Analyzing the Interestingness of Association Rules fromthe Temporal Dimension

Bing Liu, Yiming Ma

School of Computing

National University of Singapore

3 Science Drive 2, Singapore 117543

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

Ronnie Lee

Department of Stati stics and Applied Probability

National University of Singapore

3 Science Drive 2

Singapore 117543

Abstract

Rule discoveryis one of the central tasks of data mining.

Existing research has produced manyalgorithms for the purpose. These algorithms, however, often generate too many rules. In the past few years, rule interestingness techniques were proposed to help the user find interesting rules. These techniques typicallyemploythe dataset as a whole to mine rules, and then filter and/or rank the discov ered rules in various ways. In this paper, we argue that this is insufficient. These techniques are unable to answer a question that is of critical importance to the application of rules, i.e., can the rules be trusted? In practice, the users are always concerned with the question. Theywant to know whether the rules indeed represent some true and stable (or reliable) underlying relationships in the domain. If a rule is not stable, does it show anysystematic pattern such as a trend? Before anyrule can be used, these questions must be answered. This paper proposes a technique to use statistical methods to analyze rules fromthe temporal dimension to answer these questions. Experimental results show that the proposed technique is veryeffective.

6. Introduction

T he objective of data mining is to find interesting/useful knowledge for the user. Rules are an important formof knowledge. Existing research has produced many algorithms for rule mining. T hese techniques, however, often generate too manyrules, and most of the rules are of no use to the user [22, 23, 15]. In the past fewyears, a number of rule interestingness techniques were proposed to deal with the problem[12, 13, 14, 15, 21, 22, 23, 4, 16,

24, 25, 28]. T heytypicallyuse the whole dataset to mine rules and then filter and/or rank the discovered rules in various ways to help the user identifyinteresting/useful ones. T hese techniques, however, have a major shortcoming. T heyare unable to answer a question that is crucial to the application of rules, i .e., can the rules be trusted or will the rules hold in the future? A rule has no use if it does not hold in the future or is not predictive.

In this paper, we argue that an important aspect of the rules has not been studied, i.e., the temporal aspect.

Analyzing rules fromthe temporal dimension is important

for real - life applications. In the past fewyears, we used a number of interestingness techniques to help our users find interesting rules [13, 14, 15]. Although these techniques helped a great deal, ou r users often still felt uncomfortable. T he reason is that the users are concerned with the reliabilityof the rules. T heywant to know whether the rules will hold in the future, i.e., whether the rules indeed represent some stable (or reliable) underlying relationships in the domain. If a rule is not stable, does it showanysystematic trend? T he inabilityof the existing approaches to answer these questions lies with the fact that theydo not studythe dynamic behavior of rules. In this research, we analy ze the interestingness of rules fromthe temporal dimension to solve the problem. T his approach makes sense as most datasets are collected over time and represent the behaviors of the application domains in different time periods.

In this research, we focus on analyzing association rules. Association rule mining is commonlystated as follows [3]: Let I = { i

1

, �, i n

} be a set of items , and D be a set of data tuples (records). Each data tuple consists of a subset of items in I . An association rule is an impl ication of the form X ® Y , where X Ì I , Y Ì I , and X Ç Y = Æ .

T he rule X ® Y holds in D with confidence c if c % of data tuples in D that support X also support Y . T he rule has support s in D if s % of data tuples in D contains X È

Y . Given a set of data tuples D (the database), the problemof mining association rules is to discover all rules that have support and confidence greater than or equal to the user - specified minimumsupport (called minsup ) and minimumconfidence (called minconf ).

T his paper present s a set of statistical methods to analyze the behavior of rules over time. T he basic idea is as follows: T he dataset is first partitioned into a few blocks or sub - datasets corresponding to the time periods

(e.g., years, months or weeks) in which theywere collected. T he granularityof the time period is application dependent. We then mine rules fromeach block. Since the amount of data available is usuallylarge, the partitioning does not lose significance of the rules discovered. After all the rules are fo und, we analyze the supports and confidences of the rules in these time periods, which allowus to answer the above questions and to find various types of important rules, e.g.,

· Stable rules: T hese rules do not change a great deal over time. Stable rules are more reliable and can be trusted. T hat is, theycan be safelyused in real - world performance tasks.

· T rend rules: T hese rules indicate some underlying systematic trends. If the trend rules are known, the user can take necessaryactions to exploit desir able trends, and to reverse/delayundesirable trends.

Our experiments and practical applications showthat the proposed technique is veryeffective. T esting on unseen future data confirms that the stable rules and the trend rules identified byour method are indeed reliable. Our experiments also indicate that although the number of rules generated fromthe data can be large, the number of stable rules and those rules that showsome trends is actuallyquite small. It is possible to manuallyinspect themto identifythose trulyuseful/actionable ones.

2. Related Work

Existing research on rule interestingness focuses on a few directions, namely, template matching, unexpected rule identification, rule summarization and organization. We discuss thembelowin turn.

[12] proposes a template - based approach for finding interesting rules. T his approach first asks the user to specifywhat rules he/she wants. T he systemthen finds those matching rules.

[15, 23, 21] propose to used user expectations or beliefs to help him/her find unexpected rules. In this approach, the user first input his/her existing knowledge about the domain, and the systemthen finds those conforming and unexpected rules.

[14] presents a technique to summarize the discovered association rules using a small subset of the rules. [13] presents a technique to organize the discovered rules in such a waythat theycan be easilybrowsed bythe user.

[4, 25, 18, 10] report a number of methods for ranking the discovered rules using some statistical inter estingness measures.

All these techniques are different fromour work as none of themanalyzes rules over time. T hus, theyare unable to answer the rule stabilityor reliabilityquestion.

[2] proposes to mine and to monitor rules in different time periods. T he discovered rules fromdifferent time periods are collected into a rule base. Ups and downs in support or confidence over time (called history) are represented and defined using shape operators. T he user can then querythe rule base byspecifying som e history specifications. T his is related to our work. However, there is a major difference. We analyze rules generated over

different time periods using statistical tests rather than simplymatching user specifications. Byusing statistical tests, we can formallyanalyze the significance of ups and downs of support and confidence. User specifications lack statistical foundation. One will not know whether the changes are significant and worth investigating.

[6] presents a framework for measuring changes in two models. T he difference between the two models (e.g., two sets of itemsets, one generated fromdataset D

1

and one generated fromdataset D

2

) is quantified as the amount of work (e.g., difference in supports) required to transform one model into the other. In a related work, [5] finds the support differences of association rules mined fromtwo datasets and uses the differences to detect emerging patterns. T hese are different fromour work as we analyze rules over a number of time periods, while [6, 5] on ly compare the supports/confidences of rules fromtwo periods. Our method uses statistical methods to identify significant changes, trends and stable rules. Both [6, 5] do not performthese tasks.

3. Basic Steps of the Proposed Approach

T his section gives an overviewof the proposed approach, which consists of 3 steps:

1. Partitioning the dataset : T he original dataset D is first partitioned verticallyinto a number of blocks (or sub - datasets) D

1

, D

2

, �, D q

according to the time periods, T

1

, T

2

, �, T q

, in whi ch theywere collected, e.g., years or months.

2. M ining rules fromsub - datasets : We then mine rules fromeach sub - dataset D i

. Let the set of rules mined from D i

be R i

. T he set R of rules that will be analyzed in the third step belowis defined as follows:

R = { r | r Î ( R

1

È R

2

� È R q

)}

T his means that if a rule appears in anyrule set R i

it is considered a potentiallyinteresting rule. T he reason that we consider all such rules will be clear later.

Clearly, a rule r in R mayappear in R i

but not in R j

( i ¹ j ) because r maynot satisfyminsup and/or minconf in D j

. For our analysis later, we need the supports and confidences of everyrule in R in all time periods (or all D i

). T hus, the missing support and confidence information in certain time periods for each rule needs to be obtained. T his can be done quite easily. We can first mine rules fromeach sub - dataset

D i

to produce R . We then scan the data D once to obtain all the missing supports and confidences.

Note that in rule mining, pruning is also per formed to remove those insignificant rules. We use the technique given in [14].

3. Analyzing rules over time: After all the necessary information about supports and confidences of each rule r in R in all time periods is obtained, we analyze the rules to give the user different types of interesting rules. A number of rankings of rules according to different statistical measures are performed to enable the user to viewthose most interesting rules first.

In the next section, we discuss step 3, which is the foc us of this paper. Step 1 and 2 will not be discussed further as theyare fairlystraightforward.

4. Analyzing Rules Over Time

We nowpresent a number of statistical tests to analyze the discovered rules in R fromdifferent perspectives. We assume that the confidence value (denoted by conf i

) and the support value (denoted by sup i

) of each rule in R in each time period T i

has been obtained bya mining algorithm. Our analysis aims to identify:

· semi - stable rules

· stable rules

· rules that exhibit trends.

Note that the statistical tests presented here are byno means the onlytests that can be performed on rules. In fact, manyother tests mayalso be used for various purposes. We also point out that the kinds of datasets, and the problems, dealt with here are different fromtime series data. In the latter, a given population is tracked over time. For our case, although the behavior of rules over time is of interest, each time period typically corresponds to a different population.

4.1 Semi - stable rules

Intuitive ly, a rule r in R is a semi - stable rule if none of its confidences (or supports) in the time periods, T

1

, T

2

, �,

T q

, is statisticallybelowminconf (or minsup). If some observed confidence conf i

(or support sup i

) of the rule is less than minconf (or minsup), it maybe due to chance.

Semi - stable rules are in contrast with stable rules which have more stringent conditions (see the next sub - section).

Definition (semi - stable confidence rules): Let minsup and minconf be the minimumsupport and the minimum con fidence, conf

D

and sup

D

be the actual support and the actual confidence of a rule r obtained fromthe whole dataset D , conf i

be the actual confidence of the rule in the time period T i

, and

a be a specified

significance level. T he rule r is a semi - stable

confidence rule over the time periods, T

1

, T

2

, �, T

q

, if

the following two conditions are met:

1. sup

D

³ minsup and conf

D

³ minconf.

2. For each time period (or sub - dataset), we fail to

reject the following null hypothesis at the

significance level a :

H

0

: conf

i

³ minconf

Note that the first condition is to ensure that the rule r

satisfies the user specified minsup and minconf thresholds in the whole dataset. T o test the hypothesis in the second

condition, we can use the statistical test on a single

proportion [26, 17].

Test statistic

Consider testing the following null hypothesis ( H

0

)

against the alternative hypothesis ( H

1

):

H

0

: p ³ p

0

H

1

: p < p

0

where p

0 is the given proportion. T he test statistic z

(with standard normal distribution) for the sample

p roportion, , is:

where n is the sample size. If z is less than its critical

value at the significance level a , we reject the null

hypothesis. In our case, p

0 is minconf and is conf

i

.

Example 1: Assume in a mining session we set minconf

to 50%. T here is a time period T

i in which the

confidence conf

i of a rule, A ® B , is 45%. T here are

300 data tuples that satisfythe condition A , and out of

these 300 tuples 135 tuples also satisfythe consequent

B (i.e., conf

i

=135/300 = 45%). T he question is wh ether

conf

i is statisticallybelow50%.

We solve the problemas follows: Fromthe problem

description, we obtain the population size n = 300, =

45% and p

0

= 50%. We use a = 5%. T he null and

alternative hypotheses are:

H

0

: p ³ 0.50

H

1

: p < 0.50

T he critical value for z is - 1.65 at a = 5%, which can

be obtained fromstatistical tables. Let us compute z ,

T he observed value of the test statistic z = - 1.73,

which is less than the critical value of z = - 1.65.

T herefore, we reject H

0

, and accept th e alternative

hypothesis H

1

. In other words, the difference between

the sample proportion and the hypothesized value of the

population proportion is large and this difference is

unlikelyto have occurred due to chance alone.

We nowdefine semi - stable support rules .

Definition (semi - stable support rules): Let minsup and

minconf be the minimumsupport and the minimum

confidence, conf

D and sup

D be the actual support and

the actual confidence of a rule r obtained fromthe

whole dataset D , sup

i be the actual s upport of the rule in

the time period T

i

, and a be a specified significance

level. T he rule r is a semi - stable support rule over the

73 . 1

0.0288675

5 . 0 45 . 0

�

0

�

-

-

= =

-

= p

p p z s

p�

0.0288675

300

5 . 0 * 5 . 0 ) 1 (

0 0

�

= =

-

= n

p p p

s

p� p

p p z

�

0

� s

-

= p �

n

p p p

) 1 (

0 0

�

-

= s time periods, T

1

, T

2

, �, T q

, if the following two conditions are met.

1. sup

D

³ minsup and conf

D

³ minconf.

2. For each time period (or sub - dataset), we fail to reject the following null hypothesis at the significance level a :

H

0

: sup i

³ minsup

Here, again we can use the statistical test on a single proportion to test the null hypothesis.

Computation complexity: Let the num ber of rules in R be | R |, and the number of time periods be q . T he complexityof semi - stabilitytest is O ( q | R |). Since q is normallyverysmall, and | R |is verylarge (in thousands or more), the computation is thus linear in | R |.

4.2 Stable rules

A semi - stable rule onlyrequires that its confidences (or supports) over time are not statisticallybelowminconf (or minsup). However, the confidences (or supports) of the rule mayvarya great deal. Hence, the behavior can be unpredictable. In practice, the use r often wants rules that are stable over time, i.e., with predictable behaviors. We call such rules stable rules . Intuitively, a stable rule is a semi - stable rule and its confidences (or supports) over time do not varya great deal, i.e., theyare homogeneous.

Since both confidence and support are population proportions, we need a statistical test for population proportions. T he Chi - square test [26, 17] is a popular choice for testing homogeneityof multiple proportions.

Definition (stable confidence rules) : Let minsup and minconf be the minimumsupport and minimum confidence, conf i

be the actual confidence of a rule in the time period T i

, and a be a specified significance level. T he rule r in R is a stable confidence rule over the time periods, T

1

, T

2

, �, T q

, if the following two conditions are met:

1. r is a semi - stable confidence rule.

2. We fail to reject the following hypothesis at the significance level a :

H

0

: conf

1

= conf

2

= �= conf q

Test of homogeneity: A test of homogeneityinvolves testing the null hypothesis ( H

0

) that the proportions, p

1

, p

2

, �, p k

, in two or more different populations are the same against the alternative hypothesis ( H

1

) that these proportions are not the same. T hat is,

H

0

: p

1

= p

2

= �= p k

H

1

: the population proportions are not all equal.

We assume that the data consists of independent random samples of size n

1

, n

2

, �, n k

from k populations. T he data is arranged in a 2 ´ k contingencytable (Figure 1). T he numbers x

1

, x

2

, �, x k

, n

1

- x

1

, n

2

- x

2

, �, n k

- x k

listed inside

the 2 k ce lls are called observed frequencies of the respective cells.

Let O be an observed frequency, and E be an expected or theoretical frequencyfor a cell in the above table. T he statistic defined as has a c 2 distribution with df = ( Row ˘ 1)( Column ˘ 1) degrees of freedom, where Row and Column are the number of rows and the number of columns, respectively, in the given contingency table.

Under the null hypothesis in a test of homogeneity, we would expect the frequency E (expected frequency) for a cell to be as follows [26, 17]:

T hus, c 2 represents a normalized deviation from expectation. If all values were reallyhomogeneous, the c 2 value would be 0. If it is higher than a threshold value

(5.99, at the 5% significant level and two degrees of freedom) we reject H

0

. Note that the threshold value for anygiven significance level can be obtained fromwidely available tables for Chi - square distributio n.

Example 2 : In an application, we have three years of data with 30000 tuples. T he data is partitioned into three sub - datasets according to years. We want to analyze a particular rule r , A ® B , found in the dataset. T he confidences of r in different time periods are:

T

1

(year 1): confidence

1

= 70% (= 450/680)

T

2

(year 2): confidence

2

= 80% (= 400/500)

T

3

(year 3): confidence

3

= 58% (= 420/720)

Note that the confidence of r in D i

is computed using the support counts of A and A Ù B in D i

. T hese support counts are given in parentheses next to each confidence value. We want to test the null hypothesis that the confidences of r over the 3 time periods are the same using the significance level a = 5%.

T he confidence information (using the support counts) can be presented in a 2x3 contingencytable

(Figure 2) containing 6 cells. T he expected frequencies are included in parentheses next to the observed frequencies within the corresponding cells.

For the values in the table of Figure 2, the value for the

Sample

1 2 � k

Successes x

1

x

2

� x k

Failures n

1

- x

1

n

1

- x

2

� n

1

- x k

Figure 1: A 2 ´ k contingencytable size

Sample

) al Column tot )( total Row (

= E

å -

=

E

E O ) (

2

2 c test statistic c 2 is 62.7 1 . If we use the significance level of

5%, the critical value for c 2 is 5.99 with 2 degree of freedom(df = (2 - 1)(3 - 1) = 2). T he observed c 2 value is much larger than the critical value. T hus, we reject the null hypothesis, and conclude that the confidences of the rule over the three time periods are significantlydifferent.

T he above example tests the homogeneityof confidences of a rule over time. We can also use the same method to test the supports of a rule.

Definition (stable support rules): Let minsup and minconf be the minimumsupport and minimumconfidence, sup i be the actual support of a rule r in R in the time period

T i

, and a be a specified significance level. T he rule r is a stable support rule over the time periods, T

1

, T

2

, �,

T q

, if the fol lowing two conditions are met:

1. r is a semi - stable support rule.

2. We fail to reject the following hypothesis at the significance level a :

H

0

: sup

1

= sup

2

= �= sup q

After a set of stable (confidence or support) rules are found, ranking can be performed according to the mean confidence or the mean support of each rule over time.

T his ranking allows the user to see rules that have higher average confidences or supports first.

Computation complexity (without considering the final ranking): Since the number o f cells in a contingencytable is 2 q , the computation complexityof stabilitytest is O ( q | R |). Since q is small and | R |is very large, the computation is linear in | R |.

4.3 Rules that exhibit trends

In manyapplications, users are interested in knowing whether changes in support or confidence of a rule over time are randomor there is an underlying trend. A statistical test called the run test [11] is often used to test whether a sequence of data is froma randomprocess or exhibits trend. Below, we give a brief description of the run test in our application context.

Assume we have a rule that has the following confidences for T

1

, �, T

6

.

1 One ofthe main assumptions ofthe c 2 test is that the expected frequencies are n ot be too small [8]. The rule ofthumb is that the c 2 test is appropriate only when no expected frequency is less than 5. This seldomhappens in our case as we normally deal with large datasets. When an expected frequency is below 5, extensions ofthe Fisher´s exact test may be used, which, however, is quite cumbersome and not popular [8]. In our application, we find that for stability test the user is willing to give a range such that ifthe confidences or supports are within the range, the rule is conside red stable.

T ime confidence change

T

1

70%

T

2

75% +

T

3

79% + Run 1

T

4

82% +

T

5

78% - Run 2

T

6

81% + Run 3

T he direction of change in successive observations is shown byplus and minus signs. A run is a succession of plus or minus signs, surrounded bythe opposite sign. If we read fromtop to bottom, we would saythat we have a run of three + s, followed bya run of one - , a nd followed bya run of one + . In our example, there are 3 runs: one run of length three and two runs of length one.

T he above sequence maysuggest a trend toward increasing values of confidence. T hat is, these values of confidence maynot reasonablybe looked upon as being the items of a randomsample.

T he exact run test for trends is based on the probabilitydensityfunction (p.d.f) of W , the number of runs in a combined ordered sample consisting of two types of items, X and Y , say. Let m be the number of X items, and n be the number of Y items. T hen as shown in

[11], the p.d.f of W is given by:

when W is odd:

when W is even:

where 2 k and 2 k +1 are elements that belong to the space of W , and k is a positive integer. When k = 0 (i.e., W = 1), we need special treatment. T here are two cases:

1 If m = 0 or n = 0, Pr( W = 1) = 1. T hat is, if m = 0 or n

= 0, one run is the onlypossibility. T his case clearly indicates a trend.

2 If m ¹ 0 and n ¹ 0, Pr( W = 1) = 0. T hat is, if m ¹ 0 and n ¹ 0, it is not possib le to be one run.

We are interested in testing:

H

0

: sequence generated bya randomprocess

H

1

: sequence exhibits trend

T he critical region of this test is of the form W £ v . v is determined bycomputing a = Pr( W £ v ; H

0

), where a is the significance level (normally5% or 10%). Let W

0 denote the observed number of runs (e.g., in our above

T

1

T

2

T

3

Col. Total satisfyA Ù B 450 (454.5) 400 (334.2) 420 (481.3) 1270 satisfyA Ù Ø B 230 (225.5) 100 (165.8) 300 (238.7) 630

Row total (satisfyA) 680 500 720 1900

Figure 2: T he 2x3 contingencytable of confidences

÷ ø

ö ç è

æ þ

ý

ü î

í

ì

÷ ø

ö ç è

æ

÷ ø

ö ç è

æ

÷ ø

ö ç è

æ

÷ ø

ö ç è

æ + -

-

-

+

-

- -

= + = m

n m k

n k

m k

n k

m k W

1

1

1

1

1 1

) 1 2 Pr(

÷ ø

ö ç è

æ

÷ ø

ö ç è

æ

÷ ø

ö ç è

æ +

-

-

-

-

= = m

n m k

n k

m k W

1

1

1

1

) 2 Pr( example, W

0

= 3). If W

0

is greater than v , we fail to reject the null hypothesis. In the computation, we do not need to find the value of v . We can simplydo the followi ng: We compute P = Pr( W = 1) + Pr( W = 2) + �+ Pr( W = W

0

). If

P £ a , we reject H

0

, and accept the alternative hypothesis

H

1

: sequence exhibits trend .

When m and n are small, it is easyto compute the probability. When theyare large, the distribution of W can be approximated bya normal distribution [11] with mean and variance

We can then use the standard normal approximation to test our hypothesis:

T he run test above finds those rules that exhibit trends.

However, it does not tell the types of t rends. We rank the rules according to the number of +s in each of themto show whether a rule is more likelyto have an upward or a downward trend. T hus, the rules on the top are more likelyto showupward trends, while the rules at the bottomare more likelyto showdownward trends.

Computation complexity (without considering the final ranking): Since ^ m (or n ) choose k ~ and finding the numbers m and n can be done in linear time (in q ), the complexityof the trend analysis is O ( qW

0

| R |). S ince both q and W

0

( W

0

£ q ) are small, the whole computation is linear in | R |. When q is large (more than 20 [11]), we can use the normal approximation. T hen, the complexity becomes O ( q | R |) as z can be computed in O (1).

5. Evaluation

We nowreport our experiment results. T he objective is to showthe effectiveness and efficiencyof the proposed technique. We used 4 real life datasets, one froma vehicle insurance company, one froman education institution, and two fromanother education institution. We did not use public domai n datasets such as those in UCI machine learning repository[19] because most of these datasets are not time or sequence related. For those datasets that have sequence, we do not understand themand thus do not knowhowto partition themmeaningfully.

a. Finding dif f erent types of rules

T able 1 (next page) shows the datasets and the results of rule generation and statistical tests. Column 1 gives the name of each dataset. Column 2 gives the number of tuples in each dataset. Column 3 shows the number of partit ions of each dataset. In our case, each partition contains one year of data. Column 4 gives the number of

rules generated fromall partitions or blocks, i.e., the size of R . Column 5 gives the number of rules generated from the original dataset D . Note that the minsup and minconf values were suggested byour users.

Fromcolumn 4 and 5, we can see that the number of rules generated fromeach dataset is verylarge. Column 6 gives the number of rules left after pruning fromall partitions or blocks. Column 7 gives the number of rules after pruning for the whole dataset D (we used the pruning method in [14]). Fromcolumn 6 and 7, we observe that the number of rules after pruning is substantiallysmaller for each data. Column 8 gives the execution time (in seconds) for rule generation. Column 9 gives the execution time for statistical tests (running on PentiumII

350 with 128MB RAM). We see that statistical tests can be done veryefficiently.

T he following two tables (T able 2 and 3) showthe statistical test res ults 2 . We used the significance level of

5% (a commonlyused level [26, 17]) in all our statistical tests. In column 2 of both T able 2 and T able 3, we reproduce the number of rules to be analyzed for each dataset, which is shown in column 6 of T able 1. T able 2 gives the results of the analysis on rule confidence. We observe that although the number of discovered rules from each dataset is large, the number of stable confidence rules (column 3) and the number of rules that exhibit trends (column 5) are actu allyquite small. Column 4 gives the number of semi - stable rules (which does not include the stable rules). We observe that the education domains are quite stable as most of the rules are either stable or semi - stable. T he insurance domain is, however, much more volatile. A large majorityof rules are unstable. Rule support analysis given in T able 3 shows similar results. Since the number of stable rules and trend rules are not that large, manual analysis is possible.

5.2 Accuracy tests

T he main aimof our technique is to find rules that can be trusted and used in the future. T hus, we need to see whether the stable rules identified will still be stable and trend rules will still maintain their trends in the future. For these experiments, we make use of unseen test sets. Since we partition each dataset into q blocks, we use the first q -

1 blocks to find stable rules, semi - stable rules and trend rules. We then test themon the unseen q th block.

For comparison, we use mean squared error and mean absolute error to evaluate stable rules, semi - stable rules and the rest of the rules (called unstable rules ). We will use the mean (expected) confidence (or support) of each

2 In Chi - square test, it is assumed that the populations are independent. For the 3 education datasets, this is true as the data fromdifferent years represent different student populations. In the insurance case, the dataset records those insurers who had accidents and made claims. It is also reasonable to assume that the data fromdifferent years are independent.

1

) 2 )( 1 (

2

- +

- -

= n m

m m s s

m -

=

W z

1 2 +

+

= n m

mn m rule over the q - 1 time periods as the predicted confidence

(or support) of the rule in the new( q th block) data. We want to see the error produced byeach type of rules on the test data. Mean squared error (MSE) and mean absolute error (MAE) are commonlyused in statistics to evaluate model accuracy. T heyare defined as follows:

where Y i

is the confidence (or support) of a rule in the newdata, and is the estimated confidence (or support) of the rule, which is the mean value of the confidences (or supports) of the rule in the q - 1 blocks. S is the total number of rules tested.

T able 4 and 5 showthe accuracyresults on confidence and support respectively. We discuss T able 4 first.

Column 2 of T able 4 gives the percentage of stable confidence rules that remain stable after considering the q th block (the final year) of data. T hat is, our statistical tests nowconsider one more year. In the case of insurance data, 96.4% of stable rules remain stable. 2.4% of the

stable rules become semi - stable. For the other three datasets, the percentages of stable rules remaining stable are slightlysmaller, but are st ill verylarge. We believe the reason is that these datasets are smaller and thus tend to have bigger variations over time. However, the remaining rules are almost all semi - stable. Column 4 shows that almost all semi - stable confidence rules are still semi - stable after the q th block is considered (note that the semi - stable rules here do not include stable rules). Column 5 shows that most trend rules still exhibit trends. T he proportions are slightlyless than those for stable rules and semi - stable rules beca use the number ( q ) of time periods in our experiments is small and thus the trend test is less stable. Column 6, 7 and 8 showthe mean squared errors for each dataset when we use the mean confidences of stable rules, semi - stable rules and unstable rules to predict the confidences of these rules on the q th data block respectively. Column 9, 10, and 11 give the respective mean absolute errors for each dataset. We can see that stable rules commit least error. T he error of unstable rules can be verylarge. For example, in the case of Edu1, for

T able 1: Applicati on datasets and the generated rules

1 2 3 4 5 6 7 8 9 t u p l e s b l o c k s

r u l e s i n a l l b l o c k s r u l e s i n D

r u l e s i n a l l b l o c k s

( a f t . p r n )

r u l e s i n D

( a f t . p r n . )

r u l e g e n .

( s e c . )

a n a l y s i s

( s e c . )

I n s u r 1 5 8 1 5 1 7 8 1 4 6 3 2 0 1 7 7 5 0 2 6 3 7 9 7 8 0 . 5 2 9 . 3 4

E d u 1 4 7 8 0 5 4 6 4 2 8 2 1 5 1 6 2 7 4 3 2 7 4 3 7 . 2 8 7 . 3 6

E d u 2 - 1 6 5 4 0 5 4 6 0 6 2 7 7 6 1 0 7 5 1 0 5 7 2 . 7 4 0 . 6 1

E d u 2 - 2 5 3 2 0 5 1 1 7 2 2 8 5 3 1 1 1 7 7 1 1 7 4 5 . 7 6 1 . 4 3

T able 2: Analysis on rule confidences T able 3: Analysis on rule supports

1 2 3 4 5 1 2 3 4 5

C O N F a l l r u l e s s t a b l e

s e m i - s t a b l e t r e n d S U P a l l r u l e s s t a b l e

s e m i - s t a b l e t r e n d

I n s u r 5 0 2 6 2 5 2 1 3 2 2 1 3 I n s u r 5 0 2 6 2 0 2 0 2 2 3

E d u 1 2 7 4 3 2 0 9 1 9 1 9 3 5 E d u 1 2 7 4 3 4 9 4 7 8 2 1 6 6

E d u 2 - 1 1 0 7 5 2 1 5 6 0 3 5 2 E d u 2 - 1 1 0 7 5 3 1 4 2 3 9 8 6

E d u 2 - 2 1 1 7 7 4 3 3 6 2 6 1 0 E d u 2 - 2 1 1 7 7 2 5 7 2 4 1 6 2

T able 4: Accuracyresults on confidence analysis

1 2 3 4 5 6 7 8 9 1 0 1 1 s e m i s t a b le t r e n d s t a b le s e m i- s t a b le s e m i- s t a b le t r e n d s t a b le s e m i- s t a b le u n st a b le s t a b le s e m i- s t a b le u n st a b le

In s ur 9 6 .4 % 2 .4 % 9 1 .1 5% 7 3 .7 % 0 .0 0 04 0 .0 0 06 0 0 .0 0 68 4 0 .0 0 8 0 .0 1 5 0 .0 6 2

E d u 1 6 7 .0 % 3 3 .0 % 9 8 .6 8% 5 4 .2 % 0 .0 0 21 0 .0 0 64 1 0 .0 4 27 3 0 .0 3 5 0 .0 5 9 0 .1 6 8

E d u 2 -1 7 2 .6 % 2 6 .1 % 9 1 .6 9% 6 1 .2 % 0 .0 1 62 0 .0 3 49 0 0 .0 6 42 3 0 .0 6 4 0 .1 1 9 0 .1 7 7

E d u 2 -2 6 9 .5 % 2 9 .8 % 9 6 .6 0% 8 8 .6 % 0 .0 0 71 0 .0 0 77 0 0 .0 2 10 2 0 .0 6 6 0 .0 6 7 0 .0 9 6

C O N F

M S E M AE s t a b le

T able 5: Accuracyresults on support analysis

1 2 3 4 5 6 7 8 9 10 11 semi stab le trend stable semi-stab le semi-stab le trend stable semi-stab le u n stab le stable semi-stab le u n stab le

Ins ur 100.0% 0.0% 100.0% 84.1% 0.00000 0.00000 0.00002 0.0001 0.0002 0.002

Edu1 99.0% 0.2% 86.4% 50.8% 0.00011 0.00089 0.00236 0.0080 0.0230 0.039

Edu2-1 99.7% 0.3% 84.4% 62.3% 0.00006 0.00017 0.00011 0.0060 0.0100 0.011

Edu2-2 98.1% 0.8% 79.5% 51.8% 0.00011 0.00020 0.00028 0.0080 0.0110 0.012

S UP

M SE M AE stable

i

Y �

2 ) � (

S

Y Y

MSE i i

å -

=

S

Y Y

MAE i i

| � |

å -

= unstable confidence rules, the error in confidence on the q th block is 16.8% on average, while the error in confidence for stable confidence rules is only3.5%. T he errors with the insurance data are smaller because this dataset is large and thus the variance is small. Note that the MSE and MAE values are not computed for trend rules, as it is not reasonable to use the mean confidence as the predicted confidence in the next time period due to the trend. Our trend test is ma inlyto give the user an indication that trends exist rather than predict the confidence of the rule in the future, for which we need a larger sample (large q ) and further statistical analysis.

T able 5 gives the corresponding results on the analysis of supports. Fromcolumn 2 and 3, we see that almost all stable support rules are still stable. A large majorityof semi - stable support rules are also still semi - stable

(column 4). Column 5 shows that most trend rules still exhibit trends. Fromcolumn 6 - 11, we observe that the stable support rules commit least error. T he results from both T able 4 and 5 confirmthat stable rules and trend rules identified byour technique are indeed reliable, and can be trusted in the future.

6. Conclusions

Association mining is an important data mining task. Its application is, however, hampered bythe fact that it often generates a large number of rules. In this paper, we argue that the large number of rules is onlypart of the problem.

Lack of systematic analysis procedures t o help the user understand the behavior of rules is also a major issue.

Without understanding the behavior of a rule over time, the rule cannot be used in practice. T his paper presented a number of statistical tests to analyze the behavior of rules.

Using these tests, we are able to identifystable rules and trend rules, and at the same time remove those unreliable

(unstable) rules. Experiment results showed that the proposed technique is veryeffective and efficient.

References

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

[2]. Agrawal, R. and Psaila, G. "Active data mining."

KDD - 95 , 1995.

[3]. Agrawal, R. and Srikant, R. ^Fast algorithms for mining association rules.~ VLDB - 94 , 1994.

[4]. Bayardo, R. and Agrawal, R. "Mining the most interesting rules" KDD - 99 , 1999.

[5]. Dong, G. and J. Li. ^Efficient mining of emerging patterns: discovering trends and differences.~ KDD -

99 , 1999.

[6]. Ganti, V., Gehrke, J., and Ramakrishnan, R. "A framework for measuring changes in data characteristics" PO PS - 99 .

[7]. Ganti, V. Gehrke, J. and Ramakrishnan, R.

^DEMON: Mining and Monitoring Evolving Data.~

ICDE - 2000 .

[8]. Hamilton, L. C. Modern data analysis: a first course in applied statistics , Brooks/Cole, 1990.

[9].

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

[10]. Hilderman, R. and Hamilton, H. "Principles for

Mining Summaries Using Objective Measures of

Interestingness." ICTAI - 00 , 2000.

[11]. Hogg, R. & Craig, A. Introduction to mathematical statistics . Macmillan Publishing, 1970.

[12]. Klemetinen, M., Mannila, H., Ronkainen, P.,

T oivonen, H., and Verkamo, A.I. ^Finding interesting rules fromlarge sets of discovered association rules.~ CIKM - 94 , 1994.

[13]. Liu, B., Hu, M. and Hsu, W. ^Multi - level organization and summarization of the discovered rules.~ KDD - 2000 .

[14]. Liu, B. Hsu, W. and Ma, Y. ^Pruning and summarizing the discovered associations.~ KDD - 99 .

[15]. Liu, B., Hsu, W. Mun, L. and Lee, H. ^Finding interesting patterns using user expectations.~ IEEE

Trans. on Knowl. &Data Eng , vol: 11(6), 1999.

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

[17]. Mann, P. S. Introductory statistics . John Wiley&

Sons, 1998.

[18]. Megiddo, M. and Srikant, R. ^Discovering predictive association rules.~ KDD - 98 , 1998.

[19]. Merz, C. J, and Murphy, P. UCI repositoryof machine learning databases, 1996.

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

[20]. Ng, R., Lakshmanan, L. Han, J. ^Exploratory mining and pruning optimizations of constrained association rules.~ SIGMOD - 98 , 1998.

[21]. Padmanabhan, B., and T uzhilin, A. ^A belief - driven method for discovering unexpected patterns.~

KDD - 98 , 1998.

[22]. Piatesky - Shapiro, G., and Matheus, C. ^T he interestingness of deviations.~ KDD - 94 , 1994.

[23]. Silberschatz, A., and T uzhilin, A. ^What makes patterns interesting in knowledge discovery systems.~ IEEE Trans. on Know. and Data Eng.

8(6), 1996, pp. 970 - 974.

[24]. Suzuki, E. ^Autonomous discoveryof reliable exception rules.~ KDD - 97 , 1997.

[25]. T an, P - N. and Kumar, V. ^Interestingness measures for associat ion patterns: a perspective.~ KDD - 2000

Workshop on Post - processing in Machine Learning and Data Mining , 2000.

[26]. Walpole, R & Myers, R. Probability and statistics for engineers and scientists . Prentice Hall, 1993.

[27]. Zaki, M. ^Generating non - redundant association rules.~ KDD - 2000 , 2000.

[28]. Zhong, N., Ohshima, M., & Ohsuga, S. ^Peculiarity

Oriented Mining and Its Application for Knowledge

Discoveryin Amino - acid Data.~ PAKDD - 2001 .