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Abstract

C

lassification is one of the best assets in the field of data mining and machine learning. In
classification problems one can learn a model or a function by the use of training data, then he
or she can use this function (or model) to classify other data that have never been seen before in
the system. One of the classification techniques is to extract association rules from data. This technique
tries to find meaningful relationships between the members of a dataset. These relationships can be
defined by the use of some rules. Recently, the use of associative rules for the purpose of classification
captured a lot of attention among scientists. Researches done in this area, showed the high potential of
association rules for classification. This article tries to use local weighting of inputs (data) for extracting
better rules and then by pruning of association rules enhance the accuracy of classification act. To
estimate the performance of the proposed method, two different set of classification algorithms, classic
classification and classification based on modern association rules, were compared to it. The acquired
results, showed the high capabilities of proposed method in the field of classification.
Keywords: Association rules, local weighting of inputs, classification.

1. Introduction

Association rules show the relationships and dependencies between the items of a large set of data
types. [1] Finding these types of rules are under consideration and they have a variety of applications.
As an example, finding the association rules between large amounts of business interactions can be
used for fraud detection; in addition to that, in the field of medicine [2], and data mining it is used for
web using by users and personalization [3]. Association rules are like A⇒B, A and B are subsets of
possible values and there is a meaningful relationship between A and B. To extract such rules, we have
to look for frequent pattern that appeared together in datasets. For example in the products that
customers bought in a supermarket in most cases, milk and cake were bought together and these two
products allocated a large amount of sales to themselves. The main purpose of this article is to
classification by using association rules. In classification the goal is to assign a label to data (like labeling
an email as a span or in reverse). Usually the main goal of finding association rules is to find
relationships and dependencies and it has nothing to do with targeted search. But in classification the
goal (data label) is obvious. With some improvements we can use association rules extraction to solve
classification problem.

2. Related Work

For the first time in [4], classification was done by the use of association rules and it was named as
‘Classification based on association’ (CBA). In [5] for improving the CBA method, a method called CMAR
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was presented, this method uses FP-growth to extract class rules. FP-growth is a fast method for
association rules extraction [6]. In [5], after class rules extraction, some of these rules were attributed
to a class. By the use of this method a notable improvement were achieved in comparison with CBA
method. In [7], a method based on FOIL [8] which is a method based on learning rules from data and
association rules of a class was used. The method proposed in [9], in contrast to previous methods,
datasets are directly used for the extraction of Correlated Association Rules for classification. This
method increases the accuracy of classification; moreover it reduces the training period.
The method proposed in [10] in addition to positive association rules benefits from negative
association rules. These states, those relations that in them a customer did not bought milk and cake
together are also important. In fact, in negative association rules, there is useful information for
classification. Some of methods that are based on association rules are used in [11] to solve multi class
problems. In HARMONY method [12], with the use of the center of data, rules will be produced. By
benefiting from this mechanism, we can be sure that by each high confidence rule in rules base, a
sample in the training set will be covered. So it will create a rule per each data.
The method proposed in [13] offered three new innovations for classification: 1) it uses
“Information Gain” to create candidate items set. 2) The process of the creation of repetitive items
produces “Integration Rules”. 3) The combination of defense against the redundancy of rules and
conflict strategies along with the process of rule extraction. Another one of the methods that was
proposed for classification based on association rules is MMAC [14]. MMAC is used for multi label
datasets.
In [15] the main concentration was on the overlapping of samples of training data in the process of
association rules production. Due to the overlapping of samples in training datasets, a lot of rules have
redundancy and are useless. This method tries to exclude the overlapped samples to produce stronger
rules. To do that, it benefits from “Rank”. Those produced rules can be used in Multi-label problems.
Another method that has been concentrated on the negative association rules is the method that
was presented in [16]. One of the problems of negative association rule production is the high cost of
creating these rules. In [16], Apiriori algorithm was manipulated so that negative association rules can
be produced efficiently.
The method proposed in [17] extracts association rules in two stages. Firstly, general rules with
smaller lengths will produce. Afterwards, those more specific rules will be extracted, Those rules that
are smaller in length and are more general, are often supported more than other rules in training data.
To produce specific rules much lower min-support is required to produce association rules. In all of
those previously proposed methods, the main concentration was on the improvement of association
rules extraction, in contrast to their work, in this paper we tried to use local weighting of inputs (which
relies on sampling) to improve the accuracy of classification.

3. The Proposed method
Our proposed method will be done in 4 stages. We begin with the weighting of input data, some
data will be produced based on the distribution of dataset. Then these produced data will be added to
the training dataset. Now by using the new dataset, association rules will be extracted. Finally, these
obtained rules will be pruned and classification will be done.
3.1. Local weighting of inputs
In this paper our main concentration is on the weighting of inputs, this weighting will result in the
production of rules with higher quality. The method we used for local weighting of inputs is based on
the sampling of data according to the probability distribution function of inputs. Sampling means that
new training data samples can be produced. With this the support for repetitive values will increase,
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in addition to that, association rules will be produced with higher reliability. The proposed sampling
won’t be done evenly. It means that the function for producing new samples won’t be a uniform
distribution function. By using different distribution functions, different weights can be allocated to
each area of input data (Local weighting). For example, in (figure 1), two balanced classes with 100 two
dimensional (having two features) samples have been shown. One can add new date with arbitrary
distribution per each class and then new models (rule extraction) can be extracted from this class. In
(figure 2) per each class 50 new samples with normal distribution are going to be added. As you can
see in (figure 2), due to the increment in the number of samples in the center of each class, the
resolution power between classes will increase and it is easier to imagine a separate boundary
between two different classes. It can be shown that by weighting of data, usually stronger rules will be
produced in the central areas of data. As data scatters from the center, weaker rules will be produced.
These modifications, improve classification accuracy.

Figure 1: two dimensional dataset with two classes.

Figure 1: Adding samples to weighting the inputs.
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3.1.1. Estimation of probability distribution function: As it was stated in previous example, artificial
data (those data that were produced for the purpose of weighting) must be added to dataset
according to the original data distribution. To do this we have to calculate the probability
distribution function of each one of the classes of the problem. Since the probability function of
original data is not clear we have to estimate the probability of data.
In statistics and probability, density estimation is the process of probability density function
estimation of a random variable by using the visited samples of that variable. Usually it is supposed
that the visited samples were distributed randomly and separately based on the probability
distribution function [19].
The estimation of probability density can be done by using either parametric or non-parametric
method [20]. In this article we used histogram method, to estimate the probability density of the
data in each class. Based on the number of data in each bin, the same number of artificial data in
the same bin will be produced. This strengthens the repetitive items and attenuation of nonrepetitive items.
3.2. Association rules extraction
Since we locally weighted the dataset now can use any algorithm to extract association rules. In this
article we used Appriori algorithm [23], this is one of the well-known algorithms for rule extraction,
and Predictive Apriori algorithm [24] to extract association rules. Predictive Apriori provided a tradeoff between support and confidence, so that there is a better chance of correct prediction for unseen
data. To do this we use a criterion that is called predictive accuracy, this criterion is based on Bayesian
framework and it shows the amount of the interference of support and confidence in the accuracy of
prediction.
3.3. Pruning of extracted rules
After rule extraction, rules have to be pruned, so that the model accuracy and model speed for the
classification of unvisited data enhances. In other words, our proposed method tries to increase
generality by pruning. By pruning of rules according to attraction criterion, rules will be arranged and
some of those rules with higher attraction will be selected, the classification will use this rules.

4. Experimental result
In this section, we are going to compare the results of experiments and then we are going to analyze
them. In addition to that, our proposed method was compared to other common classification
methods that are based on association rules.
4.1. Local weighting of inputs
To study the performance of our purposed method in the field of local weighting of inputs, an
experiment was designed by the authors. This experiment was performed twice, one with common
method (without weighting) and another time with allocating local weights to data, then in both cases
the association rules on the IRIS dataset were obtained. The results of these experiments were
presented in table 1 and table 2. IRIS dataset have four numeric characteristics (SW, SL, PW, PL). In this
experiment, all of the configurations of Apriori algorithm are the same and their only difference is in
weighting. The configuration we used here uses Irani [26] method for discretization. Min-support is
selected as 0.1 and max-support of rules is chose to be 0.9. In addition to that 10 superior association
rules have be chosen for classification.
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Table 1: Extracted rules from IRIS dataset by Apriori algorithm with weighting.
Extracted rule

Class label

Confidence

PL='(-∞ 2.6]'

Setosa

1

PW='(-∞ 0.8]'

Setosa

1

PW='(-∞ 0.8]'

PL='(-∞ 2.6]'

Setosa

1

PL='(-∞ 2.6]'

SL='(-∞ 5.45]'

Setosa

1

PW='(-∞ 0.8]'

SL='(-∞ 5.45]'

Setosa

1

PW='(-∞ 0.8]'

PL='(-∞ 2.6]'

Setosa

1

Virginica

1

Virginica

1

Versicolor

0.99

Versicolor

0.99

SL='(-∞ 5.45]'

PL='(5.15 ∞)'
PL='(5.15 ∞)'

PW='(1.75 ∞)'

PL='(2.6 4.75]'
PL='(2.6 4.75]'

SW='(-∞ 3.05]'

Table 2: Extracted rules from IRIS dataset by Apriori algorithm without weighting.
Extracted rule

Class label

Confidence

PL='(-∞ 2.45]'

Setosa

1

PW='(-∞ 0.8]'

Setosa

1

PW='(-∞ 0.8]'

PL='(-∞ 2.45]'

Setosa

1

PL='(-∞ 2.45]'

SL='(-∞ 5.55]'

Setosa

1

PW='(-∞ 0.8]'

SL='(-∞ 5.55]'

Setosa

1

PW='(-∞ 0.8]'

PL='(-∞ 2.45]'

Setosa

1

SL='(-∞ 5.55]'

PW='(1.75 ∞)'
PW='(1.75 ∞)'

PL='(4.75 ∞)'

PL='(2.45 4.75]'
PL='(2.45 4.75]'

PW='(0.8 1.75]'

Virginica

0.98

Virginica

0.98

Versicolor

0.98

versicolor

0.98

As you can see in table 1 and table 2, weighting changed the distribution of data. As it was expected,
stronger rules were extracted. Table 1 shows that the rules with higher confidence were produced.
Moreover it shows that in classification without weighting SW property was not used however it is
useful and it should be considered. According to table 1, after the weighting of data, this property was
used.
4.2. Pruning of rules (number of rules)
This experiment is related to choosing the number of rules. In this experiment we will investigate
the impact of the number of rules on the accuracy of each model on the IRIS dataset. In this experiment
we did not weight the rules so that we can study the impact of the number of rules, since our main
purpose was to investigate this matter.
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Figure 3: the impact of number of rules on the accuracy of two algorithms.

In the diagram of figure 9 we can see that the predicted Apriori algorithm with few rules functions
better but with a large number of rules, Aprori algorithms performs better.
4.3. Comparison
For the evaluation of our proposed method, we compared our method with two different
categories of classification algorithms. The first category is consisted of classic classification algorithms,
and the second category is consisted of modern classification algorithms (these are based on
association rules). In the first comparison, 5 runs of 10 fold cross validation per each class bands were
used. All of the algorithms that we studied in this section benefits from the default values of Weka
software [27]. The results have been presented in table 3.
Table 3: The comparison of accuracy obtained by our proposed method and other classification algorithms
Proposed Method

Part

C4.5

3-NN

Naïve Bayes

MLP

Iris

95.64

92.27

93.1

92.04

94.65

93.15

tic-tac-toe

95.24

91.52

82.31

95.58

66.36

96.67

Wine

96.96

90.63

92.74

93.58

95.48

95.96

Glass

78.63

66.54

67.54

68.7

46.58

65.88

breast-cancer

74.13

66.09

71.98

69.79

71.53

66.51

In table 4, the proposed method was compared to the methods that were proposed in [4], [13], [28]
and [29]. As it shows the accuracy of our proposed method was significantly improved in most of cases.
Table 4: The comparison of our proposed method with recent proposed methods
Breast-Cancer
Glass
IRIS
Tic-Tac-Toe
Wine

CBC-fs
74.57

CBC
73.42

DA-AC
71.44

GARC
73.84

CBA
74.01

Proposed Method
75.84

71.96

73.23

73.27

67.69

70.9

79.81

92.41

92.82

93.27

93.23

91.38

96.58

98.06

98.38

85.54

99.85

99.26

95.81

90.25

90.05

88.68

82.61

91.25

97.34
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Conclusion
One of the beneficial methods for classification is to use association rules. Association rules state a
meaningful relationship between the items of a dataset and they can be shown with a number of rules.
In this article we used local weighting for inputs (data) to extract higher quality rules. For data
weighting, we used data production based on dataset distribution. Then by the pruning of the
extracted association rules, the accuracy of classification improves. To investigate the performance of
our proposed method, we compared the performance of two categories of classification algorithms,
classic and modern classification algorithms, with the performance of our proposed method. Obtained
results perfectly reflected the capabilities of our purposed methods in the field of classification. In fact,
our proposed method improved the accuracy of classification by extracting the association rules more
precisely and by utilizing the data properties in a more efficient manner.
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