 1(a) and Figure 1(b) are adopted from[32]). T he approach in Figure 1(c) is pr o posed in [32]. T his approach uses an inte r estingness engine to guide the discovering process so that onlythe interesting patterns are discovered in the first place. We propose the Figure

1(d) approach, which is a generalization of the one in Figure 1(b).

Ranked

Patterns User

Patterns Patterns Patter ns

Interestingness

Analysis

System Tool-1 � Tool-n

Interestingness

Filter Patterns

KDS KDS

Interestingness KDS

Engine

KDS

Database Database Database Database

(a) ( b) (c) (d)

Figure 1. Approaches for Knowledge Discovery

Below, we discuss some of the problems associated with the approaches in Figure 1(a), (b) and (c):

· T he approach in Figure 1(a) suffers fromthe drawback of overwhelming the user with a large number of uninteresting patterns [8, 32].

· T he approach in Figure 1(b) is more practical and useful. When a set of patterns is discovered, a filtering systemanalyzes the discovered patterns to filter out those uninteresting ones. However, this approach does not emphasize user´s involvement and user´s interaction with the system, which we believe are crucial for practical applications (see the discussion on Figure 1(c)). It should also allowmultiple filters that can work independentlyand/or in parallel to identifydifferent types of interesting patterns.

· T he approach in Figure 1(c) is perhaps the most attractive approach of all because it discovers onlythe i n teresting patterns in the first place (and/or avoids generating manynon-interesting patterns [32]). It is also potentiallyefficient because domain knowledge and the user´s interests can be used to prune the search space [32]. Although theoreticallyattractive, it suffers froma major problem, i.e., the problemof knowledge a c quisition .

In general, it is verydifficult, if not impossible, to obtain fromthe user the complete set of existing knowledge that he/she has about the domain and his/her interests at a particular moment. T his is the wellknown problemof knowledge acquisition in expert systems [4, 6, 9, 31]. T he difficulties of knowledge acquisition are well documented in artificial intelligence and expert systems literature [e.g., 4, 6, 9, 31].

T ypically, the user (or the expert) mayknowa great deal, but it is veryhard for him/her to tell what he/she knows consistently, let alone to tell everything he/she knows in one go. Due to this problem, using an inte r estingness engine maynot be practical in manysituations because if the user does not provide the complete set of knowledge at the beginning, the discovered interesting pa t terns will not be complete.

T ypically, the user could onlysupplya small subset of his/her knowledge at the beginning. After seeing some discovered patterns, he/she is then reminded of more existing knowledge that he/she has. He/she then incr e mentallyand interactivelyadds the newknowledge in and/or modifies the knowledge alreadygiven.

T hrough this i t erative process, a more complete set of existing knowledge is built up. T his is analogous to the iterative knowledge acquisition process in expert systems development [4, 6, 9]. However, this incremental and iterative process of providing the existing knowledge bythe user is not compatible with the approach in Figure 1(c) because it is not efficient for the KDS to execute whenever the user remembers another piece of knowledge and/or modifies an piece of alreadygiven knowledge since a KDS is, in general, computationallyintensive.

Another problemwith the approach in Figure 1(c) is that when a number of users with different existing knowledge and different interests, wish to find the interesting patterns, the KDS will need to be run many times byeach user. It will be better to find the complete set of patterns first and then let each user analyze themaccording to his/her interests.

However, the Figure 1(c) approach is ideal if the user is able to provide the complete and consistent set of existing knowledge about the domain and his/her interests.

Our proposed approach in Figure 1(d) uses a post-analysis component, called Interestingness Analysis System

(IAS) to help the user identifyinteresting patterns. It is a generalization of the approach in Figure 1(b), and it has the following main features:

1. T he KDS is onlyrun once to discover the patterns in the database. T hese discovered patterns can be used by anynumber of users and for anynumber of times to identifythe interesting patterns according to individual needs.

2. T he IAS consists of a set of interactive tools to help the user incrementallyand interactivelyanalyze the discovered patterns. T he user-expectation method proposed in this paper is one of such tools. T he interactive process is the keyto allowthe user to incrementallysupplya more and more complete set of existing knowledge.

3. Each tool in IAS ranks the discovered patterns according to one interestingness measure so that the user can identifythe interesting patterns easily. Each of the tools is domain and application independent.

We believe that this approach is more practical for real-world applications where the complete set of existing knowledge is not well-defined and/or not easilyavailable. In a particular application, if the approach of Figure

1(c) can be easilyachieved with satisfactoryresults, then it should be used.

T he difference between our approach in Figure 1(d) and the approach in Figure 1(b) is that our approach generalizes the one in Figure 1(b). Instead of using a filter to filter out those uninteresting rules, our framework uses a set of interactive and domain independent tools to help the user analyze the discovered patterns in order to identifythose interesting ones. User´s i n volvement and interactive pattern analysis are the keyfeatures of our approach. Furthermore, it allows parallel application of different tools on the discovered patterns. Using multiple tools is also described in [35]. Some operations on combining different analysis results are proposed in [35].

T he main difference between the proposed approach and the approach in Figure 1(c) is that each analysis using an IAS tool is typicallymuch more efficient than running the KDS because the number of discovered pa t terns is much smaller than the size of the database, and an IAS tool is typicallymore efficient than the KDS.

3.2. Overview of the proposed technique

T o identifyunexpected patterns, obviouslywe must know what the user expects or believes. With this set of beliefs or expectations as input, we can evaluate the conformityof the discovered patterns with respect to this set of user-expected patterns in order to help the user find those unexpected patterns. T his is the essence of the pr o posed technique. We nowbrieflydiscuss the steps involved in this technique.

Step1. T he user is asked to provide a set of patterns E that he/she expects to find in the database D . T hese user-expected patterns are regarded as fuzzypatterns. A fuzzypattern has the same syntax as the di s covered pattern, but its attribute values must be described using some fuzzylinguistic variables [37].

See the definition below.

Step2. T he system matches each discovered pattern B i

Î B against each expected pattern E j

Î E in order to obtain the degree of match for each discovered pattern B i

against the set E . T he discovered patterns in B are then ranked according to their degrees of match with E . Four matching algorithms are proposed to perform matching and ranking for different purposes for helping the user to find conforming patterns and unexpected patterns.

Note that this technique does not identifythe conforming and unexpected patterns, but onlyranks them accor d ing to the conformityand unexpectedness measures. T he final job of identifying the conforming patterns and unexpected patterns is left to the user as the systemdoes not know what degree of matching of two patterns can be considered conforming or unexpected.

3.3. Representat ion of user-expected patterns

For the proposed technique to work, we first need to represent the user´s expectations. A simple observ a tion shows that when the user is looking for one type of patterns using a KDS, then his/her expected patterns are also of the same type. For example, if one is looking for classification patterns froma database using a KDS, then one´s expectations are automaticallyclassification patterns, rather than associations or sequence patterns.

Since the discovered patterns and the user-expected patterns are of the same type, the user´s expectations can be naturallyrepresented in the same way(or format) as the discovered patterns. T his, however, does not mean that the discovered pattern format can represent all types of existing knowledge that the user mayhave about the domain. It is possible that some other types of user knowledge mayallowdifferent types of interesting patterns to be identified. For example, in an application of discovering class i fication patterns, the user mayhave a piece of existing knowledge or intuition that two attributes X and Y in the database are functionallyrelated, e.g., X = Y

+ 5. However, the KDS discovers the following two patterns:

If X > 5 then Class = Yes , and If Y > 10 then Class = No .

T hese two patterns are clearlyunexpected because theycontradict the user´s intuition, i.e., theyindicate that X and Y are not functionallyrelated. However, the functional relation X = Y + 5 cannot be represented as an e x pected classification pattern. In general, it is difficult to enumerate all the possible situations. Representing and using various types of human knowledge is still a verydifficult problemin Artificial Intelligence [31]. T here is no one general method that can represent all types of knowledge. T hat is also whywe advocate the approach in

Figure 1(d), i.e., having a set of tools to allowthe user to express various types of expectations (and/or existing knowledge) and to analyze the discovered patterns in various ways to identifythose known (or frequentlyused) types of interesting patterns.

In this paper, we onlyfocus on analyzing discovered patterns with respect to a set of user-expected patterns represented in the same format as the discovered patterns, i.e., classification patterns. In our implemented system, we also have other tools to handle situations where the user wishes to express expected coverage or confidence of a pattern. T hese situations are handled using objective interestingness analysis tools.

Another important issue in representing the user´s expectations is that the human knowledge or hypotheses are typ i callyimprecise. T hus, some kind of fuzzyrepresentation is required. Fuzzylinguistic variables in fuzzy sets th e oryfits in naturally. T he proposed technique adopts this representation.

Before we proceed, let us reviewthe definition of a fuzzylinguistic variable [37].

Definition: A fuzzylinguistic variable is a quintuple ( x , T ( x ), U , G ,

~

M ) in which x is the name of the variable;

T ( x ) is the termset of x ; that is, the set of names of linguistic values of x , with each value being a fuzzy variable denoted generallyby x and ranging over a universe of discourse U ; G is a syntactic rule for gene r ating the name, X , of values of x ; and M is a semantic rule for associating with each value X its meaning,

~

M ( X ) which is a fuzzysubset of U . A particular X is called a term [37].

For example, if speed is interpreted as a linguistic variable with U = [1,140], then its termset T ( speed ) could be

T ( speed ) = { slow , moderate , fast , ...}.

~

M ( X ) gives a meaning to each term. For example,

~

M ( slow ) maybe defined as follows:

~

M ( slow ) ={( u , m old

( u )) | u Î [1, 140]} where m slo w

u

u u u u

( )

[ , ]

( , ]

( , ]

=

Î

- + Î

Î

ì í

ï î

ï

1 1 3 0

1

3 0

2 3 0 6 0

0 6 0 1 4 0 m old

( u ) denotes the degree of membership of u in term slow .

T his maylook complicated. However, the user onlyneeds to input (1) his/her expected patterns, and (2) the fuzzyset

~

M ( X ) for each term X used in his expected patterns. A window-based user interface has been impl e mented to simplifythis input process. After the user has specified the semantic rules associated with the fuzzylinguistic variables, the fuzzymatching process can begin.

3.4. An example

Let us consider an example of howthe proposed technique maywork in practice. Suppose we have the fo l lowing set of discovered (classification) patterns froma traffic accident database.

Pattern 1 If P_Age > 50, Loc = straight then Class = slight

Pattern 2 If P_Age > 65, Loc = bend , Speed > 50 then Class = killed

Pattern 3 If P_Age > 50, Loc = T- junct then Class = slight

T he user-expected pattern is:

If P _Age = OLD , Loc = BAD_VISIBILITY then Class = BAD_ACCIDENT

Before matching can be performed, the system must knowhowto interpret the semantic meanings of ^ OLD ~,

^ BAD_VISIBILITY ~ and ^ BAD_ACCIDENT .~ T his is achieved byasking the user to provide the fuzzysets a s sociated with the term^ OLD ~, ^ BAD_VISIBILITY ~ and ^ BAD_ACCIDENT .~ Having specified the semantic meanings, a matching algorithmis then executed to determine the degrees of match between the discovered pa t terns and the user-expected pattern. Different ranking algorithms are used for different purposes. If our purpose is to confirmthe user´s hypothesis, the systemwill rank the discovered patterns accordingly, i.e. , the pattern with the highest degree of match is ranked first. T he result of such a ranking could be as follows:

Rank 1 Pattern 2. If P_Age > 65, Loc = bend , Speed > 50 then Class = killed

Rank 2 Pat tern 3. If P_Age > 50, Loc = T- junct then Class = slight

Rank 3 Pattern 1. If P_Age > 50, Loc = straight then Class = slight

It shows that discovered pattern 2 confirms the user´s belief that an old person involved in an accident at a bad location will result in a serious injury. In addition, it tells the user that speed also plays a role.

On the other hand, if our purpose is to find unexpected patterns in the sense of an unexpected consequent, then a different ranking will result as shown below:

Rank 1 Pattern 3. If P_Age > 50, Loc = T- junct then Class = slight

Rank 2 Pattern 2. If P_Age > 65, Loc = bend , Speed > 50 then Class = killed

Rank 3 Pattern 1. If P_Age > 50, Loc = straight then Class = slight

T his shows that discovered pattern 3 is against the user´s expectation because instead of a serious injury, the old person suffers a slight injury( T- junct s are considered to have bad visibility). It is important to note that si m plyreversing of the order for conformityis in general not the right method for ranking patterns according to their unexpectedness. T he unexpectedness of a pattern actuallycan be described in a number of ways (see

Section 4.1).

We see fromthis example that bydetermining the degrees of match between the discovered patterns and the user-expected patterns, and ranking the discovered patterns accordingly, it is possible to help the user to focus on the appropriate subsets of patterns depending on his/her purpose.

Besides using the user-expectation method to confirmthe user´s expectations and to find those patterns that are against the user´s expectations, this method mayalso be used to analyze interesting deviations. A typical sc e nario could be as follows. A companycollects data constantly. At the end of everymonth, a knowledge disco v eryprocess is performed to discover patterns in the database collected this month. T he newlydiscovered patterns maybe compared with the previouslydiscovered patterns to find deviations. T his can be achieved through our user-expectation method byusing the previous month´s discovered patterns as the expected patterns, and match themwith the newlydiscovered patterns.

4. Fuzzy Pattern Matching Computation

Having seen an overviewof the proposed technique, we shall nowdescribe the detailed formulas used in the pattern matching computation.

Let E be the set of user-expected patterns and B be the set of discovered patterns. We denote W i

as the d e gree of match between a discovered pattern B i

Î B and the set of expected patterns E . We denote w

( i,j )

as the d e gree of match between a discovered pattern B i

Î B and an expected pattern E j

Î E . Ranking of the discovered patterns is performed bysorting themin a decreasing order according to their W i

(i.e., the pattern with the highest W i

will be on top).

4.1 Computing w

( i,j )

and W i w

( i,j )

is computed in two steps:

1. Attribute name match - T he attribute names of the conditions of B i

and E j

are compared. T he set of attri b ute names that are common to both the conditions of B i

and E j

is denoted as A

( i,j )

. T hen, the degree of attri b ute name match of the conditional parts, denoted as L

( i,j )

, is computed as follows:

L

A e b

i j

i j j i

( , )

( , )

| | max ( | | , | | )

= where | e j

|and | b i

|are the numbers of attribute names in conditional parts of E j

and B i

respectively, and

| A

( i , j )

|is the size of the set A

( i , j )

.

Likewise, the attribute names of the consequents of B i

and E j

are also compared. However, in the case of

C4.5, the classification rules generated all have the same attribute name, i.e., Class . Expected rules also use the same attribute. T hus, the attribute names always match.

For example, we have

B i

: If Height > 1.8, Weight < 70 then Class = underweight .

E j

: If Build = medium , Weight = middle then Class = fit .

T he set of common attributes in the conditional parts of the two rules is A

( i,j )

= { Weight }. Hence,

L

( i,j )

= 0.5.

2. Attribute value match - Once an attribute of B i

and E j

matches, the two propositions are compared taking into consideration both the attribute operators and attribute values. We denote V

( i,j ) k

the degree of value match of the k th ( a k

) matching attribute in A

( i,j )

, i.e., the match value of the proposition in B i

and the prop o sition in E j

whose attributes are both a k

. We denote Z

( i,j )

the degree of value match of the consequents.

T he d e tailed computations of the two values are presented in the next section and the appendix.

We nowpresent the formulas for computing w

( i,j )

and W i

. As mentioned in Section 3, the user-expectation method can be used to rank the discovered patterns for the purposes of confirming the user´s hypothesis and of finding unexpected patterns. For these two types of ranking, different formulas are used to compute w

( i,j )

and W i

.

1. Conforming pattern ranking: B i

and E j

are conforming if both the conditional parts of B i

and E j

, and the consequent parts of B i

and E j

are similar.

Since the user´s expectations maynot be correct, this ranking allows him/her to verifythe validityof his expectations. T he w

( i,j )

value is computed as follows:

w

Z L V

A

A

A

i j

i j i j i j k k A i j

i j i j

i j

( , )

( , ) ( , ) ( , )

( , )

( , )

( , )

( , )

| |

| |

| |

=

´´

¹

=

ì í

ï î

ï

Î

å

0

0 0

Explanation :

L V

A

i j i j k k A i j

i j

( , ) ( , )

( , )

( , )

| |

´

Î

å computes the degree of match of the conditional parts of B i

and E j

. Z

( i,j ) computes the degree of match of the consequent parts of B i

and E j

. w

( i,j )

gives the degree of match of B i with E j

.

T he formula for computing W i

, which is the degree of match of the discovered pattern B i

with respect to the set of expected patterns E , is defined as follows (see also Figure 2):

W i

= max( w

( i, 1)

, w

( i, 2)

, ..., w

( i,j )

, .., w

( i, | E | )

)

B

B 1

B |B|

...

...

B i

w

(i,1)

E

E 1

E j

E |E|

...

...

w

(i,|E|)

w

(i,j)

Figure 2. Computing W i

2. Unexpected pattern rankings

For this purpose, the situation is more complex. We can have a number of ways to rank the discovered pa t terns in B according to different types of unexpectedness.

1) Unexpected consequent: T he conditional parts of B i

and E j

are similar, but the consequents of the two patterns are far apart.

T his ranking shows the user that his/her knowledge maynot be correct because the discovered patterns indicate that for the similar user´s assumption (or condition), it leads to a different cons e quence. T his is certainlyof interest to the user.

( ) w

L V

A

Z A

Z A

i j

i j i j k k A i j

i j i j i j i j

i j

( , )

( , ) ( , )

( , )

( , ) ( , )

( , ) ( , )

( , )

| |

| |

| |

=

´

- - ¹

- =

ì í

ï î

ï

Î

å

1 0

0

Explanation : Since this ranking is for finding those patterns whose conditional parts are similar, but the consequents are contradictory, we need to give a higher w

( i,j )

value for B i

whose consequent part does not match the consequent part of E j

, hence the expression Z

( i,j )

- 1.

W i

is computed as follows:

W i

= max( w

( i, 1)

, w

( i, 2)

, ..., w

( i,j )

, .., w

( i, | E | )

)

2) Unexpected reason: T he consequents are similar but the conditional parts of B i

and E j

are far apart.

T wo types of ranking are possible.

(a)

Unexpected conditions : T he sets of attribute names in the conditional parts of B i

and E j

overlap to a large extent but their attribute values are quite different. T hat is, the patterns with | A

( i , j )

|> 0 will be ranked higher.

T his ranking serves to tell the user that some attribute value ranges (e.g., attribute 1 > 5) specified in his/her expected patterns are not quite complete because there are other values of the attributes (e.g., attribute 1 > 2) that also lead to the same consequences.

w

Z L

V

A

A

Z A

i j

i j i j

i j k k A i j

i j i j i j

i j

( , )

( , ) ( , )

( , )

( , )

( , )

( , ) ( , )

( , )

| |

| |

| |

=

- ´ - ¹

=

ì í

ï ï î

ï ï

Î

æ è

ç ç ç ç ç ç

ö ø

÷

÷

÷

÷

÷

÷

å

1 0

0

Explanation : Since this ranking is to find those patterns whose consequents match well, but the conditional parts are contradictory, we need to give a higher w

( i,j )

value for B i

whose cond i tional part has good attribute name match with E j

. T herefore, we have the expression

L

V

A

i j

i j k k A i j

i j

( , )

( , )

( , )

( , )

| |

´ - Î

æ è

ç ç ç ç ç ç

ö ø

÷

÷

÷

÷

÷ ÷

å

1 .

W i

is computed as follows:

W i

= max( w

( i, 1)

, w

( i, 2)

, ..., w

( i,j )

, ..., w

( i, | E | )

).

(b)

Unexpected attributes : T he set of attributes used in the conditional part of B i

are unexpected with respect to E j

, i.e., the conditional parts of B i

and E j

share fewcommon attributes.

T his ranking allows the user to see that there are unexpected attributes that affect the ou t come (or the consequence). In other words, there exist some factors that influence the outcome but the user is not aware of these factors. T he computation is more complex in this case because B i

´s conditional attributes maybe unexpected with respect to E j

, but match E k

verywell.

In this case, B i

´s conditional attributes are not unexpected. T o deal with this situation, we compute two match values, i.e., w a ( i , j )

and w b ( i , j )

.

w Z Z L a i j i j i j i j

( , ) ( , ) ( , ) ( , )

= - 2 w Z L b i j i j i j

( , ) ( , ) ( , )

=

Explanation : A higher value is given to w a ( i , j )

when the attributes of the conditional parts of B i

and

E j

do not match well (but their consequents match well). On the contrary, a higher value is given to w b ( i , j )

when the attributes of the conditional parts of B i

and E j

do match well and so do their consequents. As mentioned, we cannot simplyuse w a ( i , j )

alone to decide the unexpected attributes match. T hus, the unexpected attributes match value W i

is computed in the wayas shown below. T he purpose is to rank those patterns whose attributes are unexpected to some expected patterns and do not match anyother expected patterns.

W i

is computed as follows:

W i

= max( w a ( i, 1)

, w a ( i, 2)

, ..., w a ( i,j )

, ..., w a ( i, | E | )

) - max( w b ( i, 1)

, w b ( i, 2)

, ..., w b ( i,j )

, ..., w b ( i, | E | )

).

It should be stated that we do not claimthat the above formulas are the best formulas. We believe that it is u n likelythat there exists a set of optimal formulas that can produce rankings agreed upon completelyby everyone because the rankings that we are dealing with are inherentlysubjective. In the process of designing the appropr i ate formulas, we have tried a number of alternatives. Fromthe results of our experiments, we have selected the set of formulas presented here whose rankings our human subjects agree to be the most conforming to their intuition. Details of our experiments are in Section 5.

4.2 Computing V

( i,j ) k

and Z

( i,j )

For the computation of V

( i,j ) k

and Z

( i,j )

, we need to consider both the attribute values and the operators. In addition, the attribute value types (discrete or continuous) are also important. Since the computation of V

( i,j ) k

and

Z

( i,j )

are the same, it suffices to just consider the computation of V

( i,j ) k

, the degree of match for the k th matching attribute in A

( i,j )

. T wo cases are considered: the matching of discrete attribute values and the matching of co n tinuous attribute values.

4.2.1 M atching discrete values

When an attribute takes onlydiscrete values, the semantic rule for each term( X ) used in describing the e x pected pattern must be properlydefined over the universe (or domain) of the discrete attribute. We denote U k as the set of possible values for the attribute k . For each u Î U k

, the user needs to input the membership value of u in X , denoted as m

X

( u ).

For example, the user gives the following pattern (or rule):

If Education _level = low then Class = reject

Here, low is a fuzzyterm. T o describe it, the user needs to specifythe semantic rule for low . Assume the universe (or domain) of the discrete attribute Education_level = { primary , secondary , university , graduate }. T he user mayspecifythat ^ low ~ education_level means:

{( primary , 1), ( secondary , 0.5)} where the left coordinate is an element in the universe (or domain) of the ^ Education_level ~ attribute, and the right coordinate is the degree of membership of that element in the fuzzyset low , e.g., m low

( secondary ) = 0.5.

It is assumed that all the other attribute values not mentioned in the set have the degree of membership 0.

T he fuzzyterm reject can also be similarlydescribed.

When performing the matching, these semantic rules and operators used in the propositions playan impo r tant part. In the discrete case, onlytwo operators are possible, i.e., ^=^ and ^ ¹ ^. Assuming the propositions froma user-expected pattern and a discovered pattern are:

User-expected: attr Opu X

Discovered: attr Opd S

T here are four possible combinations. T he formulas for the four cases are listed below.

Case 1. Opu = Opd = ^=~:

V S i j k X ( , )

( ) = m .

Case 2. Opu = ^=~ and Opd = ^ ¹ ~:

V

u

U

i j k

X u X u S k

( , )

( )

( )

| |

=

-

Î

¹

å m support

1

, where support( X ) = { u Î U k

| m

X

( u ) > 0}, and | U k

|is the size of U k

. If | U k

| - 1 = 0, Opd = ^ ¹ ~ is not poss i ble.

Case 3. Opu = ^ ¹ ~ and Opd = ^=~:

V S i j k X ( , )

( ) =

Ø

m , where m

Ø X

( S ) = 1- m

X

( S ).

Case 4. Opu = ^ ¹ ~ and Opd = ^ ¹ ~:

V

u

U

i j k

X u X u S k

( , )

( )

( )

| |

=

-

Ø

Î Ø

¹

å m support

1

, where if Opd = ^ ¹ ~, | U k

| - 1 = 0 is not possible.

4.2.2 M atching continuous values

When an attribute takes continuous values, the semantic rule for the term( X ) takes the formof a continuous function. T o simplifythe user´s task of specifying the shape of this continuous function, we assume that the function has a curve of the formas shown in Figure 3, which our users find reasonable and reflect their fuzzy concepts. T hus, the user merelyneeds to provide the values for a , b , c , and d .

Figure 3. Membership function

For example, the user´s pattern is:

if Age = young then Class = accepted .

Here, young is a termfor variable Age . Suppose that in this case Age takes continuous values from0 to 80. T he user has to provide those 4 points using the values from0 to 80. For instance, young maybe expressed by a =

15, b = 20, c = 30, and d = 35.

For continuous values, the operator used bya user-expected pattern can be anyone of the set {=, ¹ , ³ , £ ,

££ }. ^ ££ ^ is used to represent a range like this: X

1

£ attr £ X

2

. Notice that ^>^ and ^<^ are not included. T his is because as far as our matching algorithmis concerned, the user can always use a fuzzyproposition with ^ ³ ^ (or

^ £ ^) to express one with ^>^ (or ^<^). T hus, the total number of possible operator combinations is 25. T he co m putation formulas are listed in the appendix.

5. Evaluation

T he proposed technique is implemented in Visual C++ on a PC with a graphical user interface. We have conducted a large number of experiments to evaluate its performance. An example test run and some simple analysis of the ranking results are given belowto illustrate its capability. T he complexityof the algorithmthat implements those formulas and various rankings is also presented.

5.1. Systemtesting

Since the proposed technique deals with subjective interestingness, it is difficult to have an objective mea s ure of its performance. Hence, we have carried out a number of experiments involving our industrial par t ners and other people to check whether the rankings do reflect people´s intuitions of subjective interestin g ness, in particular, une x pectedness.

a b c d u

1

0

T he people involved in the experiments are 6 undergraduate students, 3 postgraduate students and 5 members fromour industrypartners. All of themare not involved in the development process of the project. T he experiments are conducted on the systemusing patterns discovered fromtwo real-life databases contributed by our industrypartners and one public domain database. T he public domain database used is the credit screening database created byChiharu Sano in UCI machine learning repository. T his database has 10 attributes (5 continuous and 5 nominal attributes), and 125 tuples. T he number of generated rules is 7. T his database is very small. It is mainlyused for initial practice bythe subjects. We are unable to use manypublic domain databases in our experiments because most databases in UCI machine learning repositoryare hard to understand. For our experiments, the subject must be able to understand the domain and the database. Otherwise, it will be veryhard for him/her to provide anyexpectations. T he two real-life dat a bases are a disease database and an accident database. T he disease database has 10 attributes (7 continuous and 3 nominal attributes) and 713 tuples. T he number of discovered rules is 21. T his number is just right for the su b jects to check carefullywhether each ranking is indeed intuitive. T he accident database has 12 attributes (4 co n tinuous and 8 nominal attributes) and

3579 tuples. T he number of rules generated is 183. T his number of 183 gives a flavor of a large number of discovered rules such that the subjects could onlycheck the top fewrules in each ranking to find those interesting ones.

Below, we report some observations of the experiments.

· Different subjects have different expectations, and theyare also interested in different things.

· Just as expected, it is difficult for a subject to list all his/her expected patterns at the beginning. It is onlythrough an interactive and iterative process that the set of expected patterns is built up. Normally, a subject starts with one or two expected patterns. T he systemthen ranks the discovered patterns according to the one/two expected patterns. After studying the ranked patterns, the subject mayderive additional e x pected patterns. Gradually, he/she builds up this set of expected patterns, which is used to do the final ranking of the discovered patterns. However, some subjects prefer to do ad hoc analysis, i.e., always using one or two expected patterns. T he interactive nature of the proposed technique facilitates all these activities.

· Some subjects do occasionallydisagree with the relative ranking, e.g., theybelieve that one pattern should be ranked above another. However, that (i.e., slight different relative ranking) is not a problem.

We do expect such minor disagreements because we are dealing with a subjective issue here. T he important thing is that everyone agrees that the techniques are able to bring those interes t ing patterns to the top of the list.

T he databases we used in these experiments maynot be that large. However, that is not the keypoint because our proposed technique does not go through the database in its analysis process. What is important is the nu m ber of discovered patterns. When the number of discovered patterns is large, manual analysis becomes difficult.

Apart fromthe above experiments, we ourselves also tested the systemused another two public domain databases, i.e., the soybean database (35 attributes and 683 tuples) and the flag database (30 attributes and 194 tuples) in UCI machine learning repository. We and one of our industrypartners also tested it using two market surveydat a bases. T he first one has 9366 tuples and 30 attributes. T he number of rules generated is 95. T he other has 10890 tuples and 27 attributes. T he number of rules generated fromthis database is 105. T hese real-life databases could not be used in the above experiments because theyare confidential. T he proposed technique has proven to be useful. As a further indication of its usefulness, one of our industrypartners has already incorporated our systeminto their existing data mining and data visualization toolkits.

5.2. A test example

Here, we give a test example. T he set of rules (or patterns) is generated fromour real-life disease database using C4.5. T o ease understanding, onlya subset of the rules generated byC4.5 is used for ranking. It is assumed that all the discovered rules satisfythe objective interestingness measures. T he discovered rules and the userexpected rules are listed below.

Discovered rules

Rule 1: Age <= 41 - > Disease = NO

Rule 2: Age <= 49, LDL <= 5.49, DBP > 60 -> Disease = NO

Rule 3: Age > 49, Sex = FEMALE -> Disease = YES

Rule 4: Age > 49, Age <= 50 -> Disease = YES

Rule 5: Age > 55 -> Disease = YES

Rule 6: Age > 4 1, LDL > 5.49, SBP > 106, DBP > 60, GLUC <= 5.06 -> Disease = YES

Rule 7: Age > 41, DBP <= 60 -> Disease = YES

Rule 8: Age > 41, Age <= 47, LDL <= 3.91, SBP > 106, DBP > 60, GLUC <= 5.06 -> Disease = YES

User-expected rules ( with a fuzzyset attached to each term)

Rule 1: SBP >= 150, {a = 147, b = 148, c = 152, d = 153}

DBP >= 95 {a = 92, b = 93, c = 97, d = 98}

-> Disease = YES {(NO, 0), (YES, 1)}

Rule 2: LDL >= 2 , {a = 1.75, b = 1.8, c = 2.2, d = 2.25}

DBP >= 60 {a = 50, b = 55, c = 65, d = 68)

-> Disease = YES {(NO, 0), (YES, 1)}

T he ranking results are listed below. Note that no matching value (i.e., W i

) is attached to each rule in the rankings because although the rankings are effective, the absolute degree of co n formityand/or unexpectedness of each rule can be quite subjective, and the value can be confusing to the user.

· Conforming rule ranking

RANK 1 Rule 6: Age > 41, LDL > 5.49, SBP > 106, DBP > 60, GLUC <= 5.06 -> Disease = YES conforming to user specified rule 2 and 1.

RANK 2 Rule 8: Age > 41, Age <= 47, LDL <= 3.91, SBP > 106, DBP > 60, GLUC <= 5.06

-> Disease = YES conforming to user specified rule 2 and 1.

RANK 2 Rule 7: Age > 41, DBP <= 60 -> Disease = YES conforming to user specified rule 2.

T he rest of the rules are cut off because of their lowmatching values, i.e. , there is 0 match either on the conditional part or the conclusion part.

Fromthis ranking, we can see that discovered rule 6 and 8 conforms to user-expected rule 1 and 2 to certain e x tent.

· Unexpected consequent rule ranking

RANK 1 Rule 2: Age <= 49, LDL <= 5.49, DBP > 60 -> Disease = NO contradicting user specified rule 2

T he rest of the rules are cut off because of their lowmatching values, i.e., there is 0 condition match or there is a complete conclusion match.

We see that discovered rule 2 is unexpected with respect to user-expected rule 2 because to a large extent the conditional parts of the two rules match, but their consequents are completelyopposite. T his also allows the user to realize that Age plays an important role in determining whether a person has the disease. T here is no une x pected rule for user-expected rule 1, which means the discovered rules that satisfyits conditions always have the consequent Disease = YES.

· Unexpected conditions rule ranking

RANK 1 Rule 7: Age > 41, DBP <= 60 -> Disease = YES contradicting user specified rule 2

RANK 2 Rule 6: Age > 41, LDL > 5.49, SBP > 106, DBP > 60, GLUC <= 5.06 -> Disease = YES contradicting user specified rule 1

RANK 3 Rule 8: Age > 41, Age <= 47, LDL <= 3.91, SBP > 106, DBP > 60, GLUC <= 5.06

-> Disease = YES contradicting user specified rule 1

T he rest of the rules are cut off because of their lowmatching values, i.e., there is 0 match of attributes in conditional part or there is 0 match on the conclusion.

Fromthis ranking, we can see some discovered rules that have the same consequent as the user-expected rules but their conditional parts contradict (rule 7) to or have non-overlapping value ranges (rule 6 and 8) with the user-expected rules. T hus, these conditions are unexpected to the user.

· Unexpected attributes rule ranking

RANK 1 Rule 3: Age > 49, Sex = FEMALE -> Disease = YES

RANK 2 Rule 4: Age > 49, Age <= 50 -> Disease = YES

RANK 3 Rule 5: Age > 55 -> Disease = YES

RANK 4 Rule 6: Age > 41, LDL > 5.49, SBP > 106, DBP > 60, GLUC <= 5.06 -> Disease = YES

RANK 5 Rule 8: Age > 41, Age <= 47, LDL <= 3.91, SBP > 106, DBP > 60, GLUC <= 5.06

-> Disease = YES

RANK 6 Rule 7: Age > 41, DBP <= 60 -> Disease = YES

T he rest of the rules are cut off because of their lowmatching values, i.e., there is 0 match in the conclusion part or the whole match value (i.e., W i

) is less than 0.

Clearly, fromthis ranking we can see that the conditions of these rules are unanticipated with respect to the set of user-expected rules. T heyserve to informthe user that there are some other attributes other than those me n tioned in the expected rules that affect the outcome (whether a person has the disease).

Fromthis example run, we can see that through these rankings and the analysis we can obtain a great deal of knowledge about the discovered rules and the database in relation to the user´s previous intuitions. In particular, when the number of rules is large (which is often the case in knowledge discoveryapplications), the above ran k ings will be helpful to the user in identifying interesting patterns.

5.3 Efficiency analysis

Finally, let us analyze the runtime complexityof the algorithmthat implements the proposed technique. We did not list the algorithmexplicitlyin the paper, but onlythe computation formulas involved. T he algorithmthat realizes those formulas is obvious.

Assume the maximal number of propositions in a pattern (a user-expected pattern or a discovered pattern) is

N . Assume the attribute value matching (computing V

( i,j ) k

and Z

( i,j )

) takes constant time (since the fuzzyset spec i fied for each value bythe user is normallysmall). T hus, the computation of w

( i,j )

is O( N ), and the computation of W i

is O(| E |). Without considering the final ranking which is basicallya sorting process, the worstcase time complexityof the tec h nique is O(| E || B | N ).

T he above analysis is for an algorithmthat computes w

( i,j )

and W i

with the complete sets B and E . In fact, the algorithmis naturallyincremental because when newexpected patterns are added or some existing expected pa t terns are modified or removed, there is no need to re-compute those w

( i,j )

whose expected patterns are not mod i fied, but onlythose w

( i,j )

with the newlyadded or modified expected patterns. T his requires the systemto reme m ber onlythe previous w

( i,j )

(and w a ( i,j )

and w b ( i,j )

) results. When there is onlyaddition of newexpected patterns but no modification or removal of the existing expected patterns, the systemonlyneeds to remember the previous maximal w

( i,j )

(and w a ( i,j )

and w b ( i,j )

) results. After all the patterns in B are matched with the newlyadded

(or modified) e x pected patterns, W i

can be evaluated again (which is only O(| E |)).

6. Related Work

Although the interestingness has long been identified as an important issue in knowledge discoveryin dat a bases [8], most of the knowledge discoverytechniques and tools onlydeal with this problemin a limited way. Instead, their primaryconcern is to discover all the patterns in the given databases [e.g., 1, 5, 10, 30].

Past research has, however, identified manymeasures to evaluate the degree of interestingness of a disco v ered pattern. T hese measures can roughlybe classified into two classes: objective measures and subjective measures [33]. Objective measures typicallyinvolve analyzing the discovered patterns´ structures, predictive performances, and statistical significance. Examples of objective measures are: coverage [30], certaintyfactor

[11], strength [5] , statistical significance [24] and simplicity[24].

It has been noted in [28] that objective measures are insufficient for determining the interestingness of the discovered patterns. Subjective measures are needed. T wo main subjective measures are: unexpectedness [33,

22], and actionability[28]. While objective interestingness has been well studied and used in practical applications, limited work has been done on subjective interestingness.

[24] defined pattern interestingness in terms of performance, simplicity, novelty, significance, etc. Most of the measures are objective measures with the exception of novelty. However, no general method was proposed for handling novelty. Instead, domain-specific theories are coded to aid in filtering out the uninteresting patterns.

[28] studied the issue of interestingness in a health care application. A knowledge discoverysystem, KEFIR, is built. T he systemanalyzes health care information to uncover ^keyfindings~. Keyfindings refer to the impo r tant deviations fromthe norms for various indicators such as cost, usage, and quality. T he degree of interestin g ness of a finding is estimated bythe amount of benefit that could be realized if an action can be taken in r e sponse to the finding. Domain experts provide the recommended actions to be taken for various types of findings. For each action, the expert also estimates the probabilityof success. Once a finding is discovered, the systemcomputes the estimated benefit for taking a recommended action.

T he method used in KEFIR presents a good approach for incorporating the subjective interestingness into an application system. However, the approach is application specific. Its domain knowledge (fromdomain experts) is hard-coded in the systemas production rules. T he systemcannot be used for other applications.

In contrast, our method is general. It does not make anydomain-specific assumptions. A pattern analysis systembased on the proposed framework can be attached to each knowledge discoverytool to help the user identifyinteresting patterns. T his paper onlyfocuses on one type of patterns, i.e., the classification patterns. All the matching techniques are designed for this type of patterns. For other types of patterns, the matching tec h niques maybe customized. However, we believe the general idea of using user-expectation to analyze the disco v ered patterns and to identifyunexpected patterns can be applied to other types of patterns. T hough domain-specific systems such as KEFIR are still the most effective method for ranking patterns, the cost of building such systems is high. As mentioned, it also suffers fromthe problemof being difficult to keep up with the changes in the application domain.

[32, 33] proposed to use beliefs and belief revision as the framework for describing subjective interestingness. Specifically, a belief systemis used to define unexpectedness. A number of approaches to beliefs are discussed and compared, e.g., Bayesian approach, Dempster-Shafer approach, frequencyapproach, statistical approach. T wo types of beliefs are also proposed, hard beliefs and soft beliefs. Basically, hard beliefs cannot be changed even in the face of newevidences, while soft beliefs are modifiable when a newevidence arrives. A pattern is unexpected and interesting with respect to the user´s hard beliefs if it contradicts the hard beliefs. A pattern is unexpected and interesting with respect to the user´s soft beliefs if it changes the degrees of the soft beliefs. T he more the pattern ^affects~ the degrees of soft beliefs, the more interesting the pattern is. However,

[32, 33] just pre s ents some proposals. T o the best of our knowledge, no practical systemhas been implemented that utilizes this approach. Our proposed approach has been implemented and tested with both real-life databases and public d o main databases.

With regard to the applications of fuzzysets, the representation of fuzzyrules in this research is basically the same as the typical fuzzyrules used in fuzzyexpert systems [19, 14] and/or fuzzycontrol sy s tems [e.g., 12,

34]. However, the fuzzyexpert rules and fuzzycontrol rules are used for fuzzy inferencing, i.e., given a fact (or a measurement) theycan drawsome conclusions. T his is different fromour fuzzymatching technique because our technique compares two rules rather than drawanyinference fromthe rules using given facts. Our fuzzy matching technique is also different fromfuzzypattern recognition [15, 2] (where patterns normallyrefer to images of var i ous kinds). In fuzzypattern recognition, a number of features is typicallyselected and fuzzified to represent each pattern class. A function is then defined based on the fuzzification for classifying unknown patterns. T his is clearlydi f ferent fromour work because our technique is not for recognizing anyunknown patterns (or images). T here are also manyother fuzzy sets applications in domains such as fuzzydatabases [21], fuzzyinformation r e trieval [27], fuzzydecision making [38], etc. T he keyidea of these exis t ing fuzzy applications is to use a set of pre-defined fuzzyspecifications (expert rules, control rules, features in images, etc.) to arrive at some fuzzyconclusions given a set of facts, which maybe facts in the fuzzyexpert sy s tems, or measurements in fuzzycontrol systems, or unknown images. Our application of fuzzysets is different because our technique matches and compares rules not to drawconclusions but to see whether theyconformto or are unexpected with respect to each other.

7. Co nclusion

In this paper, we studythe subjective interestingness issue in knowledge discoveryin databases froma d o main independent perspective. A general method for ranking the discovered patterns according to their interes t ingness (in particular, unexpectedness) is proposed. T his method is characterized byasking the user to input his/her expected patterns and then the systemranks the discovered patterns byfuzzymatching themagainst the expected patterns. T his method can be used for confirming user´s knowledge, for finding unexpected patterns and for analyzing pattern deviations. T he method is efficient and allows the user to identifyinteresting patterns incrementallyand interactively. We do not claim, however, that the problems associated with the interestingness or even the unexpectedness are fullyunderstood. Further research is needed. In the paper, we did not studythe actionabilityissue. We aimto explore it in our future work.

References

[1] R. Agrawal, T . Imielinski, and A. Swami, ^Database mining: a performance perspective,~ IEEE

Transa c tions on Knowledge and Data Engineering , vol. 5, no. 6, 1993, pp. 914-925.

[2] J. C. Bezdek and S. K. Pal, eds. Fuzzymodels for pattern recognition: methods that search for patterns in data. IEEE press, 1992.

[3] I. Bhandari , ^Attribute focusing: machine-assisted knowledge discoveryapplied to software production process control,~ Proceedings of the AAAI-93 Workshop on Knowledge Discovery in Databases , 1993.

[4] B. Buchanan and D. Wilkins (eds.). Readings in knowledge acquisition and learning . Morgan Kaufmann,

1993.

[5] V. Dhar and A T uzhilin, ^Abstract-driven pattern discoveryin databases,~ IEEE Transactions on

Know l edge and Data Engineering , vol. 5, no. 6, 1993, pp. 926-938.

[6] J. Durkin . Expert Systems: design and development . Prentice Hall, 1994.

[7] U. Fayyad, G. Piatesky-Shapiro & P. Smyth, ^Fromdata mining to knowledge discovery: an overview,~

In: Advances in knowledge discovery and data mining , U. Fayyad, G. Piatesky-Shapiro, P. Smyth and R.

Uthurusamy, (eds.), AAAI/MIT Press, 1996, 1-34.

[8] W. J. Frawely, G. Piatesky-Shapiro, C. J. Matheus, ^Knowledge discoveryin databases: an overview,~ In

Knowledge Discovery in Databases , G. Piatetsky-Shapiro and W.J Frawley, (eds.), Cambridge, MA:

AAAI/MIT Press, 1991, pp. 1-27.

[9] J. Giarratano and G. Riley. Expert systems: principles and programming . PWS Publishing Company,

1994.

[10] J. Han, Y. Cai, and N. Cercone, ^Data driven discoveryof quantitative rules in relational database,~ IEEE

Transactions on Knowledge and Data Engineering , vol. 5, 1993, pp. 29-40.

[11] J. Hong and C. Mao, ^Incremental discoveryof rules and structure by hierachical and parallel clustering,~

In Knowledge Discovery in Databases , G. Piatetsky-Shapiro and W.J Frawley, (eds.), Cambridge, MA:

AAAI/MIT Press, 1991.

[12] M. Jamshidi, N. Vadiee, and T . Ross, eds. Fuzzylogic and control. Pretice Hall, 1993.

[13] M. Kamber, & R. Shinghal. Evaluating the interestingness of characteristic rules. KDD-96 (1996) 263-

266.

[14] A. Kandel . ( ed). Fuzzyexpert systems. CRC press, Boca Raton, 1991.

[15] A. Kandel . Fuzzytechniques in pattern recognition. John Wiley, 1982.

[16] M. Klemetinen, H. Mannila, P. Ronkainen, H. T oivonen, and A. I. Verkamo, ^Finding interesting rules fromlarge sets of discovered association rules,~ Proceedings of the First International Conference on

I n formation and Knowledge Management , 1994.

[17] G. Klir and B Yuan. Fuzzysets and fuzzylogic: theoryand applicaitons. Prentice Hall, 1995.

[18] G. Klir and T . Folger, Fuzzy sets, uncertainty, and information. Prentice Hall, 1988.

[19] R. Kruse , E. Schwecke and J. Heinsohn . Uncertaintyand Vagueness in knowledge based systems:

numer i cal methods. Springer-verlag . 1991.

[20] W. Klosgen, Problems for knowledge discoveryin databases and their treatment in the statistics interpreter explora,~ International Journal of Intelligent Systems , vol. 7, no. 7, 1992, pp. 649-673.

[21] D. Y. Li and D. B. Liu, A fuzzyProlog database system, John Wiley, 1990.

[22] B. Liu an d W. Hsu, ^Post-analysis of learned rules,~ Proceedings of the Thirteenth National Conference on Artificial Intelligence ( AAAI-96 ), Portland, Oregon, 1996, pp. 828-834.

[23] B, Liu, W. Hsu, and S. Chen, ^Using general impressions to analyze discovered classification rules.~

KDD-97 , 1997, pp. 31-36.

[24] J. A. Major, J. J. Mangano, ^Selecting among rules induced froma hurricane database,~ Proceedings of the AAAI-93 Workshop on Knowledge Discovery in Databases , 1993, pp. 28-41.

[25] C. J. Matheus, P. K. Chan, and G. Piatetsky-Shapiro, ^Systems for knowledge discoveryin databases,~

IEEE Transactions on Knowledge and Data Engineering , vol. 5, no. 6, 1993.

[26] C. J. Matheus, G. Piatetsky-Shapiro, and D. McNeill, ^An application of KEFIR to the analysis of healt h care information,~ Proceedings of the AAAI-94 Workshop on Knowledge Discovery in Databases ,

1994.

[27] S. Miyamoto. Fuzzysets in information retrieval and cluster analysis. Kluwer, 1990.

[28] G. Piatesky-Shapiro and C. J Matheus, ^T he interestingness of deviations,~ Proceedings of the AAAI-94

Workshop on Knowledge Discovery in Databases , 1994, pp. 25-36.

[29] G. Piatetsky-Shapiro, C. Matheus, P. Smyth, and R. Uthurusamy, ^KDD-93: progress and challenges ...,~

AI magazine , Fall, 1994, pp. 77-87.

[30] J. Ross Quinlan, C4.5 : program for machine learning . Morgan Kaufmann, 1992.

[31] S. Russell and P. Norvig . Artificial Intelligence: a modern approach . Prentice Hall, 1995.

[32] A. Silberschatz and A. T uzhilin, ^On subjective measures of interestingness in knowledge discovery,~

Proceedings of the First International Conference on Knowledge Discovery and Data Mining , 1995, pp.

275-281.

[33] A. Silberschatz & A. T uzhilin, ^What makes patterns interesting in knowledge discoverysystems,~ IEEE

Transactions on Knowledge and Data Engineering , vol. 8, no. 6, 1996, pp. 970-974.

[34] M. Sugeno, eds. Industrial applications of fuzzycontrol. North- holland , 1985.

[35] A. T uzhilin, ^A pattern discoveryalgebra,~ SIGMOD Workshop on Research Issues in Data Mining and Knowledge Discovery

, 1997, pp. 71-76.

[36] R. Uthurusamy, U.M Fayyad, and S. Spangler, ^Learning useful rules frominconclusive data,~ Knowledge

Discovery in Databases , G. Piatetsky-Shapiro and W.J Frawley, eds. AAAI/MIT Press, 1991.

[37] H. -J. Zimmermann, Fuzzy set theory and its applications , Second Edition, Kluwer Academic Publishers,

1991.

[38] H. -J. Zimmermann, Fuzzy sets, decision making, expert systems. Kluwer Academic Publishers, 1987.

Appendix

Here we list all the formulas for value matching in the continuous case. Since a particular proposition fromeither a user-expected pattern or a discovered pattern can use anyone of the operators {=, ¹ , £ , ³ , <<), there are altogether 25 formulas. Discovered patterns using < or > are treated in the same wayas £ or ³ in our computation. Assume the propositions fromthe user-expected pattern and the discovered pattern are as follows:

User-expected: attr Opu X or X

1

£ attr £ X

2

Discovered: attr Opd S or S

1

£ attr £ S

2

Let U = [ min_val, max_val] be the domain or the universe of the attribute attr , where min_val and max_val are the minimal and the maximal values of the attribute respectively.

1. Opu = Opd = ^=^:

V

( i , j)k

= m

X

( S ).

m

X

( S ) a b c d

1 u min_val max_val

S

2. Opu = ^=^ and Opd = ^ ¹ ^:

Let U

X

= { u | a £ u £ d }.

m

X

( u ) a b c d

1 u min_val max_val

S

V

u d u d u

i j k

X

X U

U

( , )

( )

=

ò ò

m

3. Opu = ^=^ and Opd = ^ ³ ^:

Let U

X

= { u | a £ u £ d } and U

u u b u u S

b S c otherwise S

=

³

³

£ £ ì í î

{ | }

{ | }

.

V

u d u d u

i j k

X

X S

X S

U U

U U

( , )

( )

= Ç

È

ò ò

m

4. Opu = ^=^ and Opd = ^ £ ^:

Let U

X

= { u | a £ u £ d } and U

u u c u u S

b S c otherwise S

=

£

£

£ £ ì í î

{ | }

{ | }

.

V

u d u d u

i j k

X

X S

X S

U U

U U

( , )

( )

= Ç

È

ò ò

m

5. Opu = ^=^ and Opd = ^ ££ ^:

Let U

X

= { u | a £ u £ d }, S

b

S

b S c otherwise 1

1

1 ’ =

£ £ ì í î

, S

c

S

b S c otherwise 2

2

2 ’ =

£ £ ì í î

, and

U

S

= { u | S

1

’ £ u £ S

2

’ }.

m

X

( u ) a b c d

1 u min_val max_val

S

1

S

2

V

u d u d u

i j k

X

X S

X S

U U

U U

( , )

( )

= Ç

È

ò ò

m

6. Opu = Opd = ^ ¹ ^:

Let U

X

= { u | a £ u £ d }.

m

X

( u ) a b c d

1 u min_val max_val

S

l

V

u du du

l i j k

X

X U

U

( , )

(

( )

) ( ) = - ´ -

-

ò ò

1 1

m max_ val min_ val

7. Opu = ^ ¹ ^ and Opd = ^=^:

V

l w i j k

( , )

( ) = -

-

´ 1 m a x _ v a l m i n _ v a l

, where w is small fixed value.

8. Opu = ^ ¹ ^ and Opd = ^ ³ ^:

Let U

u u b u u S

b S c otherwise S

=

³

³

£ £ ì í î

{ | }

{ | }

.

V

u d u d u

i j k

S

X

U

U

( , )

( )

=

Ø

ò ò

m

9. Opu = ^ ¹ ^ and Opd = ^ £ ^:

Let U

u u c u u S

b S c otherwise S

=

£

£

£ £ ì í î

{ | }

{ | }

.

V

u d u d u

i j k

S

X

U

U

( , )

( )

=

Ø

ò ò

m

10. Opu = ^ ¹ ^ and Opd = ^ ££ ^:

Let S

b

S

b S c otherwise 1

1

1 ’ =

£ £ ì í î

, S

c

S

b S c otherwise 2

2

2 ’ =

£ £ ì í î

, and U

S

= { u | S

1

’ £ u £ S

2

’ }.

m

X

( u ) a b c d

1 u min_val max_val

S

1

S

2

V

u d u d u

i j k

S

X

U

U

( , )

( )

=

Ø

ò ò

m

11. Opu = Opd = ^ ³ ^:

Let f u

u a u a u b u b

X

( ) ( ) =

<

£ <

³

ì í

ï î

ï

0

1

m ,

U

X

= { u | u ³ a }, and U

u u b u u S

b S c otherwise S

=

³

³

£ £ ì í î

{ | }

{ | }

.

m

X

( u ) a b c d

1 u min_val max_val

S

V

f u d u d u f u d u d u

i j k

S X

S X

U U

U U

( , )

m i n ( ( ) , ) m a x ( ( ) , )

=

ò ò ò ò

12. Opu = ^ ³ ^ and Opd = ^=^:

V

S a w otherwise

i j k ( , )

,

,

=

£ ì í î

0

, where w is a fixed small value.

13. Opu = ^ ³ ^ and Opd = ^ ¹ ^:

Let f u

u a u a u b u b

X ( ) ( ) =

<

£ <

³

ì í

ï î

ï

0

1

m ,

U

X

= { u | u ³ a }.

V

f u d u d u

i j k

X U

U

( , )

( )

=

ò ò

14. Opu = ^ ³ ^ and Opd = ^ £ ^:

Let f u

u a u a u b u b

X ( ) ( ) =

<

£ <

³

ì í

ï î

ï

0

1

m ,

U

X

= { u | u ³ a }, and U

u u c u u S

b S c otherwise S

=

£

£

£ £ ì í î

{ | }

{ | }

.

V

f u d u d u

i j k

S X U U

U

( , )

( )

= Ç

ò ò

15. Opu = ^ ³ ^ and Opd = ^ ££ ^:

Let f u

u a u a u b u b

X

( ) ( ) =

<

£ <

³

ì í

ï î

ï

0

1

m ,

S

b

S

b S c otherwise 1

1

1 ’ =

£ £ ì í î

, S

c

S

b S c otherwise 2

2

2 ’ =

£ £ ì í î

,

U

S

= { u | S

1

’ £ u £ S

2

’ }, and U

X

= { u | u ³ a }.

m

X

( u ) a b c d

1 u min_val max_val

S

1

S

2

V

f u d u d u

i j k

X

U S

U S U

( , )

( )

=

ò ò

È

16. Opu = Opd = ^ £ ^:

Let f u

u c u c u d otherwise

X

( ) ( ) =

£

< £

ì í

ï î

ï

1

0

m ,

U

X

= { u | u £ d }, and U

u u c u u S

b S c otherwise S

=

£

£

£ £ ì í î

{ | }

{ | }

.

m

X

( u ) a b c d

1 u min_val max_val

S

V

f u d u d u f u d u d u

i j k

S X

S X

U U

U U

( , )

m i n ( ( ) , ) m a x ( ( ) , )

=

ò ò ò ò

17. Opu = ^ £ ^ and Opd = ^=^:

V

S d w otherwise

i j k ( , )

,

,

=

³ ì í î

0

, where w is a fixed small value.

18. Opu = ^ £ ^ and Opd = ^ ¹ ^:

Let f u

u c u c u d otherwise

X

( ) ( ) =

£

< £

ì í

ï î

ï

1

0

m ,

U

X

= { u | u £ d }.

V

f u d u d u

i j k

X D

U

( , )

( )

=

ò ò

19. Opu = ^ £ ^ and Opd = ^ ³ ^:

Let f u

u c u c u d otherwise

X

( ) ( ) =

£

< £

ì í

ï î

ï

1

0

m ,

U

X

= { u | u £ d }, and U

u u b u u S

b S c otherwise S

=

³

³

£ £ ì í î

{ | }

{ | }

.

V

f u d u d u

i j k

S X U U

U

( , )

( )

= Ç

ò ò

20. Opu = ^ £ ^ and Opd = ^ ££ ^:

Let f u

u c u c u d otherwise

X

( ) ( ) =

£

< £

ì í

ï î

ï

1

0

m ,

S

b

S

b S c otherwise 1

1

1 ’ =

£ £ ì í î

, S

c

S

b S c otherwise 2

2

2 ’ =

£ £ ì í î

,

U

S

= { u | S

1

’ £ u £ S

2

’ }, and U

X

= { u | u £ d }.

m

X

( u ) a b c d

1 u min_val max_val

S

1

S

2

V

f u d u d u

i j k

X

U S

U S U

( , )

( )

=

ò ò

È

21. Opu = Opd = ^ ££ ^:

Let f u

u a u b b u c u c u d otherwise

X

X

( )

( )

( )

=

£ <

£ <

£ <

ì í

ï ï î

ï ï

m m

1

2

1 1

1 2

2 2

1

0

,

S

b

S

b S c otherwise 1

1

1

1 1 1

’ =

£ £ ì í î

, S

c

S

b S c otherwise 2

2

2

2 2 2

’ =

£ £ ì í î

,

U

S

= { u | S

1

’ £ u £ S

2

’ }, and U

X

= { u | a

1

£ u £ d

2

}.

m

X 1

( u ) m

X 2

( u )

1 u min_val max_val b 1 a 1 c 1 d 1 b 2 a 2 c 2 d 2

S

1

S

2

V

f u d u d u

i j k

X

U S

U S U

( , )

( )

=

ò ò

È

22. Opu = ^ ££ ^ and Opd = ^=^:

m

X 1

( u ) m

X 2

( u )

1 u min_val max_val b 1 a 1 c 1 d 1 b 2 a 2 c 2 d 2

S

V

d u u a w otherwise i j k

( , )

=

£ £ ì í î

0

2 1

or

, where w is a fixed small value.

23. Opu = ^ ££ ^ and Opd = ^ ¹ ^:

Let f u

u a u b b u c u c u d otherwise

X

X

( )

( )

( )

=

£ <

£ <

£ <

ì í

ï ï î

ï ï

m m

1

2

1 1

1 2

2 2

1

0

,

U

X

= { u | a

1

£ u £ d

2

}.

V

f u d u d u

i j k

X U

U

( , )

( )

=

ò ò

24. Opu = ^ ££ ^ and Opd = ^ ³ ^:

Let f u

u a u b b u c u c u d otherwise

X

X

( )

( )

( )

=

£ <

£ <

£ <

ì í

ï ï î

ï ï

m m

1

2

1 1

1 2

2 2

1

0

,

U

X

= { u | a

1

£ u £ d

2

}, and U

u u b u u S

b S c otherwise S

=

³

³

£ £ ì í î

{ | }

{ | }

1 1 1

.

V

f u d u d u

i j k

X

X

U S U

U S U

( , )

( )

= Ç

È

ò ò

25. Opu = ^ ££ ^ and Opd = ^ £ ^:

Let f u

u a u b b u c u c u d otherwise

X

X

( )

( )

( )

=

£ <

£ <

£ <

ì í

ï ï î

ï ï

m m

1

2

1 1

1 2

2 2

1

0

,

U

X

= { u | a

1

£ u £ d

2

}, and U

u u c u u S

b S c otherwise S

=

£

£

£ £ ì í î

{ | }

{ | }

2 2 2

.

V

f u d u d u

i j k

X

X

U S U

U S U

( , )

( )

= Ç

È

ò ò