Classification Using Association Rules: Weaknesses and Enhancements

Bing Liu, Yiming Ma, and Ching - Kian Wong

Key w ords : Classification, association rules, combining multiple models

Abstract : Existing classification and rule learning algori thms in machine learning mainlyuse he u ristic/greedy search to find a subset o f regularities (e.g., a decision tree or a set o f rules) in data for classification. In the past few years, extensive research was done in the dat a base communityon learning rule s using exhaustive search under the name of association rule mining. The objective there is to find all rules in data that satisfythe user - specified minimu msupport and minimu m confidence. Although the whole set of rules maynot be used directlyfor accur ate classification, effective and efficient classifiers have been built using the rules. This paper aims to improve such an exhaustive search based classific a tion systemCBA ( Classification Based on Associations ). The main strength of this sy s temis that i t is able to use the most accurate rules for classification. However, it also has weaknesses. This paper proposes two new techniques to deal with these weaknesses. This results in remarkablyaccurate classifiers.

Experiments on a set of 34 benchmark datase ts show that on average the new techniques reduce the error of CBA b y17% and is superior to CBA on 26 of the 34 datasets. They reduce the error of the decision tree classifier C4.5 by19%, and improve performance on 29 datasets. Similar good results are a lso achieved against the existing classification systems, RIPPER, LB and a Naïve - Bayes classifier.

1. INTRODUCTION

Building effective classification systems is one of the central tasks of data mining and m a chine learning. Past research has produced many tech niques (e.g. decision trees [Q92], rule learning [CN89, C95] and Naïve - Bayes classification [DH73]) and systems (e.g., C4.5 [Q92],

CN2 [CN89], and RIPPER [C95]). The existing techniques are, however, largely based on heuristic/greedy search. They aimto fi nd only a subset of the regularities (e.g., a decision tree or a set of rules) that exist in data to forma cla s sifier.

In the past few years, the database community studied the problemof rule learning exte n sively under the name of association rule mini ng [AS94]. The study there is focused on using e x haustive search to find all rules in data that satisfy the user - specified minimumsupport

(mi n sup) and minimumconfidence (minconf). Many efficient algorithms are reported. The most important one is the Apri ori algorithmin [AS94].

Clearly, both the computational complexity and the number of rules produced grow exp o nentially for association rule mining. minsup holds the key for the success of the model. In the next section, we will give an overview of associ ation rule mi n ing.

Although the complete set of rules may not be directly used for accurate classification, e f fective and efficient classifiers have been built using the rules, e.g., CBA [LHM98], LB

[MW99] and CAEP [DZWL99], GAC [LL00], and ADT [WZH00]. Th e maj or strength of such systems is that they are able to use the most acc u rate rules for classification because their rule learners aimto find all rules. This explains their good performance in general. However, they also have some weaknesses, which they inherit fromassociation rule mi n ing.

1. Traditional association rule mining uses only a single minsup in rule generation, which is inadequate for unbalanced class distribution (this will be clear later) [LHM99].

2. Classification data often contains a huge nu mber of rules, which may cause combinatorial explosion. For many datasets, the rule generator is unable to generate rules with many conditions, while such rules may be i mportant for accurate classific a tion.

This paper aims to improve the CBA system( Class ification Based on Associations ) by dealing directly with the above two problems. It tackles the first problemby using multiple class minsups in rule generation (i.e., each class is assigned a different minsup), rather than using only a single minsup as i n CBA. This results in a new version of the systemcalled CBA(2).

CBA(2) is included as a new function (using multiple minimumclass supports) in the CBA data mining system, which can be downloaded fromhttp://www.comp.nnus.edu.sg/~dm2.

Experiments on a s et of 34 benchmark problems from UCI machine learning repos i tory

[MM96] show that on average CBA(2) achieves lower error rate than CBA, C4.5 (tree and rules), the Naïve - Bayes classifier (NB), LB and RIPPER (CAEP, GAC and ADT are not available for co m pariso n). CBA(2) is also efficient and scales well on large datasets, which is a key feature of association rule mi n ing [AS94].

The second problemis more difficult to deal with directly as it is caused by exponential growth of the number of rules. We deal with it indirectly. We try to find another classification technique that is able to help when some rules fromCBA(2) are not accurate. The decision tree method [Q92] is a clear choice because decision trees often go very deep, i.e., using many co n ditions. We th en propose a technique to combine CBA(2) with the decision tree method as in C4.5, and the Naïve - Bayes method (NB). NBis included because it comes free (the probabi l ity estimates required by NB can be obtained fromthe rules of CBA(2) with no extra comp u t ation) and it also performs very well on many datasets [DP97].

The basic idea of our combination technique is to use the rules of CBA(2) to segment the training data and then select the classifier that has the lowest error rate on each segment to classify the future cases falling into the segment. This approach is proposed because we b e lieve that different segments of the data may have different characteristics, and are thus more suitable for different classifiers. It is also well known that different clas sifiers have different strengths.

The resulting composite method performs remarkably well. It reduces the error of CBA(2) by 14% and is superior to CBA(2) on 28 of the 34 datasets. It reduces the error of C4.5 tree (or rules) by 18% (or 19%), and improves performance on 27 (or 29) datasets. Similar good results are also achieved against CBA, RIPPER, NB, and LB. The composite method´s results are comparable with those of C4.5 with boosting [FS96]. The method is also fast because the decision tree and the NB methods are very efficient. They do not add much to the running time of CBA(2).

2. RELATED WORK

Our CBA(2) systemis different fromexisting learning or classification systems, such as

C4.5 [Q92], CN2 [CN89], and RIPPER [C95]. These systems all use heuristic search to learn a subset of the regularities in data to build a classifier. CBA(2) (or CBA)’s rule learner is based on exhaustive search and aims to find all rules. Its rule selection technique in classifier building is related to the traditional covering method [M80], which is used in, e.g., IREP [FW94] and

RIPPER [C95]. The covering method works as follows: A rule set is built in a greedy fashion, one rule at a time. After a rule is found, all examples covered by the rule are removed. This process repeat s until there are no training examples left. The key difference between the method in CBA(2) and the covering method is in the rules that they use. CBA(2) learns all rules from the entire training data using exhau s tive search, while each rule in the coveri ng method is learnt using a heuristic method fromthe remaining data after the examples covered by previous rules are deleted. Although in SLI P PER [CS99], the covered examples are not deleted, they are assigned lower weights in the subs e quent rule learning using boosting. Rules learnt fromthese existing methods may not reflect the true regularities of the original data. Further, since they all use heuristic methods to find rules, many high quality rules may not be found.

Several researchers, e.g., Rymon [R 96], Webb [W93], and Murphy and Pazzani [MP94] have tried to build classifiers by performing extensive search. None of themuses the association mining technique to find all rules with minsup and minconf co n straints.

In data mining, Bayardo [B97] uses an a ssociation rule miner to generate high confident rules (greater than 90%). Ali, Manganaris & Srikant [AMS97] uses an association rule miner to find rules that can describe individual classes. Both works are not concerned with building classifiers.

LB [MW9 9], CAEP [DZWL99], GAC [LL00] and ADT [WZH00] are some other existing classification systems using association rules apart fromCBA. LB and CAEP are based on rule aggregation rather than rule selection as in CBA and CBA(2). They also do not combine with ot her methods. GAC uses a RDBMS systemto help build classifiers efficiently. ADT studies using association rules to build decision trees.

Regarding combining multiple learning methods, Quinlan [Q94] reports a composite method for predict co n tinuous values (rather than discrete classes, which is our task) using instance - based and model - based methods.

Kohavi [K96] reports a hybrid systemof NB and decision tree. The algorithmis similar to the decision tree - building algorithm, except that the leaf nodes cre ated are NB classifiers i n stead of nodes predicting a single class. It uses a validation set to determine when NB will forma leaf. Our method is different. We do not integrate different techniques at the algorithmlevel, but only compare the error rates o f individual classifiers on the training data to decide when each classifier should be used.

Littlestone & Warmuth [LW89] proposed several weighted maj ority algorithms for combining different classifiers. [CS93] adapts their methods and learns the weights using a validation set. It also has a technique that learns an arbiter to arbitrate among predictions generated by diffe r ent classifiers. However, the evaluation was only done on a few datasets.

Similar work in this direction includes stacked generation [ W92], and combining multiple rule sets using Bayesian utility theory [AP96]. Our method is simpler. When to use which classifier is d e termined using the training data. No comb i nation or arbitration is done at testing time.

3. ASSOCIATION RULE MIN ING FOR CLASS IFICATION

Association rule mining was first proposed to find all rules in a basket data (also called tran s action data ) to analyze how items purchased by customers in a shop are related (one data record per customer transaction). The model is as follows [AS 94]:

Let I = { i

1

, i

2

, �, i m

} be a set of items. Let D be a set of transactions (the dataset), where each transaction d (a data record) is a set of items such that d Í 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 the transaction set D with confidence c if c % of transactions in D that support X also support Y . The rule has support s in D if s % of transactions in D co n tains X È Y .

Given a set of transactions D (the dataset), the proble mof mining association rules is to discover all rules that have support and confidence greater than the user - specified minimum support (called minsup ) and minimumconfidence (called minconf ). Association rule mining does not have a fixed target. That is, any itemcan appear on the right - hand - side or the left - hand - side of a rule.

One of the efficient algorithms for mining association rules is the Apriori algorithmgiven in

[AS94]. It generates all rules in two steps:

1. Find all the frequent itemsets that sati sfy minsup.

2. Generate all the association rules that satisfy minconf using the frequent ite m sets.

An itemset is a set of items. A frequent itemset is an itemset that has support above minsup.

Mining of frequent itemsets is done in a level - wise fashion. Let k - itemset denote an itemset of k items. At level 1, all frequent 1 - itemsets are found. At level 2, all frequent 2 - itemsets are found and so on. If an itemset is not frequent at level k - 1, it is discarded as any addition of items to the set cannot be frequ ent (this is called the downward closure property ). At level k , all potentially frequent itemsets ( candidate itemsets ) are generated fromfrequent itemsets at level k - 1. To determine which of the candidate itemsets are actually frequent, the algorithm make s one pass over the data to count their supports. After all frequent itemsets are found, it generates rules, which is relatively si m ple.

Clearly, both the computational complexity and the number of rules produced grow exp o nentially for association rule mi ning. In the worst case, the number of itemsets is 2 n , where n is the total number of items in the data. For example, in a supermarket situation, n is the number of items sold in the supermarket, which can be thousands or more. minsup makes association rul e mining practical. However, for classification, we often need to set minsup very low. This can cause comb i natorial explosion.

Mining association rules for classification: The Apriori algorithmfinds association rules in a transaction data of items. A cl assification dataset, however, is normally in the formof a relational table, which is described by a set of distinct attributes (discrete and continuous).

Each data record (or example) is also labeled with a class. The table formdata can be co n verted to transaction data as follows: As association rule mining does not handle continuous values but only individual items, we first discretize each continuous attribute into intervals. After discretization, we can transformeach data record to a set of ( attribut e , value ) pairs and a class label, which is in the transaction form. A ( attribute , value ) pair is an item .

Discretiz a tion of continuous attributes will not be discussed in this paper, as there are many existing algorithms for the purpose (e.g., [FI93]; [DK S95]).

To generate all rules for classification, we also need to make some modifications to the

Apriori algorithmbecause a dataset for classification has a fixed target, the class attribute.

#. Association Rules Based Classiifcation 5

Thus, we only need to generate those rules of the form X ® c i

, where c i

is a possible class.

We call such association rules the class association rules (CARs).

It is easy to modify the Apriori algorithmto generate CARs. We will not discuss it here

(see [LHM98] for details). For the purpose of classification, rule pr uning may be performed to remove those ove r fittingrules, which are rules with many conditions and covering only a few data records.

Pruning the rules: In CBA, pruning is done using the pessimistic error based method in C4.5.

It prunes a rule r as follows : If rule r ´s pessimistic error rate is higher than the pessimi s tic error rate of rule r

- (obtained by deleting one condition fromthe conditions of r ), then rule r

is pruned. See [Q92] for the computation of the method.

4. CLASSIFIER BUILDING IN CBA

After al l rules (CARs) are found, a classifier is built using the rules. Clearly, there are many

possible methods to build a classifier fromthe rules. In CBA, a set of high confidence rules is

selected fromCARs to forma classifier (this method is also used in C BA(2)). The selection of

rules is based on a total order defined on the rules.

Def inition: Given two rules, r

i and r

j

, r

i f r

j

(also called r

i precedes r

j or r

i has a higher

prec e dence than r

j

) if

1. the confidence of r

i is greater than that of r

j

, or

2. their confidences are the same, but the support of r

i is greater than that of r

j

, or

3. both the confidences and supports of r

i and r

j are the same, but r

i is generated ea r lier than

r

j

.

Let R be the set of CARs, and D the training data. The basic idea of the cla ssifier - building

algorithmin CBA is to choose a set of high precedence rules in R to cover D . This method is

related to the traditional covering method. However, there is a major difference, as we will see

later in the related work. A CBA classifier is of the form:

< r

1

, r

2

, �, r

n

, default_class >

where r

i

Î R , r

a f r

b if b > a . In classifying an unseen case, the first rule that satisfies the case

classifies it. If no rule applies to the case, it takes the default class ( default_class ). A simple

version of the algorithmfor building such a classifier is given in Figure 1.

R = sort( R ); /* according the precedence f */

for each rule r Î R in sequence do

if there are still training examples in D AND r classifies

at least one example correctly then

d elete all training examples covered by r from D ;

add r to the classifier

end

end

add the majority class as the default class to the cla s sifier.

Figure 1. A simple classifier - building algorithm

6 Chapter #

This algorithmcan be easily i mplemented by making one pass th rough the training data for

each selected rule. However, this is extremely inefficient for large datasets. [LHM98] presents

an efficient algorithm. It makes at most two passes through the data.

5. IMPROVING CBA

5.1 Using Multiple Minimum Class Supports

The most i mportant parameter in association rule mining is the minsup. It controls how

many rules and what kinds of rules are generated. The CBA systemfollows the original

association rule model and uses a single minsup in its rule generation. We argue that this is

inadequate for mining of CARs because many practical classification datasets have uneven class

fr e quency distributions. Using a single minsup will result in one of the following two problems:

1. If we set the minsup value too high, we may not find sufficien t rules of infrequent classes.

2. If we set the minsup value too low, we will find many useless and overfitting rules for

frequent classes.

More details about the problems can be found in [LHM99]. Let us use an example to

illustrate. Suppose a dataset has 2 classes, Y and N , with fr e qDistr ( Y ) = 98% and freqDistr ( N ) =

2%. If we set minsup = 3%, we will not find any rule of class N . To solve the problem, we need

to lower down the minsup. Suppose we set minsup = 0.2%. Then, we may find many overfitting

rules fo r class Y because minsup = 0.2% is too lowfor class Y . To solve the two problems,

CBA(2) adopts the following ( multiple minimum class supports ):

minsup

i

: For each class c

i

, a different minimum class support is assigned. The user only gives a

total minsu p, denoted by t_minsup , which is distributed to each class according to their class

distributions as follows:

minsup

i

= t_minsup ´ freqDistr(c

i

)

The formula gives frequent classes higher minsups and infrequent classes lower minsups.

This ensures that w e will generate sufficient rules for infrequent classes and will not produce

too many overfitting rules for fr e quent classes.

Regarding minconf, it has less impact on the classifier quality as long as it is not set too high

since we always choose the most confident rules. Experiments on the 34 datasets show that on

average CBA(2)’s error rate is lower than that of CBA, C4.5 (tree & rules), RIPPER, NB, and

LB.

5.2 Seeking Help From Other Techniques

As we mentioned earlier, for many highly correlated datasets th e rule generator is unable to

generate rules with many conditions (i.e., long rules) due to combinatorial explosion. When

such long rules are important for classification, our classifiers suffer. Here, we propose a

combination technique to reduce the effec t of the problem. The aimis to combine CBA(2) with

a method that is able to find long rules. Clearly, the decision tree method [Q92] is a natural

choice because decision trees often go very deep, i.e., using many conditions. Experiment

results show that t his strategy is extremely effective. In our implementation, we also include the

Naïve - Bayes method (NB) as NB comes free fromCBA(2) (the probabilities needed by NB are

all contained in the 1 - condition rules of CBA(2)).

#. Association Rules Based Classiifcation 7

The decision tree and NB methods wi ll not be discussed here, as they are well known [Q92]

[DH73, DP97]. Both methods are also very eff i cient.

The proposed combination method is based on the competition of different classifiers on

different segments of the training data. For easy understand ing, the algorithmbelow is

pr e sented as a combination of three classifiers. In fact, the framework can be used to combine

any number of classifiers (see the experiments section). The key idea is to use one classifier to

segment the training data, and then choose the best classifier to classify each segment.

Let A be the classifier built by CBA(2), T be the decision tree built by C4.5, and N be the

Naïve - Bayes classifier. We use the rules in A fromCBA(2) to segment the data 1 . For the set of

training exam ples covered by a rule r

i in A ( default_class is treated as a rule with no cond i tion),

we choose the classifier that has the lowest error on the set of examples to replace r

i

. That is, if

r

i has the lowest error, we keep r

i

. If T has the lowest error, we u se T to replace r

i

. If r

i is

replaced by T , then in testing when a test case satisfies the conditions of r

i

, it is classified by T

instead of r

i

. The same applies to N . The alg o rithmis given in Figure 2.

1 construct the three classifiers, A , T , N ;

2 for each training example e do

3 find the first rule r

i in A that covers e

4 if r

i classifies e wrongly then Error

i

= Error

i

+ 1 end

5 if T classifies e wrongly then Error

i,T

= Error

i,T

+ 1 end

6 if N classifies e wrongly then Error

i,N

= Error

i,N

+ 1 end

7 e ndf or

8 for each rule r

i

( X ® c

j

) in R do /* X is the set of conditions */

9 if Error

i

£ Error

i,T and Error

i

£ Error

i,N then

10 keep r

i

11 elseif Error

i,T

£ Error

i,N then use X ® (use T ) to replace r

i

12 else use X ® (use N ) to replace r

i

13 end

14 endf o r

Figure 2. The combination algorithm

Fromline 3 - 6, we compute the number of errors made by r

i

, T , and N on the training

exa m ples covered by each r

i

. Error

i

, Error

i,T and Error

i,N are initialized to 0. Fromline 8 - 14, we

use T (or N ) to replace r

i if T ( or N ) results in fewer errors on the training examples covered by

r

i

. X ® (use T ) means that in testing if a test case satisfies X (the conditions of r

i

), T will be used

to classify the case.

The algorithmis O (| A | M ), where | A |is the number of rules in A , and M is the number of

training examples. M dominates the computation as it is normally much larger than | A |.

6. EXPERIMENTS

We now compare the classifiers built by CBA(2), CBA, C4.5 (tree and rules) (Release 8),

RIPPER, NB, LB, and various combinations of CBA(2), C4.5 and NB. RIPPER is a rule based

classifier, while LB is a Bayesian classifier using association rules. The evaluations are done on

34 datasets fromUCI M L Repository [MM96]. We also used Boosted C4.5 (the code is

1 We also tried to use other classifiers, e.g., C4.5, NB and RIPP ER to segment the data, but the results are not

satisfactory. We believe the reason is that these systems do not have the obvious problemof short - rules of CBA(2).

8 Chapter #

obtained fromZij ian Zheng [ZW9 9]) in our comparison. C4.5, RIPPER and LB are obtained

fromtheir authors. We ran the systems using their default settings. We could not compare our

systemwith existing classifier combination methods (see the Related Work section) as we were

unable to o b tain the systems.

In all the experiments with CBA(2), minconf is set to 50%. For t_minsup , it is more

co m plex. t_minsup has a strong effect on the quality of the classifier produced. In general, lower

t_minsup gives more accurate classifiers. However, for certain datasets, higher t_minsup s are

better. Fromour experience, once t_minsup is lowered to 1 - 2%, the classifier built is already

very accurate. In the experiment results reported below, we set t_minsup to 1%.

Since classification data often contains a huge number of rules, which may cause

combin a torial explosion, we set a limit of 80,000 on the total number of rules. 24 of the 34

datasets used cannot be completed within this limit. However, the classifiers constructed are

already quite accurate. In f act, when the limit reaches 60,000 (we tried different limits), the

accuracy of the resulting classifiers starts to stab i lize.

Discretization of continuous attributes is done using the entropy method in [FI93]. The code

is taken from MLC++ [KJLMP94]. No d iscretization is applied to the data when running C4.5,

boosted C4.5 and RIPPER. In all experiments, CBA, C4.5, RIPPER, LB, and Boosted C4.5

parameters have their default values. Experiment results are shown in Table 1. The error rates

on the first 26 data sets are obtained from10 - fold cross - validation, while on the last 8 datasets

they are obtained fromthe test sets provided in UCIRepository (which are commonly used in

evaluation). All the composite methods involving C4.5 uses C4.5 tree due to its effici ency.

1 2 3 4 5 6 7 8 9 1 0 1 1 1 2 1 3 e r r ( % ) e r r ( % ) e r r ( % ) e r r ( % ) e r r ( % ) e r r ( % ) e r r ( % ) e r r ( % ) e r r ( % ) e r r ( % ) e r r ( % ) e r r ( % ) e r r ( % )

1 a n n e a l

C V -10 2 .1 3 .6 7 .5 5 .2 4 .6 2 .7 3 .6 7 .6 2 .1 2 .2 2 .8 4 .3 1 .4

2 a u s t r a lia n

C V -10 1 4 . 6 1 3 . 4 1 4 . 8 1 5 . 3 1 5 . 2 1 4 . 0 1 3 . 5 1 4 . 6 1 4 . 2 1 4 . 2 1 4 . 2 1 5 . 9 1 3 . 5

3 a u t o

C V -10 1 9 . 9 2 7 . 2 1 7 . 6 1 9 . 9 2 3 . 8 3 2 . 1 2 8 . 1 1 9 . 0 1 8 . 5 2 0 . 9 1 8 . 5 1 5 . 1 1 8 . 5

4 b r e a s t - w

C V -10 3 .7 4 .2 5 .6 5 .0 4 .0 2 .4 2 .7 5 .6 3 .2 3 .0 2 .4 3 .1 2 .2

5 c le v e

C V -10 1 7 . 1 1 6 . 7 2 1 . 5 2 1 . 8 2 1 . 1 1 7 . 1 1 7 . 1 2 1 . 8 1 6 . 8 1 7 . 5 1 7 . 5 2 0 . 5 1 8 . 2

6 c r x

C V -10 1 4 . 6 1 4 . 1 1 5 . 0 1 5 . 1 1 4 . 6 1 4 . 6 1 2 . 9 1 5 . 1 1 4 . 5 1 4 . 2 1 4 . 3 1 5 . 7 1 3 . 6

7 d ia b e te s

C V -10 2 5 . 5 2 5 . 3 2 6 . 1 2 5 . 8 2 5 . 3 2 4 . 4 2 4 . 4 2 5 . 7 2 4 . 9 2 4 . 8 2 2 . 0 2 9 . 4 2 5 . 2

8 g e r m a n

C V -10 2 6 . 5 2 6 . 5 2 8 . 4 2 7 . 7 2 7 . 8 2 4 . 6 2 4 . 7 2 8 . 6 2 5 . 5 2 5 . 2 2 4 . 9 2 8 . 5 2 4 . 8

9 g la s s

C V -10 2 6 . 1 2 7 . 4 3 0 . 4 3 1 . 3 3 5 . 0 2 9 . 4 3 0 . 8 2 8 . 5 2 6 . 5 2 9 . 5 2 9 . 5 2 4 . 7 2 8 . 0

1 0 h e a r t

C V -10 1 8 . 1 1 8 . 5 2 1 . 8 1 9 . 2 1 9 . 6 1 8 . 1 1 8 . 2 2 1 . 1 1 8 . 1 1 7 . 4 1 7 . 0 2 0 . 7 2 0 . 0

1 1 h e p a t it i s

C V -10 1 8 . 9 1 5 . 1 1 8 . 2 1 9 . 4 1 7 . 5 1 5 . 0 1 5 . 6 1 8 . 2 1 7 . 5 1 6 . 2 1 6 . 2 1 7 . 5 1 8 . 2

1 2 h o r s e

C V -10 1 7 . 6 1 8 . 7 1 4 . 7 1 7 . 4 1 4 . 7 2 0 . 6 2 0 . 7 1 3 . 1 1 7 . 4 1 7 . 1 1 7 . 1 1 8 . 7 1 6 . 0

1 3 h yp o

C V -10 1 .0 1 .7 0 .7 0 .8 0 .8 1 .5 1 .6 1 .0 1 .1 0 .9 0 .9 1 .1 0 .9

1 4 io n o s p h e r e

C V -10 7 .7 8 .2 1 0 . 5 1 0 . 0 1 1 . 4 1 2 . 0 8 .8 1 0 . 8 8 .3 8 .3 8 .3 6 .8 8 .3

1 5 ir is

C V -10 5 .3 7 .1 4 .7 4 .7 5 .3 6 .0 5 .3 4 .7 5 .3 2 .7 2 .7 5 .3 2 .7

1 6 la b o r

C V -10 1 3 . 7 1 7 . 0 2 2 . 3 2 0 . 7 1 6 . 5 1 4 . 0 1 2 . 3 1 9 . 0 1 3 . 7 1 2 . 0 1 2 . 0 8 .3 8 .3

1 7 le d 7

C V -10 2 8 . 1 2 7 . 8 3 0 . 5 2 6 . 5 3 0 . 8 2 6 . 7 2 6 . 6 2 5 . 7 2 6 . 7 2 7 . 0 2 6 . 1 2 6 . 2 2 5 . 1

1 8 lym p h

C V -10 2 2 . 1 1 9 . 6 2 3 . 8 2 6 . 5 2 0 . 8 2 4 . 4 1 9 . 7 2 3 . 2 2 2 . 1 1 7 . 6 1 7 . 6 1 8 . 3 1 6 . 9

1 9 p im a

C V -10 2 7 . 1 2 7 . 6 2 5 . 8 2 4 . 5 2 6 . 3 2 4 . 5 2 4 . 7 2 5 . 4 2 6 . 1 2 2 . 7 2 2 . 0 2 7 . 3 2 4 . 1

2 0 s ic k

C V -10 2 .8 2 .7 1 .1 1 .5 1 .9 3 .9 3 .0 1 .1 3 .0 1 .9 1 .9 1 .3 1 .7

2 1 s o n a r

C V -10 2 2 . 5 2 1 . 7 2 8 . 4 2 9 . 8 2 7 . 9 2 3 . 0 2 4 . 0 2 7 . 9 2 2 . 5 2 3 . 0 2 1 . 6 2 0 . 2 2 3 . 0

2 2 t ic - t a c - to e

C V -10 0 .4 0 .1 1 3 . 8 0 .6 2 .4 3 0 . 1 3 2 . 1 1 4 . 5 0 .2 0 .2 0 .2 3 .3 0 .2

2 3 v e h i c l e

C V -10 3 1 . 0 3 1 . 3 2 8 . 5 2 7 . 4 3 1 . 4 4 0 . 1 3 0 . 5 2 8 . 4 3 1 . 0 2 9 . 8 3 4 . 3 2 4 . 3 2 9 . 0

2 4 w a v e f o r m 2 1

C V -10 2 0 . 3 2 0 . 6 2 2 . 8 2 1 . 9 2 0 . 5 1 9 . 3 1 7 . 5 2 3 . 0 2 0 . 0 1 7 . 7 1 7 . 7 1 8 . 2 1 6 . 0

2 5 w in e

C V -10 5 .0 8 .4 7 .3 7 .3 8 .5 9 .5 1 .7 7 .8 5 .0 5 .0 5 .0 4 .0 4 .5

2 6 zo o

C V -10 3 .2 5 .4 7 .8 7 .8 1 1 . 0 1 3 . 7 5 .8 2 .0 2 .9 2 .9 2 .9 0 .0 2 .9

2 7 A d u lt tes t 1 6 . 7 1 4 . 4 1 4 . 6 1 4 . 1 1 5 . 6 1 5 . 8 1 4 . 2 1 4 . 0 1 4 . 0 1 4 . 9 1 3 . 9 1 6 . 2 1 6 . 2

2 8 C h e s s tes t 2 .0 1 .9 0 .5 1 .1 1 .9 1 2 . 9 7 .2 0 .5 2 .2 0 .3 0 .3 0 .3 0 .2

2 9 D N A tes t 1 0 . 3 1 5 . 4 7 .3 6 .9 8 .3 6 .6 7 .3 6 .7 7 .5 8 .3 7 .9 5 .3 6 .2

3 0 L e t t e r tes t 3 0 . 0 2 9 . 5 1 2 . 3 1 3 . 7 1 5 . 2 2 5 . 0 1 6 . 1 1 2 . 3 2 4 . 5 1 4 . 0 1 3 . 8 5 .2 8 .9

3 1 S a t im a g e tes t 1 4 . 6 1 5 . 9 1 4 . 6 1 4 . 8 1 5 . 1 1 8 . 0 1 3 . 5 1 4 . 4 1 4 . 5 1 4 . 0 1 4 . 1 1 0 . 3 1 2 . 3

3 2 S e g m e n t tes t 6 .0 6 .8 6 .0 6 .6 7 .8 6 .2 5 .6 5 .7 4 .6 3 .8 3 .8 3 .1 4 .2

3 3 S o yb e a n B ig tes t 7 .5 7 .5 1 0 . 5 9 .6 9 .2 6 .1 8 .8 1 0 . 5 6 .6 7 .0 7 .0 6 .1 7 .0

3 4 W a v e f o r m 4 0 tes t 2 4 . 3 2 4 . 4 2 9 . 6 3 0 . 5 2 6 . 8 2 1 . 7 2 1 . 4 2 9 . 2 2 3 . 1 2 3 . 2 2 3 . 2 2 0 . 9 2 3 . 1

A v e r a g e 1 4 . 9 1 5 . 5 1 6 . 0 1 5 . 6 1 5 . 8 1 6 . 9 1 5 . 3 1 5 . 5 1 4 . 2 1 3 . 5 1 3 . 3 1 3 . 3 1 3 . 0

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

T a b l e 1 : E x p e r i m e n t R e s u l t s

B o o s te d

C 4 .5

C B A (2 )+

B o o s te d

C 4 .5

C B A (2 ) C B A

C 4 .5 tr e e

C 4 .5 r u l e s

C B A (2 )

+ N B

C B A (2 )

+ C 4 .5 L B R IP P E R w o n - l o s t - t i e d : C B A( 2 ) + C 4 . 5 + N B v s t h e o t h e r m e t h o d s

C B A (2 )

+ C 4 .5

+ N B N B

C 4 .5 +

N B

Error rate comparison: For each dataset, columns 1 - 11 in Table 1 show the error rates of

CBA(2), CBA, C4.5 tree, C4.5 rules, RIPPER, NB, LB, C4.5+NB (C4.5 tree combined with

NB), CBA(2)+NB, CBA(2)+C4.5 and CBA(2)+C4.5+NB respectively. Fromthe tabl e we see that on average (last row) the error rate of CBA(2) is lower than every other individual method.

Its won - lost - tied record against CBA is 19 - 13 - 2, and against C4.5 tree (or rules) is 20 - 12 - 2 (or

22 - 11 - 1). It also performs better than RIPPER and NB, and has a similar perfor m ance as LB.

It is clear that over the 34 datasets, the composite methods are in general superior to ind i vidual methods. CBA(2)+C4.5+NBgives the lowest error rate on average. It reduces the error of C4.5 tree (or rules) by 18% (o r 19%) on average, and its won - lost - tied record against

C4.5 tree (or rules) is 27 - 7 - 0 (or 29 - 5 - 0). It reduces the error of CBA(2) by 14%, and its won - lost - tied record against CBA(2) is 28 - 5 - 1. Si milar good results are also achieved against CBA,

RIPPER, NB and LB (see Table 1).

When the composite methods are compared, we see that the performance of CBA(2)+C4.5 is almost the same as CBA(2)+C4.5+NB. They are both better than CBA(2)+NB, which is better than C4.5+NB. These results suggest that CBA(2) plays the most important role in e r ror reduction.

The fact that CBA(2)+C4.5 and CBA(2)+C4.5+NB performalmost equally well confirmour intuition that CBA(2)’s weakness is overcome by deep trees of C4.5. The letter dataset is a good example. CBA(2)’s error rate on t he dataset is very high (30%) because it cannot generate rules with more than 3 conditions. The C4.5 tree, however, goes very deep using more than 10 conditions. When CBA(2) is combined with C4.5, C4.5’s deep tree helps greatly. The error rate drops drasti cally to 14%.

Columns 12 and 13 give the error rates of boosted C4.5 and CBA(2)+boostedC4.5. We see that CBA(2)+C4.5+NB´s results are comparable to boosted C4.5, and its won - lost - tied record against boosted C4.5 is 18 - 15 - 1. Since boosted C4.5 is regarded as one of the best classifiers, we can say that CBA(2)+C4.5+NB is also among the best. CBA(2)+boostedC4.5 does not makes much improvement.

Table 2 (columns 1 - 10) shows the ratios of the error rate of CBA(2)+C4.5+NB vs. the other methods. We again can see that the combination method is superior.

Execution times: All the experiments are run on Sun Sparc Iwith 512MB of memor y. Columns

11 - 12 in Table 2 show the execution times with each dataset. The average trai n ing time of

CBA(2) in each fold of the 10 - fo ld cross - validation is 13.33 seconds, while the classifier combining time for CBA(2)+C4.5+NB is only 2.21 seconds on average over the 34 datasets. In both cases, the datasets reside on disk. The execution times are reasonable. With a fixed in - memor y rule l imit, CBA(2) scales linearly with the size of the dataset, which is a feature of association rule mining.

7. CONCLUSION

This paper aims to improve an exhaustive search based classification systemCBA. It first identified two problems or weaknesses of the sys tem, i.e., single minsup, and not being able to generate long rules for many datasets. It then proposed two new techniques to deal with the problems. The first problemis dealt with by using multiple minimumclass supports, while the second problemis deal t with by combining it with other classification methods, the dec i sion tree method being particularly effective. The new combined systemproduces markedly better classifiers. On average over a set of 34 datasets, it outperforms CBA, C4.5, RIPPER, NB, and

L B substantially, and has similar performances as boosted C4.5.

REFERENCES

[AS97] R. Agrawal, and R. Srikant. Fast Algorithms for Mining Association Rules. In

Proceedings of VLDB - 94 , 1994.

[AMS97] K. Ali, S. Manganaris and R. Srikant. Partial Classifi cation Using Association Rules.

In Proceedings of KDD - 97 , 115 - 118, 1997.

[AP96] K. Ali, and Pazzani M. Error Reduction through Learning Multiple Descriptions.

M a chine Learning , 24:3, 1996.

[B97] Bayardo, R. J. Brute - force mining of high - confidence class ification rules. In

Proceedings of KDD - 97 , 1997.

[CS93] P. Chan, and J . S. Stolfo. Experiments on multistrategy learning by meta - learning.

Proc. Second Intl. Conf. Info. Know. Manag ., 314 - 323, 1993.

[CN89] P. Clark, and T. Niblitt. The CN2 Induction Alg orithm. Machine Learning 3(1), 1989.

[C95] W. Cohen. Fast Effective Rule Induction. In Proceedings of ICML - 95 , 1995.

[CS99] W. Cohen, and Y. Singer. A Simple, Fast, and Effective Rule Learner. In Proceedings

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

C B A ( 2 ) C B A

C 4 . 5 t r e e

C 4 . 5 r u l e s R I P P E R N B L B

C 4 . 5 +

N B

C B A ( 2 )

+ N B

C B A ( 2 )

+ C 4 . 5 C B A ( 2 )

C l a s s i f i e r

C o m b i n i n g r a tio r a tio r a tio r a tio r a tio r a tio r a tio r a tio r a tio r a tio ( s e c ) ( s e c )

1 a n n e a l

C V - 1 0 1 .3 1 9 .7 6 9 .3 6 9 .5 3 3 .6 0 6 1 .0 4 5 .7 7 8 .3 6 5 1 .3 1 9 1 .2 5 9 8 .5 2 0 .1 1

2 a u s tr a lia n

C V - 1 0 .9 7 2 1 .0 5 9 .9 5 9 .9 2 7 .9 3 2 1 .0 1 1 1 .0 5 3 .9 7 1 1 .0 0 0 1 .0 0 0 5 .9 8 0 .1 1

3 a u to

C V - 1 0 .9 2 8 .6 7 9 1 .0 4 9 .9 2 8 .7 7 6 .5 7 5 .6 5 6 .9 7 1 1 .0 0 0 .8 8 2 4 .7 3 0 .0 5

4 b r e a s t - w

C V - 1 0 .6 5 9 .5 8 1 .4 3 6 .4 8 8 .6 0 4 1 .0 0 4 .8 9 7 .4 3 7 .7 7 5 .8 1 1 0 .6 6 0 .0 1

5 c le v e

C V - 1 0 1 .0 2 3 1 .0 4 7 .8 1 3 .8 0 2 .8 2 9 1 .0 2 1 1 .0 2 1 .8 0 2 1 .0 3 9 .9 9 9 3 .8 0 0 .0 1

6 c r x

C V - 1 0 .9 8 1 1 .0 1 6 .9 5 5 .9 4 8 .9 7 8 .9 7 9 1 .1 1 0 .9 5 1 .9 8 9 1 .0 0 9 6 .3 6 0 .1 1

7 d ia b e t e s

C V - 1 0 .8 6 4 .8 7 1 .8 4 4 .8 5 4 .8 7 1 .9 0 4 .9 0 4 .8 5 8 .8 8 5 .8 8 9 0 .1 0 0 .0 5

8 g e r m a n

C V - 1 0 .9 4 0 .9 4 0 .8 7 7 .8 9 9 .8 9 6 1 .0 1 2 1 .0 0 8 .8 7 1 .9 7 6 .9 8 7 6 .6 3 0 .2 2

9 g la s s

C V - 1 0 1 .1 3 0 1 .0 7 6 .9 7 0 .9 4 2 .8 4 2 1 .0 0 3 .9 5 8 1 .0 3 4 1 .1 1 1 1 .0 0 0 0 .1 7 0 .0 5

1 0 h e a rt

C V - 1 0 .9 4 0 .9 2 0 .7 8 1 .8 8 6 .8 6 7 .9 3 9 .9 3 8 .8 0 7 .9 4 0 .9 7 9 0 .8 8 0 .0 1

1 1 h e p a t itis

C V - 1 0 .8 5 8 1 .0 7 4 .8 9 1 .8 3 6 .9 2 6 1 .0 8 2 1 .0 3 8 .8 9 2 .9 2 6 1 .0 0 0 5 .2 1 0 .0 1

1 2 h o r s e

C V - 1 0 .9 7 2 .9 1 4 1 .1 6 3 .9 8 3 1 .1 6 3 .8 2 8 .8 2 8 1 .3 0 9 .9 8 4 1 .0 0 0 5 .3 3 0 .0 5

1 3 h yp o

C V - 1 0 .8 7 0 .5 1 2 1 .2 4 3 1 .0 8 8 1 .1 4 5 .5 6 5 .5 4 0 .9 1 6 .8 1 3 .9 2 6 2 7 .3 6 0 .3 3

1 4 io n o s p h e r e

C V - 1 0 1 .0 7 3 1 .0 0 7 .7 8 7 .8 2 6 .7 2 5 .6 9 0 .9 3 7 .7 6 3 1 .0 0 0 1 .0 0 0 4 .1 1 0 .0 6

1 5 ir is

C V - 1 0 .5 0 6 .3 7 7 .5 7 0 .5 7 0 .5 0 3 .4 4 6 .5 0 3 .5 7 5 .5 0 6 1 .0 0 0 0 .0 2 0 .0 1

1 6 la b o r

C V - 1 0 .8 7 6 .7 0 6 .5 3 8 .5 8 0 .7 2 7 .8 5 7 .9 7 3 .6 3 2 .8 7 8 1 .0 0 0 0 .1 1 0 .0 1

1 7 le d 7

C V - 1 0 .9 3 0 .9 4 0 .8 5 7 .9 8 6 .8 4 8 .9 7 9 .9 8 1 1 .0 1 6 .9 7 9 .9 6 7 2 .3 6 0 .7 7

1 8 lym p h

C V - 1 0 .7 9 5 .8 9 6 .7 3 8 .6 6 3 .8 4 3 .7 2 0 .8 9 3 .7 5 9 .7 9 5 1 .0 0 0 3 .8 4 0 .0 5

1 9 p im a

C V - 1 0 .8 1 2 .7 9 7 .8 5 3 .8 9 8 .8 3 7 .8 9 8 .8 9 0 .8 6 6 .8 4 5 .9 7 1 0 .1 6 0 .0 6

2 0 s ic k

C V - 1 0 .6 6 4 .6 8 9 1 .6 9 1 1 .2 4 0 .9 6 4 .4 7 3 .6 2 8 1 .6 3 2 .6 2 6 1 .0 0 0 2 4 .4 6 0 .3 8

2 1 s o n a r

C V - 1 0 .9 6 0 .9 9 5 .7 6 0 .7 2 4 .7 7 5 .9 3 7 .9 0 0 .7 7 5 .9 6 0 .9 4 0 6 .0 5 0 .0 1

2 2 tic - t a c - t o e

C V - 1 0 .5 0 0 2 .0 0 0 .0 1 4 .3 3 3 .0 8 3 .0 0 7 .0 0 6 .0 1 4 1 .0 0 0 1 .0 0 0 2 .1 3 0 .0 1

2 3 v e h ic le

C V - 1 0 1 .1 0 6 1 .0 9 5 1 .2 0 3 1 .2 5 1 1 .0 9 2 .8 5 6 1 .1 2 4 1 .2 0 9 1 .1 0 7 1 .1 5 1 8 .2 3 0 .2 2

2 4 w a v e f o r m 2 1

C V - 1 0 .8 7 1 .8 5 8 .7 7 5 .8 0 7 .8 6 4 .9 1 4 1 .0 0 9 .7 6 7 .8 8 6 .9 9 8 1 2 .6 1 3 .0 8

2 5 w in e

C V - 1 0 1 .0 0 0 .5 9 5 .6 8 6 .6 8 6 .5 9 0 .5 2 6 2 .9 9 4 .6 3 9 1 .0 0 0 .9 9 8 2 .5 8 0 .0 1

2 6 z o o

C V - 1 0 .9 0 9 .5 3 9 .3 7 3 .3 7 3 .2 6 5 .2 1 2 .5 0 0 1 .4 5 5 1 .0 0 0 1 .0 0 0 5 .6 4 0 .0 1

2 7 A d u lt t e s t .8 3 3 .9 6 3 .9 5 0 .9 8 4 .8 8 7 .8 7 7 .9 7 4 .9 8 9 .9 9 2 .9 3 3 9 4 .4 9 3 3 .3 4

2 8 C h e s s t e s t .1 4 2 .1 4 9 .5 6 0 .2 4 8 .1 4 9 .0 2 2 .0 3 9 .5 9 6 .1 3 0 1 .0 0 0 3 4 .4 6 0 .3 3

2 9 D N A t e s t .7 7 1 .5 1 4 1 .0 8 6 1 .1 4 8 .9 6 0 1 .2 0 2 1 .0 9 4 1 .1 9 1 1 .0 5 7 .9 6 0 8 9 .3 4 2 .3 0

3 0 L e tt e r t e s t .4 5 9 .4 6 7 1 .1 2 0 1 .0 0 6 .9 0 5 .5 5 0 .8 5 6 1 .1 2 2 .5 6 3 .9 8 7 4 4 .1 3 2 9 .6 1

3 1 S a t im a g e t e s t .9 6 6 .8 9 0 .9 6 6 .9 5 3 .9 3 7 .7 8 6 1 .0 4 8 .9 7 9 .9 7 6 1 .0 0 7 1 8 .6 1 2 .7 4

3 2 S e g m e n t t e s t .6 3 1 .5 5 9 .6 2 8 .5 7 1 .4 8 4 .6 0 5 .6 7 6 .6 6 0 .8 2 9 1 .0 0 0 9 .3 8 0 .3 8

3 3 S o yb e a n B ig t e s t .9 4 1 .9 4 1 .6 6 9 .7 3 1 .7 6 2 1 .1 4 3 .8 0 0 .6 6 7 1 .0 6 7 1 .0 0 0 1 1 .3 0 0 .4 4

3 4 W a v e f o r m 4 0 t e s t .9 5 4 .9 5 1 .7 8 4 .7 6 1 .8 6 6 1 .0 6 8 1 .0 8 6 .7 9 5 1 .0 0 7 1 .0 0 0 3 .6 1 0 .0 6

A v e r a g e 0 . 8 6 0 . 8 3 0 . 8 2 0 . 8 1 0 . 7 8 0 . 7 9 0 . 9 0 0 . 8 6 0 . 9 1 0 . 9 9 1 3 .3 3 2 .2 1

0 . 8 6 0 . 8 2 0 . 8 2 0 . 8 1 0 . 7 9 0 . 8 0 0 . 8 6 0 . 8 6 0 . 9 2 0 . 9 9

T i m e

* O n e p r o b le m w ith a v e r a g e e r r o r r a t io s is th a t w h e n th e a c t u r a l e r r o r r a t e s a r e v e r y s m a ll, r a t io s te n d t o h a v e e x tr e m e v a lu e s .

H e r e , w e r e c o m p u te t h e a v e r a g e r a tio s o f C B A ( 2 ) + C 4 . 5 + N B v s t h e o t h e r m e t h o d s a f te r t h e la r g e s t a n d s m a lle s t v a lu e s a r e r e m o v e d .

T a b l e 2 : R a t i o o f E r r o r R a t e s , a n d E x e c u t io n T i m e s

* a v e r a g e r a t i o s a f t e r t h e l a r g e s t a n d s m a ll e s t r a t i o s a r e r e m o ve d

C B A( 2 ) + C 4 .5 + N B V s of AAAI - 99 , 1999.

[DP97] P. Domingos, and M. Pazzani. On the Optimality of the Simple Bayesian Classifier under Zero - One Loss. Machine Learning , 29, 1997.

[DZWL99] G. Dong, X. Zhang, L. Wong, and J . Li. CAEP: Classification by Aggregating

Emer g ing Patterns. In Proceedings of Discovery - Science - 99 , 199 9.

[DKS95] J . Dougherty, R. Kohavi, and M. Sahami. Supervised and Unsupervised

Discretiz a tion of Continuous Features. In Proceedingsof ICML - 95 , 1995.

[DH73] R. Duda, and P. Hart. Pattern Classification and Scene Analysis . Wiley, 1973.

[FI93] U. Fayyad, and K. Irani. Multi - interval Discretization of Continuous - valued

Attri b utes for Classification Learning. In Proceedings of IJCAI - 93 , 1022 - 1027, 1993.

[FS96] Y. Freund, and R. Schapire. Experiments with a New Boosting Algorithm. In

Proceedings of ICML - 96 , 1996.

[FW94] J . Furnkranz, and G. Widmer. Incremental Reduced Error Pru n ing. ICML - 94 , 1994.

[K96] R. Kohavi. Scaling up the Accuracy of Naïve - Bayes Classifiers: A Decision - tree

Hybrid. In Proceedings of KDD - 96 , 1996.

[KJLMP94] R. Kohavi, G. John, R. Lon g, D. Manley, and K. Pfleger. MLC++: A Machine - learning Library in C++. Tools with artificial intelligence , 740 - 743, 1994.

[LW89] N. Littlestone, and M. Warmuth. The weighted majority algorithm . Tech. report,

UCSC - CRL - 89 - 16: UC. Santa Cruz, 1989.

[LHM98] B. Liu, W. Hsu, and Y. Ma. Integrating Classification and Association Rule Mi n ing.

In Proceedings of KDD - 98 , 1998.

[LHM99] B. Liu, W. Hsu, and Y. Ma. Mining Association Rules with Multiple Minimu m

Supports. In Proceedings of KDD - 99 , 1999.

[LMW00] B. Liu, Y . Ma and C - K. Wong. Improving an Exhaustive Search Based Rule Learner

Proceedings of the Fourth European Conference on Principles and Practice of

Know l edge Discovery in Databases (PKDD - 2000) , 2000.

[LL00] H. Lu, and H - Y. Liu. Decision Tables: Scalable Cla ssification Exploring RDBMS

Cap a bilities. VLDB - 2000 , 2000.

[MW99] D. Meretkis, and B. Wuthrich. Extending Naïve Bayes Classifiers Using Long

Ite m sets. In Proceedings of KDD - 99 , 1999.

[MM96] C. J. Merz, and P. Murphy. UCIRepository of Machine Learning D atabase.

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

[M80] R. Michalski. Pattern Recognition as Rule - guided Induction Inference. IEEE a c tion

On Pattern Analysis and Machine Intelligence 2, 349 - 361, 1980.

[MP94] P. Murphy and M. Pazzani. Exploring the Decisio n Forest: an Empirical Investig a tion of Occam´s Razor in Dec i sion Tree Induction. J. of AI Research 1:257 - 275, 1994.

[Q92] J . R. Quinlan. C4.5: Program for Machine Learning . Morgan Kaufmann, 1992.

[Q94] J . R. Quinlan. Combining Instance - based and Model - Based Learning. In Proceedings of ICML - 94 , 1994.

[R96] R. Rymon. SE - tree Outperforms Decision Trees in Noisy Domains. In Proceedings of

KDD - 96 , 331 - 336, 1996.

[WZH00] K. Wang, S. Zhou, and Y. He. Growing Decision Trees on Support - less Association

Rules. I n Proceedings of KDD - 2000 , 2000.

[W93] G. Webb. Systematic Search for Categorical Attribute - value Data - driven Machine

Learning. In Proceedings of Australian conference on Artificial Intelligence , 1993.

[W92] D. Wolpert. Stacked Generalization. Neural net works , 5:241 - 259, 1992.

[ZW99] Z. Zheng and G. Webb. Stochastic Attribute Selection Committees with Multiple

Boosting: Learning More Accurate and More Stable Classifier Commi t tees. In

Proceedings of Pacific - Asia Conference on Knowledge Discovery and Data Mining

(PAKDD - 99), 1999.