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ABSTRACT: Previous studies show that associative
classification achieves higher classification accuracy than
traditional classification approaches. However, associative
classification suffers from two major deficiencies and thus
sometimes has lower classification accuracy. First, it often
generates a large number of rules when the minimum
support is set to be low. It is not only time consuming to
discover so many itemsets, but also very difficult to select
high quality rules from a huge set of rules. Second, the
association measure confidence does not reflect
correlation relationships between itemsets and the class
label. To deal these problems, in this paper, we propose
a new classification approach called classification based
on multiple class-correlation rules (CMCCR). First, we use
both support and all-confidence to mine not only frequent
but also mutually associated itemsets. This method not
only saves the running time but as well considerably
reduces the number of itemsets generated, and thus
sharply decreases the number of class-correlation rules
produced. Second, we use a new correlation measure
correlation confidence to discover class-correlation rules.
The measure correlation confidence has two bounds: -
1and 1. It is easy to control the correlation degree of the
class-correlation rules found. Finally, we use multiple
class-correlation rules and average correlation degree to
measure the combined effect of group rules. Experimental
results on the mushroom data set show that CMCCR has
higher and more stable accuracy than associative
classification and decision tree method.
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1. Introduction

Building accurate and efficient classifiers for large
databases is one of the important tasks of data mining
and machine learning. Given a training set, classification
is to build a model (called classifier) to predict future data
objects for which the class label is unknown.

Previous studies have developed heuristic/greedy search
techniques to extract rules for building classifiers called
traditional classification approaches, such as decision
trees [17], rule learning [6], and CPAR [18]. These
techniques induce a representative subset of rules from
training data sets for quality prediction. However, they
usually generate such a small set of rules that they cannot
achieve highly accurate prediction in some case.
Especially when the training data set is small as we can
see from our experimental results.

In recent years, a new approach called associative
classification [4, 11] is proposed to integrate association
rule mining [1] and classification. It uses association rule
mining algorithm, such as Apriori [1] or FP-growth [8], to
generate the complete set of class-association rules. Then
it selects a small set of high quality rules and uses this
rule set for prediction. Extensive performance studies [4,
7, 10, 12, 19] show that associative classification have
better accuracy than traditional classification approaches.
However, associative classification also suffers from
efficiency due to the fact that it is based on the “support-
confidence” framework. In other words, there are two
reasons that associative classification has some
weakness. On the one hand, associative classification
often generates a large number of rules if the minimum
support threshold is set to be rather low. It is time
consuming to discover so plenty of itemsets. It is also
quite difficult to select high quality rules from a huge set
of rules. On the other hand, the association measure
confidence does not reflect correlation relationships
between itemsets and the class label.
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In this paper, we propose a new approach called
classification based on multiple class-correlation rules
(CMCCR). First, CMCCR uses both all-confidence and
support to mine not only frequent but also mutually
associated itemsets. This process not only saves the time
but also considerably reduces the number of itemsets
generated and thus sharply decreases the number of
class-correlation rules produced. All-confidence is
proposed by Omiecinski [16]. It is an appropriate
measurement of the degree of mutual association in an
itemset. Xiong et al. [20] used an equivalent concept of
all-confidence to mine strong affinity pattern involving items
with very low support level. We can set a quite low
minimum support and a high minimum all-confidence
threshold to mine frequent and mutually associated
itemsets. Consequently, we can decrease the running time
and get a right amounts of itemsets produced.

Second, CMCCR uses a new correlation measure
correlation confidence [21] to generate class-correlation
rules. The measure correlation confidence has two bounds
0 and 1. It is a rational measure for finding correlation
relationships between an itemset [21, 22, 23]. Moreover,
it is easy to control the correlation degree of class-
correlation rules. A difficulty in this paper is that there are
few correlation measures which not only have proper
bounds for effectively evaluating the correlation degree
between the itemset and the class label. The most
commonly employed method for correlation mining is that
of two-dimensional contingency table analysis of
categorical data using the chi-square statistic as a
measure of significance. Brin et al. [5] analyzed
contingency tables to generate correlation rules that
identify statistical correlation in both the presence and
absence of items in patterns. H. Liu et al. [13] analyzed
contingency tables to discover unexpected and interesting
patterns that have low lever of support and high level of
confidence. Bing Liu et al. [3] used contingency tables
for pruning and summarizing the discovered correlations
etc. Although the low chi-squared value (less than the
cutoff value, e.g. 3.84 at the 95% significance lever [14])
efficiently indicates that all patterns AB, AB, AB, AB are
independent, that is, A and B, A  and B, A and B,  A and B
are all independent. The high chi-squared value only
indicates that at least one of patterns AB, AB, AB, AB is
not independent, so it is possible that is independent, i.e.
A and B are independent, in spite of the high chi-squared
value. Therefore, when only the presence of items is
considered, in other words, if we do not consider the
correlation relationships of the complements of items, the
chi-squared value is not reasonable for measuring the
correlation degree of A and B.

For other commonly used measures, the measure P(AB)
/ P(A) P(B) [5, 9] does not have proper bounds. P(AB) - P(A)
P(B) [15] is not rational when P(AB) is compared with P(A)
P(B). For example, if P (AB) = 0.02 ,  P (AB) = 0.01,  P (A’B’ )
= 0.99, and P(A’ ) P(B’ ) = 0.99 then P(AB) - P(A) P(B) = P(A’B’)
- P(A’ ) P(B’ ). The correlation degree of A and B is equal to
the correlation degree of A’ and B’according to the mea-

sure P(AB) - P(A) P(B). However, P(AB) / P(A) P(B) = 2 and
P(A’B’ ) / P(A’ ) P(B’ ) = 1.01, the correlation degree of  and
is much higher than the correlation degree of A’ and B’
according to the measure P(AB) / P(A) P(B). We can see
from [21, 22, 23] that the measure correlation confidence
is reasonable and easy to be used for discovering corre-
lation relationships between an itemset.

Finally, in order to classify a new object, CMCCR uses
multiple class-correlation rules and the average correlation
degree to measure the combined effect of group rules.
From our experiments, we can see that the techniques
developed in this paper achieve higher and more stable
classification accuracy than associative classification and
decision tree method.

The article is organized as follows. In section 2, we
comment on some related work. In section 3, some related
concepts are given and an algorithm is developed for
extracting class-correlation rules. Finally, a classifier is
built based on class-correlation rules. Section 4 reports
our experimental results. Section 5 concludes the paper.

2. Related Work

Building accurate and efficient classifiers for large
databases is one of the hot topics in data mining and
artificial Intelligence.   Although there are many approaches
in classification domain, they are extremely different on
generating the class rules from the training data set and
testing a new object. Our work presented in this paper is
related to some existing research of various classification
methods. We therefore comment on some of these in the
following.

1. Generating the set of classification rules from the
training data set. Decision tree method selects the best
attribute with the highest information gain. And then it
builds the decision tree as classification rule set. Xiaoxin
Yin and Jiawei Han introduce three ways of generating
the set of classification rules from the training data set in
[18]. They are FOIL, PRM and CPAR. FOIL uses Foil
gain to select the best literal and add literals one by one,
and then repeatedly searches for the current best rule
and removes all the positive examples covered by the
rule until all the positive examples in the data set are
covered. PRM proposes an algorithm which modifies FOIL
to achieve higher accuracy and efficiency. In PRM, it also
uses Foil gain to select the best literal and add literals
one by one, and yet after an example is correctly covered
by a rule, instead of removing it, its weight is decreased
by multiplying a factor. This “weighted” version of FOIL
produces more rules and each positive example is usually
covered more than once. CPAR builds rules by adding
literals one by one, which is similar to PRM. However,
instead of ignoring all literals except the best one, CPAR
keeps all close-to-the-best literals during the rule building
process. By doing so, CPAR can select more than one
literal at the same time and build several rules
simultaneously. ELEM2 [2] uses a new heuristic function
to guide the heuristic search. The function not only takes
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into account the support of an attribute-value pair, but
also reflects the degree of relevance of an attribute-value
pair to a class label and leads to selection of the most
relevant pairs for formulating rules. CAEP [7] proposes a
new measure growth-rate for finding itemset. It produces
emerge patterns with growth-rate greater than or equal to
the minimum threshold, and then induces class rule set
with these patterns. In associative classification [4],
association rule mining is used to generate candidate rules,
which includes all conjunctions of literals that meet the
minimum support threshold. Then the measure confidence
is used to generate the class association rule set.
Associative classification usually produces a large number
of class association rules, especially when the minimum
support threshold is set to be rather low.

In this paper, CMCCR uses both support and all-
confidence to discover not only frequent but also at the
same time mutually associated itemsets. Then, the
correlation measure correlation confidence is used to
derive the class-correlation rule set from these itemsets.
As a result, our approach generates a smaller set of class
rules than associative classification, and a bigger set of
class rules than traditional classification approaches.

2. Classifying new objects. In this phase, those rules that
have high quality are consists of class rule set. However,
it is a challenging task to select an appropriate rule set
for classifying a new object if the number of rules generated
is huge. In classifying new objects, it is very different
among various classifiers. Some algorithms use one
matching rule and others use multiple matching rules to
predict a new objects’ class label. There are also different
ways to measure the combine effect of the group rules for
classify a new object.

In CBA [4] and ADT [6], they take the most effective rule
from among all the rules mined for classification. CMAR
[11] determines the class label by a set of rules. Given a
new case for prediction, CMAR selects a small set of
high confidence, highly related rules and analyzes the
correlation among those rules. CMAR develop weighted
chi-square to measure the strong of group rule set under
both conditional support and class distribution. CPAR [18]
selects the best k rules for each class and compares the
average expected accuracy of the best k rules of each
class.  CPAR chooses the class with the highest
expected accuracy as the predicted class. CAEP [7] sums
the contributions of the individual EPs. ELEM2 [2] gives a
decision score for each class that the matched rules
indicate.

In this paper, when we obtain all the class-correlations
rules using the minimum correlation confidence threshold,
we do not need prune any rules and directly use these
rules to classify new objects. We use the average
correlation degree to measure the combined effect of group
rules. Then we choose the class with the highest average
correlation degree as the predict class.

3. CMCCR: Classification based on multiple class-
correlation rules\

3.1 Mining Class-correlation Rules
In this section, we first introduce some related definitions,
and then give an example to explain these definitions.
Finally, we develop an algorithm for mining all class-
correlation rules.

In statistical theory, X1, X2, ..., Xn are independent if and
only if Vk and V1 i1< i2< ... < ik  < n,

P(Xi1 Xi2 ... Xik ) = P(Xi1) P(Xi2)... P(Xik)

However, in real database, we can barely get fully
independent relationships between any two objects. In
other words, it is hardly possible that the left of formula
(1) is perfectly equal to the right of formula (1). Therefore,
for an itemset with more than three items, for instance
ABC, even if any two items of ABC is not correlated and
P(ABC) is also closed enough to P(A) P(B) P(C), if there
exists any two items of ABC not fully independence, then
we cannot conclude that any two subsets of ABC are not
correlated. That is to say, it is possible that AC and might
be correlated, even if any two items of ABC are not correlat-
ed.

We use the measure correlation-confidence to evaluate
the degree of correlation relationships between any two
objects. The correlation-confidence of any two objects and
is defined as follows [21]:

According to the conception of correlation in statistical
theory, any two objects and are positive correlated if and
only if C and D have the correlation-confidence greater
than or equal to the given minimum positive correlation
confidence threshold.

The training data set T has m distinct attributes A1, A2, ...,
Am, and a list of classes. Attribute values can be
categorical or continuous. For a categorical attribute
values, all the possible values are mapped to a set of
consecutive positive integers. For continuous attribute
values, the range is discretized into intervals, and the
intervals are also mapped to consecutive positive integers.

In general, we call each attribute-value pair an item. An
itemset  X= ai1, ai2, ..., aik is a set of values of different
attributes. A data object is said to match itemset X, if and
only if for 1 <   j  <  k, the object has attribute value aij.

The number of data objects in T matching itemset X is
called the support count of X, the support of X is the
probability that a data object matches itemset X, denoted
as sup(X). All-confidence [16] of itemset X= ai1, ai2, ..., aik
is defined as follows:

Given a training data set T, let C be a class label. A ruleitem
is the form < condset, C >, where condset is an itemset.
Each ruleitem represents a rule R: condset C. Ruleitem
whose condset has k items is called k-ruleitem.The

(1)

ρ (CD)= P(CD) - P(C) P(D) / P(CD) + P(C) P(D) (2)

allconf (X) = sup(X) / max [sup(ai1) ,..., sup(aik) ] (3)
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support count of the condset (called condsup) is the
number of objects in T  that match the condset. The support
count of the rule (called rulesup) is the number of objects
in T that match the condset and belong to C. The support
of R is (rulesup / |T |)*100%,where |T | is the size of the
dataset, and the confidence of R is (rulesup / condsup)*
100%.

We define a frequent itemset, a mutually associated
itemset, and a class-correlation rule as follows:

Definition 1 (a frequent itemset) itemset X is a frequent
itemset if and only if X has support greater than or equal
to the given minimum support threshold.

Definition 2 (a mutually associated itemset) itemset X
is a mutually associated itemset, if and only if X has all-
confidence greater than or equal to the given minimum
all-confidence threshold.

If itemset X is not only a frequent itemset, but also a
mutually associated itemset, then X is called frequent
and mutually associated itemset.

Definition 3 (a class-association rule) Let R be a rule:
X  R is a class-association rule If and only if condset X
is a frequent and mutually associated itemset, and the
confidence of R greater than or equal to the given minimum
confidence threshold.

Definition 4 (a class-correlation rule) Let R be a rule:
X C.  R is a class-correlation rule If and only if condset
is a frequent and mutually associated itemset, and the
correlation confidence ρ (XC) greater than or equal to the
given minimum positive correlation confidence threshold.
ρ (XC) is called the correlation confidence of R.

We explain these definitions using example 1.

Example1 Given a training data set T as in Table 1. D
and F are class labels. Let the given minimum support be
0.2, the minimum all-confidence be 0.5, the minimum
confidence be 0.5 and the minimum correlation confidence
be 0.1.

id Attribute and label

10 A, B, C, D

20 C, E, D

30 A, C, E, D

40 E, D

50 C, E, F

60 B, F

Table 1. A training data set
We have
ρ (ACD) = P(ACD) - P(AC) P(D) / P(ACD) + P(AC) P(D) = 0.2,
and ρ (CED) = P(CED) - P(CE) P(D) / P(CED) + P(CE) P(D) =
0

so the correlation-confidence of AC and D is 0.2. The
correlation-confidence of CE and D is 0.

Since, AC and CE are all frequent and mutually associated
itemsets, the confidence of rule: CE D is 2 /3, we can
conclude that rule: AC D is a class–correlation rule,
rule: CE D is a class-association rule and not a class–
correlation rule.

To find all class-correlation rules for classification, CMCCR
first mines all frequent and mutually associated itemsets,
and then induces all class-correlation rules from these
itemsets.

CMCCR algorithm is based on Apriori. Both measures
support and all-confidence have downward closure
property. If we find a frequent and mutually associated
itemset X, then candidate rules is generated with X as a
condset. If candidate rule R: X C has correlation
confidence great than or equal to the given minimum
correlation confidence threshold, then rule  is a class-
correlation rule. The general idea of generating class-
correlation rules in CMCCR is shown in example 2.

Example 2 Given a training data set T as shown in Table
2. Let the given minimum support be 0.3, the minimum
all-confidence be 0.5, and the minimum correlation
confidence be 0.1.

id A B C D class

X1 32 55 80 83 90

X2 33 52 80 85 89

X3 33 52 80 85 89

X4 33 55 79 82 90

X5 34 55 79 82 89

X6 34 55 77 82 89

X7 32 55 80 88 90

X8 33 55 79 82 90

Table 2. A training data set

We set the all-confidence of one item 100% . Let Li be the
set of all frequent and mutually associated itemsets with
i items 1< i < 4.  Let Ri be the set of class-correlation rules
with  i items 1< i < 4 as condset.

Then L1={33, 55, 79, 80, 82}, L2={55, 79, 55, 82, 79, 82}, and
L3={55, 79, 82}.

R1={55 79, 79 90}, R2={55 79 90, 79 82 90}, and
R3={55 79 82 90}.

The following is the algorithm of generating all class-
correlation rules of CMCCR.

Algorithm: Mining all class-correlation rules.
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Input: Training data set T ; a minimum Support threshold
ξ; a minimum all-confidence threshold ζ; a minimum
correlation confidence threshold η.

Output: A set of all class-correlation rules.

Dk       : Class label of the k class;

Ck       : Candidate itemsets of size k;

Lk          : Frequent itemsets of size k;

Lk + 1 : Frequent and mutually associated itemsets of size k;

Rk           : Class-correlation rules with  items as condset k;

L1 = {frequent items} L1 L1; R1 φ ;

For ( k = 1; Dk! = φ) do begin

For any itemset X belongs to L1

If ρ (XDk )  then insert  into ;
   End for

For (k =1; Lk! = φ; k + +) do begin

    Ck+1= candidates generated from Lk* Lk ;
     For each transaction t in database do increment the count
of candidates in Ck+1, that are contained in t;

  Lk + 1 = candidates in Ck + 1 with minimum support ;

  Lk + 1 = candidates in Lk + 1 with minimum all-confidence;

For (k=1; Lk! = φ; k + +) do begin

    For any itemset X belong to Lk + 1

    For (k=1; Dk! = φ; k + +) do begin

     If ρ (XDk ) > η

     then insert X Dk into Rk + 1;
     End for
End for

Return ∪ Rk ;
Remark: In the algorithm, the prune step is performed as
follows:

Forall itemsets c ∈Ck + 1 do

         Forall k-subsets s of c do If s ∈ Lk delete c from Ck + 1;

Forall itemsets c ∈Lk + 1 do
        Forall k-subsets s of c do If s ∈ Lk delete c from Lk + 1;

’

’

/

/

 /

/

’
’

’

’

’

/

/

3.2 Classification based on Multiple Rules
In this section, we discuss how to determine the class
label of new objects. CMCCR collects the subset of rules
matching the new object from the set of class-correlation
rules. If all the rules matching the new object have the
same class label, CMCCR just simply assigns that label
to the new object. If the rules are not consistent in class
labels, CMCCR divides the rules into groups according
to the class labels. All rules in a group share the same
class label and each group has a distinct label. Any class-
correlation rule in a group has correlation confidence
between itemsets and the class label.

For example, object X8 in table 2 matches the rule 55 90,
79 90, 55 79 90, 79 82 90 and 55 79 82 90. The
average correlation confidence of all these rules is 0.14.
Object X8 matching rules 55 90, 79 90 and 55 79 90
is called repeatedly matching.

Therefore, in order to avoid repeatedly matching, we use
the average correlation confidence of all rules in same
class to measure the combined effect of group rules and
assign the class label with maximum average  correlation
confidence to the new object.

4. Experiments

All experiments are performed on Mushroom characteristic
dataset. The number of the testing set is 100in all
experiments.

From table 3, we can see that CMCCR has consistently
higher accuracy than decision tree when the training set
is small. We set the minimum support 30% when the
number of training set is equal to or less than 160.
Because the minimum support is large when the training
set becomes big. We set the minimum support 10% when
the number of training set is larger than . We set the
minimum all-confidenceand 50% the minimum correlation
confidence 0.1 .

From table 4, we can see that CMCCR has consistently
high accuracy no matter how the minimum correlation
confidence varied. In table 4, the minimum support and
the minimum all-confidence threshold are set as the same
as in table 3. The minimum correlation confidence is varied
from 0.1 to 0.2.

From table 5, we can see that associative classification
has not consistently high accuracy when the minimum
confidence is varied from 80% to 90%. In table 5, we first
generate all frequent and mutually associated itemset.
Second, we produce all class-association rules using the
minimum confidence instead of the minimum correlation
confidence. Lastly, we use the average confidence to
measure the combined effect of the group rules.  From
table 4 and table 5, we can also see that CMCCR has
higher accuracy than associative classification when the
training set is small.

From table 6, we can see that CMCCR and associative
classification has higher accuracy than decision. In table
6, the number of the training set is varied from 100 to 500.
We set the minimum support 10%, the minimum 50% all-
confidence 90%, the minimum confidence and the
minimum correlation confidence 0.2.

6. Conclusion

Extensive studies show that associative classification has
high classification accuracy in general. However, this
approach also has some weakness. First, it often
generates a huge set of class association rules. Second,
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50 0.987 0.997
70 0.987 0.997
90 0.987 0.997
100 0.987 0.997
120 0.987 0.997
140 0.990 0.997
160 0.990 0.997
180 0.992 0.996
200 0.992 0.996

Training set     decision tree      CMCCR

Table 3. The comparison on accuracy

50 0.997 0.997 0.997
70 0.997 0.997 0.997
90 0.997 0.997 0.997
100 0.997 0.997 0.997
120 0.997 0.997 0.997
140 0.997 0.997 0.997
160 0.997 0.997 0.997
180 0.996 0.996 0.996
200 0.996 0.996 0.996

Training set         0.1        0.15        0.2

Table 4. The comparison of the minimum
correlation confidence of CMCCR

50 0.997 0.997 0.997
70 0.997 0.997 0.997
90 0.983 0.997 0.997
100 0.983 0.997 0.968
120 0.980 0.997 0.997
140 0.978 0.983 0.997
160 0.975 0.983 0.997
180 0.982 0.985 0.997
200 0.999 0.999 0.996

Training set          80%         85%        90%

100 0.987 0.996 0.966
150 0.990 0.996 0.997
200 0.992 0.996 0.996
250 0.995 0.996 0.996
300 0.995 0.996 0.996
350 0.995 0.996 0.996
400 0.995 0.996 0.996
450 0.995 0.996 0.996
500 0.996 0.996 0.996

Table 5. The comparison of minimum confidence of
associative classification

Training set     decision tree     0.2CMCCR          90%

the measure confidence does not reflect the correlation
relationships between itemsets and the class label. To
solve these problems, we proposed a new classification
approach called classification based on multiple class-
correlation rules (CMCCR). CMCCR employs both support
and all-confidence measures to discover frequent and
mutually associated itmesets. And then, CMCCR uses a
new measure correlation confidence to generate class-
correlation rules. Moreover, we use the average correlation
degree to measure the combined effect of group rules.  In
summary, the main contribution is four fold.

1. We propose a new classification approach CMCCR.

Table 6. The Comparison on Accuracy

CMCCR generates frequent and mutually associated
itemsets and thus shrinks the number of class rules
produced.

2. We use correlation confidence to generate the class
correlation rules instead of discovering class-association
rules.

3. In order to avoid matching repeatedly, we use the
average correlation confidence to measure the combined
effect of group rules.

4. CMCCR outperforms associative classification method
in terms of both accuracy and efficiency.

The purpose of the project from which this research stems
is to build a high and stable accuracy classifier. Our plans
for future work include classification application in traditional
Chinese medicine (TCM) data set. Our long-term goal is
to develop a KDD system to analyze the medication
principle in TCM data set.
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