Summarizing the Discovered Associations Using Direction

Setting Rules

Bing Liu, Wynne Hsu, and Yiming Ma

School of Computing,

National University of Singapore

Lower Kent Ridge Road

Singapore 119260

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

Abstract

Asso ciation rules are a fundamental class of patterns that exist in data. The key strength of association rule mining is its completeness. It finds all associations in the data that satisfythe user specified minimum support and minimum confidence constraints. This strength, however, comes with a major drawback. It often produces a huge number of associations. This is particularlytrue for data sets whose attributes are highlycorrelated. The huge number of associations makes it verydifficult, if not impossibl e, for a human user to analyze in order to identifythose interesting/useful ones. In this paper, we propose a novel technique to overcome this problem. The technique first prunes the discovered associations to remove those insignificant ones, and then fin ds a special subset of the unpruned associations to form a summaryof the discovered associations. We call this subset of associations the direction setting (DS) rules as theyset the directions that are followed bythe rest of the associations. Using thi s summary, the user can interactivelyfocus on the essential aspects (or relationships) of the domain and selectivelyview the relevant details . The approach is effective because experiment results show that the set of DS rules is typicallyvery small. The ycan be analyzed manuallybya human user. The proposed technique has also been applied successfullyto a number of real - life applications.

T echnical Report, 1999

School of Computing

National Universityof Singapore

Summarizing the Discovered Associations Using Direction

Setting Rules

Abstract

Association rules are a fundamental class of patterns that exist in data. The key strength of

association rule mining is its completeness. It finds all associations in the data that satisfy the

user specified minimumsupport and minimumconfidence constraints. This strength,

however, comes with a maj or drawback. It often produces a huge number of associations.

This is particularly true for data sets whose attributes are highly correlated. The huge number

of associations makes it very difficult, if not impossible, for a human user to analyze in order

to identify those interesting/useful ones. In this paper, we propose a novel technique to

overcome this problem. The technique first prunes the discovered associations to remove

those insignificant ones, and then finds a special subset of the unpr uned associations to form

a summary of the discovered associations. We call this subset of associations the direction

setting (DS) rules as they set the directions that are followed by the rest of the associations.

Using this summary, the user can interac tively focus on the essential aspects (or

relationships) of the domain and selectively view the relevant details . The approach is

effective because experiment results show that the set of DS rules is typically very small.

They can be analyzed manually by a human user. The proposed technique has also been

applied successfully to a number of real - life applications.

1. Introduction

Association rules are a class of important regularities in data. Association rule mining is

commonlystated as follows [2]: Let I = { i

1

, �, i

n

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

cases. 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 case in D contains X È Y . The problem of mining association rules is to

generate all association rules that have support and confidence greater than the user - sp ecified

minimum support and minimum confidence.

A typical association rule mining algorithm works in two steps. The first step finds all

large itemsets (a set of items) that meet the minimum support threshold. The second step

generates rules from all larg e itemsets that satisfythe minimum confidence constraint.

The keystrength of association rule mining is that it can efficientlydiscover the complete

set of associations that exist in data. These associations provide a complete picture of the

underlyin g regularities in the domain. However, this strength comes with a major drawback.

The number of discovered associations can be huge, easilyin the thousands or tens of

thousands (see Section 8). Clearly, such a large number of associations is verydifficul t, if not

impossible, to be analyzed bya human user. This problem is particularlybad with those data

sets whose items are highlycorrelated.

However, it will not be satisfactoryto simplygive an arbitrarysmall subset of the rules to

the user if there are indeed a large number of them that exist in the data because this small

subset can onlygive a partial picture of the domain. The question then is: ^Can we preserve

the full power of association rule mining (i.e. its completeness) without overwhelming the

user? This paper shows that it is possible. A novel technique is proposed to prune those

insignificant rules and to find a special subset of association rules that represent the essential

relationships in the data. We call this subset of associations t he direction setting (DS) rules .

The DS rules give a summaryof the behavior of the discovered associations. Theyrepresent

the essential relationships or structure (or skeleton) of the domain. The non - DS rules simply

give additional details. Using the DS rules as a summary, the user can interactivelyfocus on

the essential aspects of the domain and selectivelyview the relevant details (non - DS rules) .

In this work, we focus on association rule mining from a relational table, which consists

of a set of re cords described bya number of attributes. An item is an attribute value pair, i.e.,

(attribute = value). Association rule mining in such data is typicallytargeted at a specific

attribute because the user normallywants to know how other attributes are re lated to this

target attribute (which can have manyvalues) [13, 5]. With a target attribute, we can express

an itemset as follows (instead of a set of items):

X ® y

where y is an item (or a value) of the target attribute, and X is a set of items from the rest of

the attributes. For simplicity, we call this itemset a rule hereafter, regardless of whether it is

significant or not. We also saya rule is large if it meets the minimum support constraint.

Note that we do not use minimum confidence in our fram ework, although we can also

choose to use it (see Section 7). Minimum confidence does not reflect the underlying

relationship of the domain represented bythe data [5]. Instead we use statistical correlation as

the basis for finding rules that represent th e fundamental relations of the domain.

Figure 1 shows the conceptual flow of the proposed technique 1 , which consists of two steps,

pruning and summarization. Below, we briefly introduce the two steps.

Figure 1. The proposed technique

1 Here, it is presented as a post - processing method. In implementation, it is combined with rule mining.

Discovered

large rules

Pruning

Significant

rules

Summarization

DS rules

Non - DS

rule s

1. 1 Pruning the discovered associations

It is well known that manydiscovered associations are redundant or minor variations of other

associations. Their existence maysimplybe due to chance rather than true correlation. Thus,

those spurious and insignific ant rules should be removed. This is similar to pruning of

overfitting rules in classification [22]. Rules that are veryspecific (with manyconditions)

tend to overfit the data and have little predictive power. Although association rules are not

normally used for prediction, rules that onlycapture the irregularities and idiosyncrasies of

the data has no value and should be removed. An example of such rule is shown below.

Example 1: We have the following two rules,

R1: J ob = yes ® Loan = approved [su p = 60%, conf = 90%]

R2: J ob = yes, Credit_history = good ® Loan = approved [sup = 40%, conf = 91%]

If we know R1, then R2 is of limited value because it gives little extra information. Its

slightlyhigher confidence is more likelydue to chance, rather than true correlation. It should

thus be pruned. R1 is more general and simple. General and simple rules are preferred.

In this work, we measure the significance of a rule using chi - square test ( c 2 ) for

correlation from classical statistics.

1.2 Summari zing the unpruned rules

Pruning can reduce the number of rules substantially. However, the number of unpruned rules

can still be verylarge (see Section 7). This step finds a subset of the rules, called DS rules, to

summarize the unpruned rules.

Essentia lly, DS rules are significant association rules that set the directions for non - DS

rules to follow. The direction of a rule is the type of correlation it has, i.e., positive

correlation or negative correlation or independence , which is also computed using c 2 test.

Let us see an example.

Example 2: We have the following rules discovered from the data:

R1: J ob = yes ® Loan = approved [sup = 40%, conf = 70%]

R2: Own_house = yes ® Loan = approved [sup = 30%, conf = 75%]

c 2 analysis shows that having a job is positivelycorrelated to the grant of a loan, and

owning a house is also positivelycorrelated to obtaining a loan. Then, the following

association is no surprise to us:

R3: J ob = yes, Own_house = yes ® Loan = approved [sup = 20%, conf = 90%]

bec ause it intuitivelyfollows R1 and R2. We can use R1 and R2 to provide a summaryof

the three rules. R1 and R2 are DS rules as theyset the direction (positive correlation) that is followed byR3. In real - life data sets, a large number of associations are like R3.

From the example, we see that the DS rules give the essential relationships of the domain.

The non - DS rule is not surprising if we alreadyknow the DS rules. However, this, byno

means, says that non - DS rules are not interesting. Non - DS rules can provide further details

about the domain. For example, the non - DS rule above (R3) gives a higher confidence. This

is analogous to summarization of a text article. From the summarization, we know the

essence of the article. If we are interested in the detai ls of a particular aspect, the summary

can point us to them in the article. In the same way, the DS rules give the essence of the

domain and points the user to those related non - DS rules. Non - DS rules are basically

combinations of DS rules. In the above Ex ample 2, R3 is a combination of R1 and R2.

Experiment results, including real - life applications, show that although the number of

discovered rules can be huge, the number of DS rules is verysmall (see Section 8). Theycan

be analyzed manuallybythe hum an user to obtain the basic relationships in the data. He/she

can then focus his/her attention on those interesting aspects of the relationships, and to see

the relevant non - DS rules (in some applications, the user mayfind that the DS rules are

sufficient , see Section 8.2). This process can be easilyfacilitated byan interactive user

interface (see Section 7). The proposed technique makes association rule mining effective

and practical for data sets whose items are highlycorrelated. The user can now obta in a

complete picture of the domain without being overwhelmed bya huge number of rules.

2. Related Work

The problem of too manyrules has been studied bymanyresearchers. [9] proposed an

approach to allow the user to specifywhat he/she wants to see usin g templates. The system

then retrieves those match rules from the set of discovered rules. This method, however, does

not prune those insignificant rules and it does not provide a summaryof the discovered rules.

In subjective interestingness research in data mining, [12, 21, 23] proposed a number of

methods for finding unexpected rules. Instead of asking the user to specifywhat he/she wants

to see as in [9], these approaches ask the user to specifyhis/her existing knowledge about the

domain. The system then finds those unexpected rules bycomparing the user´s knowledge

with the discovered rules. Again, these methods do not prune and do not attempt to

summarize the association rules.

[25] and [19] investigated using item constraints specified bythe user in rule mining to

generate onlythe relevant rules. Essentially, the constraints restrict the items or combination

of items that are allowed to participate in mined rules. This approach also does not prune those insignificant rules and does not summarize the unpruned rules.

[26] introduces the concept of association rule cover for pruning association rules. A

cover is basicallya subset of the discovered associations that can cover the database. The

number of rules in a cover can be quite small. A greedy algorithm is proposed to find a good

cover and the remaining rules are pruned. The problem with this method is that the advantage

of association rules, its completeness, is lost. Clearly, a better approach is to summarize the

discovered rules. From this su mmary, the user can obtain an overall picture of the domain.

[5] proposed a rule pruning technique using minimum improvement , which is the

difference between the confidence of a rule and the confidence of anyproper sub - rule with

the same consequent. Th ose rules that do not meet this minimum improvement in confidence

are pruned. Our pruning method is similar. However, we use chi - square test as the basis for

pruning (minimum improvement can be easilyincorporated in our framework). We will see

in Section 7 that even after pruning the number of rules left can still be verylarge.

Summarization is thus important. The method in [5] does not perform summarization.

There are also a number of other methods in classification research for rule pruning such

as pes simistic error rate [22] and minimum description length [16] based pruning. In our

work, we choose the widelyused chi - square test statistics for rule pruning.

[1] introduces a technique to remove two types of redundant rules, i.e., simple and strict

red undancy. Essentially, a rule is redundant with respect to another rule if the support and

confidence of the redundant rule are always at least as large as the support and confidence of

the latter. Simple redundancytries to remove those rules that are deri ved from the same

itemset. For example, AB => C is redundant with respect to the rule A => BC. This, however,

does not happen in our situation because in our case one itemset represents onlyone rule.

Strict redundancyapplies to two itemsets and one is a subset of the other, e.g., X => Y is

redundant with respect to X => YZ. This situation also does not applyin our situation

because we focus on association rules that have onlyone fixed attribute on the right hand

side. Also our proposed technique does no t use minimum confidence for rule generation (see

the problems with minimum confidence in [5]), but statistical correlation (or significance).

Other related work includes correlation rule mining introduced in [6]. It uses chi - square

test for measuring th e correlation. A correlation rule is simplya set of items that are

correlated. [11] introduces a technique for clustering association rules. However, it mainly

deals with generation of numeric association rules, i.e., how to join the adjacent intervals to

produce more general rules and fewer rules. Clearly, both works are different from ours.

3. Chi - Square Test for Independence and Correlation

Chi - square test statistics ( c 2 ) is a widelyused method for testing independence and/or correlation [18]. In our proposed technique, c 2 is used in pruning as well as in finding the direction setting rules. Below, we give an introduction to chi - square test.

Essentially, c 2 test is based on the comparison of observed frequencies with the corresponding expected frequ encies. The closer the observed frequencies are to the expected frequencies, the greater is the weight of evidence in favor of independence.

Example 3 : In a loan application domain, we have 500 people who applied for loan in a bank. Out of the 500 people, 300 had a job and 200 did not have a job. 280 people were granted loan and 220 were not. We also know that 200 people who had a job were granted loan, which can also be expressed as an association rule:

J ob = yes ® Loan = approved [sup = 200/500, conf = 200/300]

This information gives us a 2 ´ 2 contingency table containing four cells (Figure 2). Note that the table has only1 degree of freedom, which is sufficient for our work. See [18 or anystandard statistics text] for more details about degrees of fr eedom.

Loan = approved Loan = not - approved RowT otal:

Job = yes 300

Job = no 200

Column T otal: 280 220 500

Figure 2. Contingencytable for Job and Loan

Our question is ^Is loan approval dependent on whether one has a job or not? ~ In de aling with this problem we set up the hypothesis that the two attributes are independent. We then compute the expected frequencyfor each cell as follows: Of the 500 people included in the sample, 300 (60% of the total) had a job, while 200 (40% of the tot al) had no job. If the two attributes are trulyindependent, we would expect the 280 approved cases to be divided between job = yes and job = no in the same ratio (60% and 40%); similarly, we would expect the 220 not - approved cases to be divided in the sam e fashion.

c 2 is used to test the significance of the deviation from the expected values. Let f

0

be an observed frequency, and f be an expected frequency. T he c 2 value is defined as follows:

A c 2 value of 0 implies the attributes are statisticallyind ependent. If it is higher than a certain threshold value (e.g. 3.84 at the 95% significance level [18]), we reject the independence

å

-

= .

) (

0

2

2 f

f f c

200 100

80 120 assumption. For our example, we obtain c 2 = 34.63. This value is much larger than 3.84. The independence assumption is rejec ted. Thus, we saythat the loan approval is correlated to whether one has a job.

However, we still do not know how theycorrelated, e.g., whether having a job is positively or negatively correlated to the approval of a loan. Below, we give the definition s in the context of association rule mining.

Definition 1 (correlated) : Let s be a minimum support and c be a significance level. X and y of a rule, X ® y , are said to be ( s , c ) correlated ( hereafter, merely correlated ) if the following two conditions are met:

1. Its support exceeds s .

2. The c 2 value for the rule with respect to the whole data set exceeds the c 2 value at the significance level c .

Definition 2 (uncorrelated or independent) : Let s be a minimum support and c be a significance level. X and y of a rule, X ® y , are said to be ( s , c ) uncorrelated ( hereafter, merely uncorrelated or independent ) if the following two conditions are met:

1. Its support exceeds s .

2. The c 2 value for the rule with respect to the whole data set does not exceed the c 2 valu e at the significance level c .

Similar to those in [6], we define three types of correlation of a rule. For this work, we also call them the directions of a rule.

Definition 3 (type of correlation or direction) :

Positive correlation : if X and y of a ru le r , X ® y , are correlated and f o

/ f > 1, we saythat r is a positive correlation (or we say r is significant ). We use 1 to denote a positive correlation. We also saythat the direction of r is 1.

Negative correlation: if X and y of a rule r , X ® y , are correlated but f o

/ f < 1, we saythat r is a negative correlation . We use - 1 to denote a negative correlation. We also say that the direction of r is - 1.

Independence : if X and y of a rule r , X ® y , are independent, we saythat r shows independence . We u se 0 to denote independence. The direction of r is 0.

In this paper, we are onlyinterested in positivelycorrelated rules. The other two types of rules are not used (see Section 6 if such rules are required). The rule in Example 3 represents a positive co rrelation because its observed frequencyis 200 (i.e., the support count of the rule) and its expected frequencyis only168 (= 300 * 280 / 500).

In general, computing the type of correlation (or the direction) of an association rule r , X

® y , is to compar e the rule with the whole population or the whole data set. Or more specifically, it is to compare with the rule that has the same conclusion as r but no condition, i.e., ® y . The generic contingencytable used is shown in Figure 3.

y Ø y RowT otal

Sati sfies X Support count of X in data

Does not satisfy X Support count of Ø X in data

Column T otal: Support count of y in data Support count of Ø y in data T otal no. of cases in data

Figure 3. A generic 2x2 contingencytable

Note that in the table, we use the term support count rather than frequency to conformto association rule mining. All support counts are available fromthe two rules (i.e., X ® y and ® y ), after runningan association rule miningalgorithm. For example, to test the followingrule R1 (the rule in Example 3), we compare it with R2:

R1: J ob = yes ® Loan = approved [sup = 200/500, conf = 200/300]

R2: ® Loan = approved [sup = 280/500, conf = 280/500]

Clearly, these two rules specifycompletelythe contingencytable in Figure 2 (or Figure 3).

R2, which has no condition, gives the column total for approved (280) and the total number of cases (500) in the data. R1, which represents the first cell in the table, also has the number

300 for the row total (which is simplythe support count of the co ndition Job = yes). With all this information, the rest of the cells can be computed.

4. Direction Setting Rules

Direction setting (DS) rules are positivelycorrelated association rules that set the directions for non - direction setting (non - DS) rules to fo llow. Let us see some definitions.

Definition 4 (direction setting rule): A rule r is a direction setting (DS) rule , if it satisfies the following conditions:

1. It has the direction of 1 (positive correlation).

2. Its direction is not an element of the set of expected directions .

Definition 5 ( expected directions ): The set of expected directions of a rule r is defined as follows:

1. If r is a 1 - condition rule, the set of expected direction is {0} (i.e. the condition and the consequent are expected to be inde pendent in the absence of prior knowledge).

2. If r is a k - condition rule r ( k > 1) of the form:

r : a

1

, a

2

, �, a k

® y the set of expected directions is computed as follows: We can view r as a combination of 2 rules, a 1 - condition rule r

1

and a ( k - 1) - con dition rule r rest

, with the same

Support count of X ® y Support count of X ® Ø y

Support count of Ø X ® y Support count of Ø X ® Ø y consequent y 2 :

r

1

: a i

® y r rest

: a

1

, a

2

, �, a k - 1

® y where { a

1

, a

2

, �, a k - 1

} = { a

1

, a

2

, �, a k

} - { a i

}. The expected direction for this combination, denoted by E i

, is defined below ( x.dir denotes the direction of rule x ) :

(a). if r

1

. dir = r rest

. dir = 1 then E i

= 1.

(b). if ( r

1

. dir = 1 and r rest

. dir = 0) or ( r

1

. dir = 0 and r rest

. dir = 1) then E i

= 1.

(c). if r

1

. dir = r rest

. dir = 0 then E i

= 0.

(d). otherwise , E i

= unknown.

Since there are k such combinations, the set of expected directions of r is { E i

}, i = 1, �, k .

Lemma: All positivelycorrelated 1 - condition rules are direction setting rules.

Proof: It follows directlyfrom Definition 4 and 5.

Some notes about the above two definitions:

· In Definition 5, the assumpti ons (a) to (d) are reasonable because theyfollow our human intuitions:

(a) Two positive correlations generallylead to another positive correlation (Example 1).

(b) A positive correlation and an independence generallysuggest a positive correlation.

(c) Two independence relations lead to another independence relation.

(d) For the rest of the situations, we either cannot decide the expected direction (e.g., 1 and - 1 combination), or we simplydo not care (e.g., - 1 and - 1 combination).

· The second condition ( 2) of Definition 4 basicallysays that if a rule´s direction is expected with respect to anyone combination, it is not a DS rule. This is reasonable because as long as there is one possible justification for r ´s direction, we cannot saythat r sets a new direction. Thus, r is not a DS rule.

To further explain the definitions, we list all the possible direction combinations of r

1

, r rest and r (Figure 4) using the notation:

r

1

. dir , r rest

. dir := r.dir or r rest

. dir , r

1

. dir := r.dir

A (1) 1, 1 : = 1 B (1) 1, 0 := 1 C (1) 0, 0 := 0

(2) 1, 1 := - 1 (2) 1, 0 := - 1 (2) 0, 0 := 1

(3) 1, 1 := 0 (3) 1, 0 := 0 (3) 0, 0 := - 1

D (1) - 1, - 1 := - 1 E (1) - 1, 0 := - 1 F (1) - 1, 1 := 0

(2) - 1, - 1 := 1 (2) - 1, 0 := 1 (2) - 1, 1 := 1

(3) - 1, - 1 := 0 (3) - 1, 0 := 0 (3) - 1, 1 := - 1

Figure 4. All possible direction combinations of r

1

, r rest

and r

2 We can also viewthe rule r as a combination of more than two shorter rules. T he numbers of conditions in the shorter rules do not have to be 1 and k - 1, but anypossible partition. However, these alternatives require much more computation. Conceptually, theydo not seemto have anyadvantage over our 1 and k - 1 combination.

A(1), B(1) and C(1) represents our expectations (a), (b) and (c) in Definition 5. That is, given
the d irections of r

1

 and r
rest

 on the left - hand - side of ^:=~, if r  has the direction on the right -
hand - side of ^:=~, we say r ´s direction is expected. In fact, D(1) and E(1) can F(1) can also be
seen as expected. However, they are not interesting because we are  only interested in the
positively correlated rules. The interesting situations occur in C(2), D(2), E(2) and F(2)

(shaded in Figure 4) because the direction of r  is 1, but the expected direction of the r

1

 and
r

      rest

                        combination is 0 or unknown, which are o ur cases (c) and (d) in Definition 5. When such
situations occur, we say that r  sets a new direction. We call r  a potential  DS rule. r  will be
called a DS rule if for all possible combinations of r

1

 and r
rest

, the direction of r  is different
from the expec ted directions. Since we are only interested in positive correlations, the
remaining situations are not relevant (see also Section 6).

Definition 6 ( non - direction setting rules ): A non - direction setting  (non - DS) rule  is a

                         positively correlated rule that i s not a DS rule.

5.  Pruning the Association Rules and Finding Direction Setting Rules

This section presents the basic ideas of pruning and finding direction setting rules. The next
section gives the detailed algorithm, which performs both tasks.

5.1.  Pru ning of association rules

Section 3 showed that to test for correlation between the condition and the consequent of a
rule r , X
                                                             ®

                                                                              y , we compare it with the rule R ,
®

 y , to see whether r  is significant with respect
to R . Those rules that do not show positiv e correlation are removed. However, we can do
much better than that. Consider again Example 1 (which is reproduced here as Example 4).

Example 4:   We have the following two rules,

                                                        R :  J ob = yes
®

 Loan = approved     [sup = 60%, conf = 90%]

                                                        r :  J ob = yes, Cr edit_history = good
®

 Loan = approved   [sup = 40%, conf = 91%]

                         If we know R , then r  is of limited use because it gives little extra information. Its slightly

                         higher confidence is more likely due to chance, rather than true correlation.

We say r  can be pr uned with respect to R  because within the subset of data cases covered  by

R , r  is not significant. (A rule covers  a set of data cases, if the data cases satisfy the
conditions of the rule.) The pruning proceeds as that in Section 3. However, instead of usi ng
the whole data set, here we test the correlation of r  with respect to R  as r  only covers a subset
of the data cases that are covered by R . If r  does not show a positive correlation with respect
to R , it should be pruned. In general, additional pruning i s done as follows:

·
                         Given a rule r , we try to prune r  using each ancestor rule  R  (which has the same

                         consequent as r  but fewer or 0 conditions). We perform a
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 subset of the data covered by R , r  is not significant.

5.2  Finding DS rules

The process for finding DS rules is as follows:
c
2

 test is first used to evaluate each 1 -
condition rule to determine it s direction status, i.e., 1 (positive correlation), - 1 (negative
correlation), or 0 (independence). Then, it proceeds level - by - level to analyze each rule and
decide whether it follows the direction that has already been set by rules at previous levels, or
whether it sets a new direction. That is, at level 2 we analyze only 2 - condition rules, at level

3, we analyze 3 - condition rules and so on. (For easy discussion, from now on we will use the
level number and the number of conditions of a rule interchangeabl y). The analysis proceeds
as follows: At level k  ( k > 1), for each k - condition rule r , we first determine its direction. We
then examine each combination of 1 - condition rule r

1

 and ( k - 1) - condition rule r
rest

 of r  to
determine whether r  follows the expected direction set by r

1

 and r
rest

. If r  follows the
direction set by at least one  such combination, we say r  is not a DS rule. If r  does not follow
the direction set by any combination, we say r  sets a new direction, and it is a DS rule.

 The computation with  each combination can be illustrated using the following if -
statement (Figure 5) (the corresponding situations in Figure 4 are also indicated):

1  A
if

  r

1

. dir  = r
rest

. dir  = 1
then

2  A(1)
if

 r.dir  = 1
then

       r  is not a DS rule

3  A(2)(3)
else

  r.dir  = unknown

4
        B  elseif   ( r

1

. dir  = 1 and r
rest

. dir  = 0) or ( r

1

. dir  = 0 and r
rest

. dir  = 1) then

5  B(1)
if

 r.dir  = 1
then

       r  is not a DS rule

6  B(2)(3)
else

 r.dir  = unknown

7
        C  elseif   r

1

. dir  = r
rest

. dir  = 0 then

8  C(1)
if
r.dir  = 0
then

        nothing

9  C(2)
elseif

  r.dir  = 1
then

  r  is a potential DS rule

10  C(3)
else

 r.dir  = unknown

11
               D, E, F  else

12
               D(2), E(2), F(2)  if  r.dir  = 1 then        r  is a potential DS rule

13  D(1)(3), E(1)(3), F(1)(3)
else

 r.dir  = unknown

14
endif

Figure 5. Identifyin g a potential DS rule

 An important point about the if - statement in Figure 5 is that r.dir  in line 3, 6, 10, and 13
is assigned unknown  instead of taking its original value of 0 or - 1 (see Figure 4) .  This is to
overcome the problem caused by direction 0 as  the following example illustrates (Figure 6):

 1  r´ :  a

                                                                                                      1

                                                                                                          ,    a

2

,    a

3

®

 y ,   r´ . dir  = 1

 2   ( r´

                                                      1

                                                           . dir  =)1,    0,     - 1

 3    0(= r´
rest

. dir )

 4  r´  is not a DS rule due to B(1)

                                                                                                                       Figure 6. An example situation: the problem of direction 0

In line 1 (Fig ure 6), ^ a

1

, a

2

, a

3

®

 y ~ is r´ , and its direction value is 1. Assume the direction of

^ a

                1

                     ®

                                       y ~ is 1, the direction of ^ a

2

®

 y ~ is 0 and the direction of ^ a

3

®

 y ~ is - 1 (line 2). The
original direction of ^ a

2

, a

3

®

 y ~ is 0 (line 3). Thus it is not a directio n setting rule. When it
is combined with a

1

, the system will say that r´  is not a DS rule according to B(1). This is
against our intuition because given the three 1 - condition rules´ directions, 1, 0, and - 1, it is
not clear which direction should r´ follow . However, if we replace the direction 0 with
unknown  for r . dir  (line 13 in Figure 5), the above problem will be prevented and r´  will be
reported as a potential DS rule (because now r´
rest

. dir = unknown ). We also replace - 1 with
unknown  as this does not c ause any problem, and it saves a test in computation. We can now
state the key theorem of the proposed technique.

Theorem:  Using the above procedure to identify DS rules, every non - DS rule, X
®

 y , is a

                   combination of one or more DS rules and zero or more 0 direction 1 - condition rules with

                   the same consequent y . That is, with a suitable re - arrangement of its conditions (as the

                   ordering of the conditions are not important) any non - DS rule can be expressed as:

 dsr + zr *

                         where dsr  is any DS rule, and zr  is an y 0 direction 1 - condition rule.

Proof : We only need to consider line 2 and 5 in the above if - statement in Figure 4, where r  is

                         determined to be a non - DS rule. We use induction to prove the theorem. Since non - DS rules only

                         appear at level 2 and above, the base case is a 2 - condition non - DS rule, for which the theorem is

                         true due to line 1 and 2, and line 4 and 5. Now, we assume it is true for all ( k - 1) - condition non - DS

                         rules. We then show that it is also true for any k - condition non - DS rule.

 For the situat ion in line 2,

     r

                                                                                 1

                                                                                       is a DS rule (by the lemma in Section 4), and

     r

                                                                                 rest

                                                                                                 is either a ( k - 1) - condition DS rule or a ( k - 1) - condition non - DS rule.

     Suppose r

                                                                                                                rest

 is a ( k - 1) - condition DS rule, then r  is a conj unction of two DS rules, i.e.,

   r  => d sr dsr   => dsr + zr *      (where => means "can be expressed as")

     Suppose r

                                                                                                                rest

 is a ( k - 1) non - DS rule, then by our assumption,

      r

                                                                                 rest

                                                                                                 => dsr + zr *, hence, r  => dsr  dsr + zr *  => dsr + zr *

     In both cases, the theorem is true.

  For the situation in line 5, we have two cases:

     (5a)  r

                                                                                                                      1

. dir  = 0 and r
rest

.dir  = 1, and  (5b)  r

1

. dir  = 1 and r
rest

.dir  = 0

 Case (5a), once again, r
rest

 is either a ( k - 1) - condition DS rule  or a ( k - 1) - condition non - DS rule,

            while r

                                                                                                                       1

 is a 0 direction rule, i.e.  r

1

 is zr .

    Thus, either  r  => zr dsr , or r  => zr dsr + zr *.

    Re - arranging the terms, we obtain

                      r  => dsr zr  => dsr + zr *, or r  => dsr + zr + => dsr+zr *

     Hence, the theorem is true for case (5a).

  Case (5b), r

1

 is a DS rule.

    Since 0 is only produced in line 8, thus, r
rest

 must be a combination of 0 direction rules,

   i.e., r

                                                                                                                      rest

 is zr +.

    Thus, r  => dsr zr + => dsr + zr *. Hence, theorem is true for case (5b).

 Since the theorem is true when k  = 2, and if the theorem is true  for k - 1, it is also true for k , we have

                   proved the theorem.

From the definition of DS rules, and the theorem, we derive three important points:

·

                         Every DS rule r  can be seen as a unexpected rule  with respect to r

1

 and r
rest

 of  r  because r

                         does not follow their directions.

·

                         After seeing the DS rules, the non - DS rules are no longer surprising as they are just some

                         combinations of the DS rules and independence rules (the direction of 0). That is, the

                         non - DS rules are expected if the DS rules are known.

·

                         DS ru les can guide the user to see the related non - DS rules, if he/she is so interested (see

                         Section 6). Although DS rules give the essential relationships of the domain, non - DS

                         rules can provide additional details.

Note that the above theorem does not say tha t any possible combination of some DS rules
and/or independence rules (0 direction) is a non - DS rule. The reason is that such a
combination may not meet the minimum support, or may not show positive correlation.

6.  The Algorithm

Figure 7 gives the algorit hm (called find - DS) for both pruning and finding DS rules. The
input parameters are F  and T . F  is the discovered large rules. T  is the

c 2

 value at a particular
significance level. Two points to be noted:

·
                         In the definitions of DS and non - DS rules, we did no t mention how pruning is related.

                         Clearly, those pruned rules will not be included in the set of DS or non - DS rules.

·
                         For easy understanding, below the algorithm is presented as a post - processing method of

                         the discovered rules. However, it can be easily in corporated into a rule miner itself. In

                         such a situation, memory claim can also be performed after a rule is pruned. In fact, we

                         implemented our system this way (see Section 7).

 Procedure  find - DS ( F , T )

                                            1
                                                    f or  each r  ( X
®

 y )
Î

 F  from level - 1 to level - n   do

                                            2
                                                    r.dir  = compDir ( r , ^
®

 y ~, T );

                                            3  for  each pair, r

1

 ( X
i

®
y ) and r
rest

 ( X
rest

®
y ), where X
i

Î

 X ,  and  X
rest

= X
-

 { X
i

} do

                                            4
                                                    if  r  is not pruned then  evalPrune ( r , r
rest

) endif ;

                                            5  if X
rest

¹

Æ

 and r  is still a potential DS rule  then  /* 1 - condition rule s do not go */

 6  if  r

1

. dir  = r
rest

. dir  = 1 then

 7  if  r.dir  = 1 then r.justify  =
Æ

     /* r  is not a DS rule */

 8  else   r.dir  = unknown

                                            9
                                                    elseif   ( r

1

. dir  = 1 and r
rest

. dir  = 0) or ( r

1

. dir  = 0 and r
rest

. dir  = 1) then

 10  if  r.dir  = 1 then r.justify  =
Æ

 /* r  is not a DS rule */

 11  else   r.dir  = unknown

                                            12
                                                           elseif   r

1

. dir  = r
rest

. dir  = 0 then

 13   if  r.dir  = 0 then r.justify  =
Æ

 /* r  is not a DS rule */

 14  elseif   r.dir  = 1 then r.justify  = r.justify
È

 {( r

1

, r
rest

)}

/* r  is a potential DS rule*/

 15  el se  r.dir  = unknown

                                            16
                                                           else  if  r.dir  = 1 then r.justify  = r.justify
È

 {( r

1

, r
rest

)}

/* r  is a potential DS rule*/

 17   else   r.dir  = unknown

 18
endif

                                            19
                                                            endif

                                            20
                                                           endf or

                                            21
                                                           if  r . justify
¹

Æ

 then

                                            22
                                                           if  r  is pruned then  r.dir = unknown

/* Although r  sets a new direction, it is pruned */

                                            23
                                                           else  DSR  = DSR
È

 { r }

/* r  is a DS rule */

                                            24
                                                           endf or;

                                            25
                                                           unprnRules  = { r
Î

 F  | r.prune  = 0}.;

/* all the unpruned rules */

                                            26
                                                            non - DSR  = unprnRules -  DSR

/* all the non - DS rules  */

Figure 7 . Algorithm find - DS

                         The algorithm processes the discovered rules level - by - level (line 1) from level - 1 to level -
n  (where n  is the highest level). For each rule r , X
®

 y , at a particular level the algorithm
works as follows: The procedure compDir computes the  type of correlation (or direction) of r

(in line 2), which is given to r . dir . ^
®

 y ~ is a rule without any condition. It represents the
whole data set and also gives the frequency distribution of y  in the data. Line 3 starts to
process r  using all pairs of  its ancestors r

1

 and r
rest

. Evaluation of pruning is done in line 4
using the procedure evalPrune . Line 5 checks to see whether r  has already been determined
to be a non - DS rule (1 - condition rules will not go through as X
rest

=
Æ

). If so, there is no need
to proceed. From line 6 - 18, the algorithm analyzes r  by considering four cases. This part has
been discussed in Section 5.2. r . justify  is used to record all r

1

 and r
rest

 combinations that
justify r  to be a potential DS rule (line 14 and 16). This informat ion is helpful to the user in
understanding the DS rules. When we know that r  is not a DS rule (line 7, 10 and 13), no
recording is needed (we set r . justify  =
Æ

).

                         After completing the inner for - loop, if r . justify
¹

Æ

, r  is justified to be a DS rule.

Howe ver, if r  can be pruned ( r.prune
¹

 0), then it will not be a DS rule (line 22). r.dir is set to
unknown  (line 22) so that r  can be used in the future to justify a rule for being a DS rule. If r
cannot be pruned ( r.prune  = 0), then it is a true DS rule (lin e 23), and it is included in DSR

(the set of all DS rules). All the unpruned rules are in unprnRules  (line 25), and all the non -

DS rules are in non - DSR  (line 26).

                         Below, we describe the two procedures compDir and  evalPrune . Procedure compDir

(Figure 8) us es
                                                                                                           c 2

 test to compute the correlation or direction of r . R  is an ancestor rule of r

( R  can be ^
                                                                             ®

                                                                                              y ~) and both have the same consequent. In line 1, if
c 2

( r , R ) > T , we reject the
independence assumption, i.e., the conditions and the consequent are correlate d. Line 2 - 5
determine the type of correlation or direction (Definition 3). ^ r.cover *( R.sup / R.cover )~ is the
expected frequency. r.sup  is the observed frequency (the number of data cases satisfying both
the conditions and the consequent of r ). x.cover  is th e number of data cases that satisfy the
conditions of the rule x .

 Procedure  compDir( r , R , T )

 1   if
                                                                                        c 2

                                                                                                     ( r , R ) > T  then

 2   if  r . sup  > r . cover  * ( R . sup  / R . cover )  then

 3   return(1)

 4  else  return( - 1)

 5  else return(0)

                   Figure 8. Computing the direction or  correlation of a rule r  against a more general rule R

 The evalPrune  procedure is shown in Figure 9. In line 1, if r
rest

has no condition, i.e., it is

^
       ®

                        y ~, then r  is a 1 - condition rule. If r ´s direction is not 1, it should be pruned as it is not a
positi vely correlated rule. Line 2 records that r  is pruned because of ^
®
y ~ by assigning ^
®
y ~
to r.prune  (which is initialized to 0, indicating r  is not pruned). Line 3 starts to prune r using
r

      rest

                       . However, r

                                                                                                             rest

itself may have been pruned previously. Thus, t he algorithm needs to find
the rule that prunes r
rest

. This process is reflected in line 3 and 4. In line 5 and 6, if r  does not
represent a positive correlation, it is pruned. If r  is a positive correlation, then we try to
compare it with r

                                                                                                                     rest

 using chi - square test. If r  does not show a positive correlation within the
subset of the data covered by r
rest

, it is then pruned by r
rest

.

        Procedure  evalPrune ( r ,
r
rest

)

        1  if
                                                                                               r

                                                                                                     rest

                                                                                                                      has no condition and r.dir
¹

 1 then

/* T hat is,  r
rest

 is ^
®

 y ~ */

        2  r.p rune  = ^
®

 y ~;

       3  else  if  r
rest

.prune
¹

 0 then

/* If r
rest

 has been pruned */

       4   r
rest

 =
r
rest

. prune ;

       5   if  r.dir
¹

 1 then

       6    r.prune  = r
rest

                                                        7   elseif  compDir ( r ,
r
rest

)
¹

 1 then

/* r  is not significant compared to r
rest

 */

       8   r.prune  = r
rest

/*  r  can be pruned */

       9  endif

                                                                     Figure 9. Evaluating pruning of a rule r with respect to its ancestor rule r
rest

      Complexity of the algorithm: Let M  be the number of discovered large rules, and N be the

                               maximum number of conditions of a rule. The time complexi ty of the algorithm is thus

                               O( MN ) (
                                                                                          c 2

                                                                                                          test is very efficient and can be seen as constant). Since N is normally small,

                               less than 10. Thus, the algorithm is linear in the number of large rules.

      The above algorithm can be enhanced with many interesting featu res to make it more
powerful. Below, we give two suggestions:

                               1.  As we mentioned earlier, although non - DS rules are not essential, they can provide

                                                        further details of the domain. A simple user interface can be built to allow the user to

                                                        view DS rules and let DS rules point to these related non - DS rules. We have such an

                                                        interface based on a web browser and hyper - links.

                               2.  The proposed technique does not need to use minimum confidence. However,

                                                        minimum confidence can be incorporated easily into the algorithm as a n additional

                                                        pruning mechanism. In our real - life applications, this has not been as useful as we had

                                                        expected because the user often does not know what minimum confidence to set.

                                                        Statistical test tends to set good lower bounds.

                               3.  The algorithm does not repor t rules with negative correlation (or the direction of - 1).

                                                        Sometime negative correlations can also be useful. For example, it may be interesting

                                                        to know the situations A(2) and B(2) in Figure 4 (i.e., 1, 1 := - 1 and 1, 0 := - 1).  Such

                                                        rules can be easily reported by adding additional ^elseif~ statements in the algorithm.

      7.  Empirical Evaluation

      We study the effectiveness of the algorithm for pruning and finding DS rules. We used 30

      data sets in our experiments. 25 of them are obtained from the UCI Machin e Learning

      Repository [17], and 5 are our real - life data sets. All these data sets contain huge numbers of

      associations, which present a major problem for using association rule mining to give a

      complete picture of the underlying domains. Currently, the 25  public domain data sets are
mainly used for classification research. However, classification can only give the user a
partial picture of the data, i.e., many interesting/useful rules are not discovered [13]. With our
proposed technique, we show that assoc iation rule mining can now be effectively and
practically applied to these data sets to give a complete picture of the underlying relationships
in the data. We also discuss two real - life applications.

7.1  Experiment results

Here, we report the experiment results with the 30 data sets. In all the experiments, we use a
fixed attribute (target attribute) on the right hand side of association rules. The target attribute
is an categorical attribute and can have a number of values (called target items ). For the 25

UCI data sets, the target attribute in each data set is the class attribute  used for classification.

For our 5 real - life data sets, the target attributes are suggested by our users. For all these data
sets, even with a target attribute, the numbers of a ssociations discovered are huge (note that
our modified association rule miner is able to use the target attribute). Many data sets cause
combinatorial explosion. Due to this reason, we set a hard limit of 80,000 on the total number
of large rules processe d in memory. Even with such a large limit, mining cannot be
completed for many data sets. Using a hard limit is justified because proceeding further only
generates rules with many conditions that are hard to understand and difficult to use.

                   Many data sets  we use contain numeric attributes. We discretize these attributes into
intervals using the target attribute. There are a number of discretization algorithms in
machine learning literature for the purpose. We use the entropy - based method given in [7].

The code is taken from MLC++ [10].

                   The experiments were repeated using different significance levels for
c 2

 test (95% and

90%) and different minimum support (minsup) values (2% and 1%). The 95% significance
level for
                                                               c
                                                                        2

                                                                               test is commonly used [18]. A lower lev el of 90% is used to show the effect of
this on the results.  We used the minimum supports of 2% and 1% because it is shown in [13]
that for these data sets, rules with these support thresholds are sufficiently predictive.

 Table 1 gave the results obt ained using the significance level of 95% for
c 2
test and
minsup = 1%. The other results are summarized here. Below, we explain each column in

Table 1. The final row gives the average value for each column.

Column 1:  It give s the name of the data set (the last 5 are our real - life data sets). The number

                         of records (or cases) in these data sets range from a few hundreds to tens of thousands.

Column 2:  It shows the number of items in each data set. Recall, an item is an attribu te and a

                         value (or an interval) pair, i.e., (< attribute
i

> = < value
j

>).

                                               Table 1. Experiment results ( minimum support = 1%; significance level = 95%)

 1  2  3  4  5  6  7  8  9  10

 Data   no. of  T arget  Large  PC.  PC rules  1 - cond  T otal no.  No. of conds  Exe.

 No.  sets   Items  items  rules  rules  Aft. pru  DS rules  DS rules  in DS rules  time

 1  Anneal  121  6  42893  18843  347  66  99  1.53  6.17

 2  Austra  51  2  80000  40668  379  29  94  2.05  3.98

 3.  Auto  98  7  80000  43781  2175  110  559  2.45  2.91

 4  Breast - w  31  2  2757  23 62  97  26  27  1.07  0.14

 5  Chess  74  2  80000  31939  2314  50  253  2.60  2.40

 6  Cleve  30  2  30435  11707  181  21  22  1.22  1.75

 7  Crx  55  2  80000  40269  465  31  97  2.92  3.96

 8  Diabetes  18  2  1196  565  44  14  14  1.00  0.05

 9  Ger man  66  2  80000  21386  496  32  138  2.44  3.44

 10  Glass  21  7  1820  1036  153  35  42  1.18  0.07

 11  Heart  23  2  10044  3055  131  18  18  1.00  0.50

 12  Hepati  36  2  80000  23097  201  22  41  2.44  3.81

 13  Horse  66  2  79965  24368  314  41  81  2.26  2.23

 14  Hypo  50  2  80000  32543  299  23  49  1.96  3.92

 15  Iono  314  2  34463  13710  682  238  405  1.49  1.04

 16  Led7all  15  10  1692  1389  691  70  72  1.08  0.06

 17  Lymp h  51  4  80000  18324  511  40  89  1.89  3.26

 18  Pima  18  2  1196  565  44  14  14  1.00  0.04

 19  Sick  109  2  80000  23538  456  35  73  1.65  2.69

 20  Sonar  82  2  80000  24005  1299  42  54  1.65  3.09

 2 1  T ic - tac  28  2  8315  2712  290  14  90  2.71  0.31

 22  Vehicle  68  4  80000  49538  3259  90  474  2.55  3.03

 23  Wavefor m  211  3  35888  30971  1835  174  293  1.67  0.58

 24  Wine  37  3  27143  15013  551  40  68  1.54  1.53

 25  Zoo  37  7  80000  59270  1159  59  204  2.05  4.56

 26  Disease  19  2  1622  462  35  13  13  1.00  0.07

 27  Profile  373  5  80000  29362  1229  77  217  2.28  4.97

 28  Quality  45  2  67841  29776  295  40  89  2.88  2.34

 29  Results  278  2  54481  16426  995  116  151  1.40  1.43

 30  T raffic  79  3  74610  5916  231  17  94  2.70  4.10

 Average  84  3  50545  20553  705  53  131  1.91  2.14

            minimum support = 2%; significance level = 95%:

                         Average  84  3  44280  23885  612  50  93  1.75  2.14

            minimum support = 1%; significance level = 90%:

                         Average  84  3  50545  23297  957  57  162  2.08  2.18

            minimum support = 2%; significance lev el = 90%:

                         Average  84  3  44280  25978  810  53  109  1.86  2.08

Column 3:  It shows the number of items (or values) in the target attribute of each data set.

Column 4:  It gives the number of large rules generated from each data set. We can see that

                         the number of large rules generated from an association rule miner is huge for each data

                         set. Almost half of the data sets cannot be completed even under the hard limit of 80,000.

Column 5:  It gives the number of positively correlated (PC) rules found in each data set. The

                         number is much smaller. However, on average, there are still more than 20,000 of them.

Column 6:  It gives the number of positively correlated (PC) rules after pruning. The number

                         is reduced drastically. More than 96% of the PC rules are pruned. However , on average,

                         the number of unpruned rules is still large, e.g., 705. Such a large number of rules are still

                         hard to be analyzed by a human user.

Column 7:  It gives the number of 1 - condition DS rules.

Column 8:  It gives the total number of DS rules found  in each data set. This number of DS

                         rules is manageable and can be analyzed manually. On average, only 131 rules are

                         actually DS rules. Many of them are 1 - condition DS rules.

Column 9:  It gives the average number of conditions in the DS rules. The DS rule s are

                         mostly short rules.

Column 10:  It gives the running time in second ( running on 512MB SPARC 2 ). This time

                         includes rule generation, pruning and finding direction setting rules. We can see that the

                         proposed technique is quite efficient. We could log a ny time for pruning and finding

                         direction setting rules only due to the efficiency.

From the summary of the other results (below Table 1), we make the following observation:

·
                         When minimum support increases, fewer DS rules are produced. When the significanc e

                         level is lowered (to 90%), more DS rules are produced. This is because pruning is less

                         stringent. However, the numbers of DS rules are still manageable. The running times are

                         similar because we have the hard limit.

7.2  Real - life applications

We have use d the proposed technique in two real - life applications: traffic accident
application and educational institution application. Both applications are confidential, hence
we cannot provide details. Below, we give a brief description of each. The applications use
the minimum support of 1% and the significance level of 95% for the

c
2

 test. In the traffic
accident application, our users are interested in those rules that show what kind of situations
are likely to result in serious injuries so that they can educat e the drivers and the pedestrians.

They are not interested in classifiers that can predict future cases. Thus association rule
mining is more appropriate. From the database, 74610 large rules were generated. Out of
these, 5916 of them are positive correlat ions. Our users were shocked and completely
overwhelmed. However, using our technique, we identified just 94 DS rules that summarize
all the underlying relationships of the data. When we showed the 94 DS rules to our users,
they were satisfied because the DS rules are exactly what they needed. They only wanted to
understand the key underlying regularities of the data for education purposes and were not so
concerned with the full details.

 The educational institution application is concerned with helping an educational
institution to find out more about a special programme that it offers. We were given the
examination results of those students selected to the special programme. The task is to profile
the students according to the examination results. The data  set (data set 27) has 373 attribute
values and 5 target items. From the database, 29362 positively correlated rules were
generated. After pruning, we are left with 1229 rules which are still too many to be analyzed
manually. However, the number of DS rule s is just 217. When we average this over the
number of target items, we have 43 rules on average to analyze for each target item. This is
certainly manageable. In fact, our users are very happy with the set of DS rules because the

DS rules are sufficient t o give them a good idea as to what combination of subjects do this
special programme students excel in and what combination of subjects do they perform not as
well. With this, they are able to focus more on the needs of their students and to provide extra
help sessions for the more difficult subjects.

8.  Conclusion

Data mining is to find patterns or regularities to summarize the data. If it also produces a
huge number of patterns, it will be of limited use because a human user does not have the
ability to analyze these patterns. However, if such a huge number of patterns do exist in the
data, it will not be appropriate to arbitrarily discard any of them or to generate only a small
subset of them. It is much more desirable if we can summarize them. This pape r proposes
such a technique. This technique first prunes off those rules that contain little extra
information as compared to their ancestors, and then identifies the direction setting rules to
give a global picture of the underlying relationships in the d omain. Although the number of
discovered associations can be very large, experimental results and real - life applications have
shown that the number of direction setting rules is typically very small and with very few
conditions. They can be manually inspec ted by a human user without too much effort.

 Finally, we believe that in general any data mining technique that may potentially
produce a large number of patterns should provide a technique to summarize the findings or
the generated patterns. In this way , the user will be able to obtain an overall picture of the
domain without being overwhelmed by a large number of detailed patterns. From this
summarized information, he/she can then find some interesting aspects to focus on. The
proposed technique represe nts a major step towards this direction.

References

[1]  Aggarwal, C., and Yu, P. "Online generation of association rules." ICDE - 98 , 402 - 411.

[2]  Agrawal, R., Imielinski, T., Swami, A. ^Mining association rules between sets of items

                                      in large databases.~ S IGMOD - 1993 , 1993, 207 - 216.

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

[4]  Baralis, E. and Psaila, G. ^Designing templates for mining association rules.~ Journal

                                      of Intelligent Information Systems , 9, 1997, 7 - 32 .

[5]  Bayardo, R., Agrawal, R, and Gunopulos, D. "Constraint - based rule mining in large,

                                      dense databases." To appear in ICDE - 99 , 1999.

[6]  Brin, S. Motwani, R. and Silverstein, R. ^Beyond market basket: generalizing

                                      association rules to correlations.~ SIG MOD - 97 , 1997, 265 - 276.

[7]  Fayyad, U. M. and Irani, K. B. 1993. Multi - interval discretization of continuous - valued

                                      attributes for classification learning. IJCAI - 93 , 1022 - 1027.

[8]  Han, J. and Fu, Y. ^Discovery of multiple - level association rules from larg e databases.~

                                      VLDB - 95 , 1995.

[9]  Klemetinen, M., Mannila,  H., Ronkainen, P.,  Toivonen, H., and Verkamo, A.I.

                                      ^Finding interesting rules from large sets of discovered association rules.~ CIKM - 1994.

[10]  Kohavi, R., John, G., Long, R., Manley, D., and Pfl eger, K. 1994. MLC++: a machine

                                      learning library in C++. Tools with artificial intelligence , 740 - 743.

[11]  Lent, B, Swami, A., and Widom, J. ^Clustering association rules.~ ICDE - 97 , 1997.

[12]  Liu, B., Hsu, W., and Chen, S. ^Using general impressions to a nalyze discovered

                                      classification rules.~ KDD - 97 , 1997, 31 - 36.

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

                                      KDD - 98 .

[14]  Liu, B., Hsu, W. and Ma, Y. ^Pruning and summarizing the discovered associations."

                                      KDD - 99, 1999.

[15]  Mannila, H., Toivonen, H. and Verkamo, A. I. ^Discovery of frequent episodes in

                                      sequence.~ Data Mining and Knowledge Discovery , 1(3): 259 - 289, 1997.

[16]  Mahta, M., Agrawal, R. and Rissanen, J. ^SLIQ: A fast scalable classifier for data

                                      min ing.~ Proc. of the fifth Int´l Conference on Extending Database Technology , 1996.

[17]  Merz, C. J, and Murphy, P. UCI repository of m a chine learning databases

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

[18]  Mills, F. Statistical Methods , Pit man, 1955.

[19]  Ng. R. T. Lakshmanan, L. Han, J. ^ Exploratory mining and pruning optimizations of

                                      constrained association rules.~ SIGMOD - 98 , 1998.

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

[21]  Padmanabhan, B. , and Tuzhilin, A. ^A belief - driven method for discovering unexpected

                                      patterns.~ KDD - 98 , 1998, 74 - 100.

[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

                                      discovery systems.~ IEEE Trans. on Know. and Data Eng.  8(6), 1996, 970 - 974.

[24]  Silverstein, C., Brin, S., Motiwani, R., and Ullman, J. ^Scalable techniques for mining

                                      causal structures.~ VLDB - 98 , 1998.

[25]  Srikant, R., Vu, Q. and Agrawal, R . ^Mining association rules with item constraints.~

                                      KDD - 97 , 1997, 67 - 73.

[26]  Toivonen, H. Klemetinen, M., Ronkainen, P., Hatonen, K., and Mannila,  H. ^Pruning

                                      and grouping discovered association rules.~ Mlnet Workshop on Statistics, Machine

                                      Learning, an d Discovery in Databases, 1995, 47 - 52.