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Abstract
Objective: Data Pre-processing plays a vital role in associative classification
to influence the learning outcome. Feature selection and discretization
methods contribute more in implementing associative classification especially
on gene expression data. The discretization method determines discrete
intervals and these intervals are impacted on number of itemsets to create
a transaction format for generating class association rules. This paper aims
to find a suitable combination of feature selectionand discretization methods
to generate association rules for classifying the cancer gene expression
data. Methods: Three mutual information based features selection methods
joint impurity filter (JIM), joint mutual information filter (JMI) and third-
order joint mutual information filter(JMI3) are considered and five supervised
discretization methods minimum description length principles (MDLP), class-
attribute inter dependence maximization (CAIM), class-attribute contingency
coefficient (CACC), an autonomous discretization algorithm (AMEVA) and chi-
squared Merge (Chi-Merge) are considered for selecting the best combination.
This combination is used in CMAR and CBA associative classification. Findings:
CMAR gives 100% accuracy for the cancer gene expression datasets GSE15781
andGSE2685 for any combination of the assumedfiltermethod and supervised
discretization method. The considered evaluation metrics brier score, F-beta
score, F1 score andAUC curve are also shown that CMARprovides better results
when the information based filter method is combined with the supervised
discretization. Novelty: Proposed method is used to find the informative
genes using the opt mutual information method and discretization method to
predict the gene is affected by cancer or not. The proposed method diagnoses
diseases frommicroarray gene expression data using associative classification
techniques for classifying the cancer gene expression data.
Keywords: Gene expression; Mutual information; Discretization; Associative
classification; CBA; CMAR
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1 Introduction
Machine learning techniques have been used for knowledge discovery in biological systems and popularly association rules
mining is used. In recent decades, association rule mining is used for classification called associative classification. Associative
classification techniques generate the class association rules in the form of (antecedent)→(consequent) statements. The
antecedent represents the attribute values, and the consequent represents the class label (1). Before generating the class
association rules, significant features are to be selected and converted into discrete intervals. Initially raw dataare filtered using
mutual information and are converted into discrete intervals using discretization.Then the discretized data sets are transformed
into transactional data format. Number oftransactions in the transaction dataset is determined by the discretization methods.
Number of class association rule is determined based on number of transactions. Transaction datasets are used to generate
class association rules. If the number of transaction is increased then generating class association rules and execution time
of the classification areincreased. If the number of transactions is decreased then association rules and execution time of
the classification modelare decreased. Selecting opt mutual information and discretization methods for the labeled dataset
isessential to create the class transaction data without loss of information. This paper mainly focuses on two pre-processing
methods namely mutual information based filter methods and discretization methods for the associative classification to
identify the informative genes and to predict the gene is affected by cancer or not. Data preprocessing is an important step in
associative classification to optimize the training time and outcome (2). Results of the classification model are impacted by the
quality of the input features (3). Gakii and Rimiru (4) have analyzed cancer related genes using feature selection and association
rule mining. Identifying informative genes from large amounts of data is always a challenging one. Feature selection reduces
the complex data into a data with lesser number of features. Robindro et al. (5) have introduced joint mutual information with
class relevance for selecting mutual information.The joint mutual information with class relevance method was compared with
other filter-basedmethods on various classifications algorithms and found its better performance. Salem et al. (6) have proposed
a fuzzy joint mutual information based on ideal vector to extract significant features with minimum computational time and
improved the classification performance. Bommert et et al. (7) have reviewed 16 high dimensional classification data sets and 22
filter methods onmachine learning algorithms and concluded that the filter basedmethods can be combined with anymachine
learning model and it heavily reduce the run time of machine learning algorithms. Discretization is a data preprocessing that
also plays a vital role in the associative classification (8). Discretization techniques are classified as supervised and unsupervised
methods. The unsupervised discretization converts the continuous data into discrete intervals using user specification but
the supervised discretization uses class label to convert the continuous data into discrete intervals. Varghese and Sundari (9)
have compared the performance of random forest classifiers after discretization preprocessing. They have pointed out that
discretization improves the accuracy of random forest classification algorithms. Putri et al. (10) have analyzed the performance of
equal width and equal frequency unsupervised discretizationmethods on data features in classification process and significantly
improved the accuracy in classification models. It has been observed from the existing studies that selecting subset of mutual
information and preparing best discretization intervals are essential for the associative classification. Based on the discretization,
number of class intervals varied. This work aims to generate minimal number of discretization intervals for gene expression
for better classification. This paper suggests a method to determine filter based feature selection method with the supervised
discretization for the effective associative classification for the gene expression data. Methods are explained in section 2 and
section 3 describes experimental results and discussion.

2 Methodology
Performance of the associative classifications CBA (Classification Based on Associations) and CMAR (Classification based
on Multiple Association Rules) with the three different mutual information based features selection methods and five different
supervised discretizationmethods are analyzed to find the combination which is better in identifying the informative genes and
predicting whether the gene is affected by cancer or not. Figure 1 depicts the schematic diagram of the proposed associative
classification. The proposed method has three phases, mutual information filter, discretization and associative classification.

2.1 Mutual Information Filter

Entropy and mutual information in the information theory are widely used for feature selection (11), (12), (13). In this work,
informative gene expression is selected by using any one of themutual information based feature selectionmethods jointmutual
information filter, joint impurity filter and third-order joint mutual information.
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Fig 1. Schematic representation of proposed associative classification

2.1.1. Joint Mutual Information Filter
The joint mutual information filter (11) uses maximal mutual information. It starts by finding maximal mutual information for
each feature of each class label. Then sorts the features in descending order based on the maximal mutual information which is
found. Required number of top features can be selected for further processing.The JMImutual informative features are selected
usingEq. (1), where𝐶 ,𝑆,𝑊 and𝐷 represent the available features, set of features, selected features and class labels respectively.

𝐽𝑀𝐼(𝐶) = ∑𝑊∈𝑆(𝐶,𝑊;𝐷) (1)

2.1.2. Joint Impurity Filter
Joint impurity filter (11) is similar to JMI filter method but in addition it uses Gini impurity score to select significant features. It
executes faster. After finding maximal mutual information for each feature, impurity score for each feature is calculated based
on themaximal mutual information. Now features are sorted in descending order based on impurity score. Required number of
top features can be selected for generating association rules. The impurity score is calculated using Eq. (2). 𝐺(𝐶,𝐷)is the Gini
impurity gain for𝐷where 𝑃𝑐𝑑 is a distribution of the joint states of 𝐶 and D , while𝑃𝑐 and 𝑃𝑑 represent respective marginal
values.

𝐺(𝐶,𝐷) = ∑𝑐𝑑
𝑃 2

𝑐𝑑
𝑃𝑐

−∑
𝑐𝑑

𝑃 2
𝑑 (2)

2.1.3. Third-order Joint Mutual Information Filter
JMI3method calculates themutual information between every consecutive two features based on joint probability distribution.
It works like joint mutual information filter except that themutual information are calculated for every consecutive two features
and the class label 𝐷. Then, it greedily adds features with a maximal value to filter the gene expression using Eq. (3), where S
represents set of available features, 𝐶represents the two selected gene features, D represente the class label and 𝑈,𝑊 are the set
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of selected features.

𝐽(𝐶) = 1
2 ∑

(𝑈,𝑊)∈𝑆
𝐼(𝐶,𝑈,𝑊;𝐷) (3)

2.2 Supervised Discretization

In this phase, gene expression values are replaced with distinct intervals using a discretization technique. Five supervised
discretization methods minimum description length principle, class-attribute inter dependence maximization, class-attribute
contingency coefficient, autonomous discretization algorithm and Chi-merge discretization are considered for choosing the
best.

2.2.1. Minimum Description Length Principle
Minimum description length principle (MDLP) follows top down approach (14), (15), (16). This method uses class information to
split the data into intervals and choose useful cut-points. The MDLP process is explained in the Algorithm 1.

Algorithm 1: MDLP Discretization
Input: Mutual informative gene expression
Output: Discretized Gene Expression
Process:
Begin
Step1: Read the mutual informative gene expression
Step2: Sort the gene expression values
Step3: Calculate entropy H(X)for the gene expression data using eq. (4), where𝑃𝑐 represents the probability of class 𝑐. log2

represents the information encoded in bits.

𝐼𝑛𝑓𝑜(𝑆) = −∑ 𝑃𝑐 log2 (𝑃𝑐) (4)

Step4: Search a suitable cut point with the lowest entropy
Step5: Spilt the continuous gene expression values according to the cut point using minimum
Descriptionlength principle
Step6: Repeat steps 4-5 until all the continuous values are discretized.
End

2.2.2. Class-Attribute Interdependence Maximization
The CAIM discretization algorithm is follows a top down approach (16). The CAIM algorithm maximizes the class attribute
interdependence and used to find the minimal number of discrete intervals. This discretization process is explained in the
Algorithm 2.

Algorithm 2: CAIMDiscretization
Input: Mutual informative gene expression
Output: Discretized Gene Expression
Process:
Begin
Step1: Read the mutual informative gene expression
Step2: Sort the gene expression values
Step3: CAIM is calculated between the class and its attributes using the Eq. (5) to spilt the
continuous gene expression into discrete intervals

𝐶𝐴𝐼𝑀 =
∑𝑛

𝑐=1
𝑚2

𝑐
𝐷 +𝑐

𝑛
(5)

Where 𝑐 = 1,2, ...,𝑛,𝑚2
𝑐 is the maximum value within the 𝑐th column of the matrix. 𝐷 + 𝑐 is the total number of continuous

values of gene attribute that are within the interval.
Step4: Repeat step 3 until all the continuous values are discretized
End
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2.2.3. Class-Attribute Contingency Coefficient
The CACC discretization algorithm (16) uses a class label for discretizing the data. It works on top down approach and uses
contingency coefficient to find the number of discrete intervals. The CACC discretization process is explained in the algorithm
3.

Algorithm 3: CACC Discretization
Input: Mutual informative gene expression
Output: Discretized Gene Expression
Process:
Begin
Step1: Read the mutual informative gene expression
Step2: Sort the gene expression values
Step3:Contingency coefficient value is calculated between class variable and attributes using
the Eq. (6) to spilt the continuous gene expression into discrete intervals

𝐶𝐴𝐶𝐶 = √ 𝑦
𝑦 +𝑆 (6)

where 𝑦 = 𝜒2

𝑙𝑜𝑔(𝑛) , 𝑆is the total number of attributes, n is the number of discretized
intervals and y is the chi-square statistic.
Step4: Repeat step 3 until discretize all the continuous values
End

2.2.4. Autonomous Discretization Algorithm
Anautonomous discretization [AMEVA] is based on theChi-squared test. AMEVA (16) follows top down approach.TheAMEVA
uses chi-squared statistic for optimal discretization and provides less number of intervals.The AMEVAdiscretization process is
explained in the algorithm 4.

Algorithm 4: AMEVADiscretization
Input: Mutual informative gene expression
Output: Discretized Gene Expression
Process:
Begin
Step1: Read the mutual informative gene expression
Step2: Sort the gene expression values
Step3: AMEVA is calculated using the Eq. (7) to spilt the continuous gene expression into
discrete intervals,where 𝑑 is a number of intervals, 𝑐 is a number of classes.

𝐴𝑚𝑒𝑣𝑎(𝑑) = 𝜒2(𝑑)
𝑑 ∗ (𝑐 −1) (7)

Step 4: Repeat step 3 until discretize all the continuous values
End

2.2.5. Chi-Merge Discretization
Chi-Merge discretization (16) follows abottom-up approach. It uses the chi-squared statistic to determine whether the class
frequencies of adjacent intervals are distinctly different or similar, to merge them into a single interval. The Chi-Merge
discretization process is explained in the algorithm 5.

Algorithm 5: Chi-Merge Discretization
Input: Mutual informative gene expression
Output: Discretized Gene Expression
Process:
Begin
Step1: Read the mutual informative gene expression
Step2: Sort the gene expression values
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Step3: Compute the 𝜒2 value for each pair of adjacent intervals using Eq. (8).

𝜒2 = ∑2
𝑖=1 ∑𝑘

𝑗=1
(𝐴𝑖𝑗 −𝐸𝑖𝑗)2

𝐸𝑖𝑗
(8)

where 𝑘 represents number of classes, 𝐴𝑖𝑗 represents number samples in the 𝑖th interval
of the 𝑗th class. 𝐸𝑖𝑗 represents the expected (𝑅𝑖∗𝐶𝑗)

𝑁 frequency of 𝐴𝑖𝑗,𝑅𝑖 represents number
of samples in the 𝑖th interval and 𝐶𝑗 represents number of samples in the 𝑖th class and
𝑁represents total number of samples on the two intervals.
Step4: Merge the pair of adjacent intervals with the lowest 𝜒2 value.
Step5: Repeat steps 3 and 4 until all the continuous values are discretized.

2.3 Associative Classification
In this phase, two associative classification methods namely CBA and CMAR are used to classify the data. Discretized features
are fed into the CBA (17) and CMAR (18) classifiers to generate class association rules. CBA algorithm follows the apriori based
approach and CMAR follows the FP-growth based approach. Associative classification methods generate the association rules
in the form of (itemsets)→(class label) statements. A class association rule is an association rule (19) where the antecedent of
the rules contains gene items and consequent of the rule is class label for classification. In the associative classification, first
discretized data are transformed into the transaction data. Then the frequent itemsets are generated from the transaction data.
Finally, class association rules are generated from the frequent itemsets.

2.3.1. Accuracy
Associative Classification prediction accuracy 𝐴𝐶 is calculated using Eq. (9) where 𝑇𝑝 is the True Positive which represents
correctly detected diseased genes of cancer patients. 𝐹𝑛 is the False Negative which represents wrongly detected diseased genes
of cancer.

𝐴𝐶 = 𝑇𝑝 +𝑇𝑛
𝑇𝑝 +𝑇𝑛 +𝐹𝑝 +𝐹𝑛

(9)

3 Results and Discussion
Experiments are carried outwithRTool.Themicroarray data colorectal cancerwith the accessionnumberGSE15781 and gastric
cancer dataset with the accession number GSE2685 are downloaded from the Gene Expression Omnibus (GEO) database (20).
GSE15781 dataset consists of the samples with 13 cancer tissues and 10 normal tissues of colorectal cancer patients. GSE2685
consists of samples with 22 primary cancer tissues and 8 noncancerous tissues of gastric cancer patients. Table 1 describes the
data set.

Table 1.Overview of the microarray datasets
Dataset GSE ID No. of gene

Features
No. of samples No. of

cancer
samples

No. of
normal samples

Colorectal Cancer GSE15781 32879 23 13 10
Gastric Cancer GSE2685 7129 30 22 8

Raw data consist of thousands of gene features are filtered using mutual information methods. Top 50 genes associated with
colorectal cancer and gastric cancer are identified using the JIM, JMI and JMI3 mutual information methods. The selected
mutual informative data are fed into the five different discretization methods. Table 2 represents number of transaction sets
created from three mutual information methods and five discretization methods. It is observed from Table 2 that the MDLP
discretization method provides less number of itemsets for the JIM, JMI and JMI3 filter methods.

3.1 Performance Analysis

Performance of the proposed work is evaluated using Accuracy, Brier Score, F-Beta score and F1 Score (21). The Brier
score measures the mean squared difference between the predicted probability and the actual outcome. The Brier score is used
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Table 2. Transaction and itemsets created from mutual Information and discretization methods
Dataset Mutual Information

Methods
K- Mutual
Important
Features

Discretization No. of
Transactions

No. of
Itemsets

GSE15781 JIM 50 MDLP 18 89
JIM 50 CAIM 18 202
JIM 50 CACC 18 253
JIM 50 AMEVA 18 221
JIM 50 Chi Squared

Merge
18 179

GSE15781 JMI 50 MDLP 18 89
JMI 50 CAIM 18 203
JMI 50 CACC 18 256
JMI 50 AMEVA 18 225
JMI 50 Chi Squared

Merge
18 185

GSE15781 JMI3 50 MDLP 18 84
JMI3 50 CAIM 18 204
JMI3 50 CACC 18 256
JMI3 50 AMEVA 18 224
JMI3 50 Chi Squared

Merge
18 167

GSE2685 JIM 50 Entropy 24 100
JIM 50 CAIM 24 202
JIM 50 CACC 24 211
JIM 50 AMEVA 24 206
JIM 50 Chi Squared

Merge
24 122

GSE2685 JMI 50 Entropy 24 98
JMI 50 CAIM 24 202
JMI 50 CACC 24 224
JMI 50 AMEVA 24 204
JMI 50 Chi Squared

Merge
24 125

GSE2685 JMI3 50 Entropy 24 96
JMI3 50 CAIM 24 198
JMI3 50 CACC 24 231
JMI3 50 AMEVA 24 202
JMI3 50 Chi Squared

Merge
24 134

to identify the error rate of the associative classificationmodel.The value of the Brier score is always between 0.0 and 1.0, where
0 represents a perfect model and 1 represents worst model. The F-beta score is the weighted mean of precision and recall. The
score ranges between 0 and 1. The closer the 1 represents the best associative classification model. The F1 score is calculated as
the mean of the precision and recall scores. F1-score ranges between 0 and 1. The closer to 1 represents the better associative
classification model.

Table 3 represents the performance of the CBA and CMAR algorithm on three mutual information methods and five
discretizationmethods. Performance is evaluated in terms of accuracy and time taken for classification when the support count
is 20% and confidence is 100%. With the combination of MDLP discretization and JIM, JMI and JMI3 filter methods, CBA
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Table 3. Accuracy and Execution Time with support count 20% and confidence 100%

Dataset Mutual Information
Methods

Discretization No. of
Transactions

No. of
Itemsets

CBA CMAR

Accu-
racy

Time
(Sec.)

Accu-
racy

Time
(Sec.)

GSE15781 JIM MDLP 18 89 100 3.53 100 0.34
CAIM 18 202 100 2.68 100 0.33
CACC 18 235 60 1.84 100 0.34
AMEVA 18 221 80 1.99 100 0.34
Chi Squared
Merge

18 179 80 1.49 100 0.34

GSE15781 JMI MDLP 18 89 100 3.19 100 0.34
CAIM 18 203 100 2.71 100 0.33
CACC 18 256 100 1.83 100 0.34
AMEVA 18 225 80 2.52 100 0.34
Chi Squared
Merge

18 185 20 1.66 100 0.34

GSE15781 JMI3 MDLP 18 84 100 3.2 100 0.81
CAIM 18 204 60 2.68 100 0.33
CACC 18 256 80 1.74 100 0.34
AMEVA 18 224 40 2.14 100 0.35
Chi Squared
Merge

18 167 100 1.67 100 0.34

GSE2685 JIM MDLP 24 100 66.67 5.02 100 9.54
CAIM 24 202 83.33 2.22 100 1.12
CACC 24 211 83.33 2.57 100 1.12
AMEVA 24 206 83.33 2.36 100 1.09
Chi Squared
Merge

24 122 66.67 4.13 100 15.99

GSE2685 JMI MDLP 24 98 16.67 4.94 100 9.51
CAIM 24 202 16.67 2.89 100 1.1
CACC 24 224 16.67 2.77 100 1.09
AMEVA 24 204 16.67 3.03 100 1.1
Chi Squared
Merge

24 125 83.33 4.12 100 15.75

GSE2685 JMI3 MDLP 24 96 83.33 4.99 100 7.66
CAIM 24 198 83.33 2.43 100 0.95
CACC 24 231 100 2.49 100 1.11
AMEVA 24 202 83.33 2.68 100 0.96
Chi Squared
Merge

24 134 83.33 4.14 100 16.92
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algorithm provides 100% accuracy for the GSE15781 dataset but CMAR algorithm provides 100 % accuracy for the GSE15781
and GSE2685 gene expression datasets.

Table 4. Accuracy and Execution Time with support count 50% and confidence 100%
Dataset Mutual Information

Methods
Discretization No. of

Transactions
No. of
Itemsets

CBA CMAR

Accu-
racy

Time
(Sec.)

Accu-
racy

Time
(Sec.)

GSE15781 JIM MDLP 18 89 100 0.73 100 0.31
CAIM 18 202 100 0.38 100 0.31
CACC 18 253 100 0.36 100 0.33
AMEVA 18 221 100 0.35 100 0.33
Chi Squared
Merge

18 179 100 0.35 100 0.33

GSE15781 JMI MDLP 18 89 100 0.75 100 0.31
CAIM 18 203 100 0.35 100 0.31
CACC 18 256 100 0.35 100 0.33
AMEVA 18 225 100 0.33 100 0.33
Chi Squared
Merge

18 185 100 0.34 100 0.33

GSE15781 JMI3 MDLP 18 84 100 0.84 100 0.8
CAIM 18 204 100 0.34 100 0.36
CACC 18 256 100 0.33 100 0.34
AMEVA 18 224 100 0.33 100 0.35
Chi Squared
Merge

18 167 100 0.36 100 0.34

GSE2685 JIM MDLP 50 100 50 2.15 100 9.34
CAIM 50 202 50 2.26 100 1.08
CACC 50 211 50 2.13 100 1.15
AMEVA 50 206 50 2.11 100 1.13
Chi Squared
Merge

50 122 50 1.6 100 16.86

GSE2685 JMI MDLP 50 98 100 1.99 100 9.31
CAIM 50 202 83.33 2.2 100 1.07
CACC 50 224 100 1.63 100 0.94
AMEVA 50 204 83.33 1.76 100 1.09

GSE2685 JMI3 Chi Squared
Merge

50 125 100 1.55 100 14.78

MDLP 50 96 100 1.51 100 8.02
CAIM 50 198 83.33 2.08 100 1.07
CACC 50 231 83.33 1.07 100 1.1
AMEVA 50 202 83.33 1.23 100 0.99
Chi Squared
Merge

50 134 100 0.73 100 16.14

Table 4 represents the performance of the CBA and CMAR algorithm for the support count 50% and the confidence 100%.
With the combination of MDLP discretization and JIM, JMI and JMI3 filter methods, CBA provides 100% accuracy for the
GSE15781 dataset but CMAR algorithm provides 100% accuracy for the GSE15781 and GSE2685 datasets.

Table 5 represents the performance of the combination of the discretization method MDLP with the filter methods JIM,
JMI and JMI3. It is observed that CBA provides best Brier Score, F-Beta Score and F1 score for the GSE15781 dataset. But the
CMAR algorithm provides best Brier Score, F-Beta Score and F1 score for the datasets GSE15781 and GSE2685.
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Table 5. Evaluation Metrics of the Proposed Method with support count 20% and confidence 100%

Dataset Mutual Information + Discretization CBA CMAR
Accu-
racy

Brier
Score

F1
Score

F-Beta
Score

Accu-
racy

Brier
Score

F1
Score

F-Beta
Score

GSE15781 JIM + MDLP 100 0.0 1.0 1.0 100 0.0 1.0 1.0
JIM + CAIM 100 0.0 1.0 1.0 100 0.0 1.0 1.0
JIM + CACC 60 0.40 0.66 0.75 100 0.0 1.0 1.0
JIM + AMEVA 80 0.20 0.85 0.83 100 0.0 1.0 1.0
JIM + Chi Squared
Merge

80 0.20 0.85 0.83 100 0.0 1.0 1.0

GSE15781 JMI + MDLP 100 0.0 1.0 1.0 100 0.0 1.0 1.0
JMI + CAIM 100 0.0 1.0 1.0 100 0.0 1.0 1.0
JMI + CACC 100 0.0 1.0 1.0 100 0.0 1.0 1.0
JMI + AMEVA 80 0.20 0.85 0.83 100 0.0 1.0 1.0
JMI + Chi Squared
Merge

20 0.80 0.33 0.41 100 0.0 1.0 1.0

GSE15781 JMI3 + MDLP 100 0.0 1.0 1.0 100 0.0 1.0 1.0
JMI3 + CAIM 60 0.40 0.66 0.75 100 0.0 1.0 1.0
JMI3 + CACC 80 0.20 0.85 0.83 100 0.0 1.0 1.0
JMI3 + AMEVA 40 0.60 0.40 0.62 100 0.0 1.0 1.0
JMI3 + Chi Squared
Merge

100 0.0 1.0 1.0 100 0.0 1.0 1.0

GSE2685 JIM + MDLP 66.67 0.33 0.75 0.88 100 0.0 1.0 1.0
JIM + CAIM 83.33 0.16 0.88 0.95 100 0.0 1.0 1.0
JIM + CACC 83.33 0.16 0.88 0.95 100 0.0 1.0 1.0
JIM + AMEVA 83.33 0.16 0.88 0.95 100 0.0 1.0 1.0
JIM + Chi Squared
Merge

66.67 0.33 0.75 0.88 100 0.0 1.0 1.0

GSE2685 JMI + MDLP 16.67 0.83 0.29 0.38 100 0.0 1.0 1.0
JMI + CAIM 16.67 0.83 0.29 0.38 100 0.0 1.0 1.0
JMI + CACC 16.67 0.83 0.29 0.38 100 0.0 1.0 1.0
JMI + AMEVA 16.67 0.83 0.29 0.38 100 0.0 1.0 1.0
JMI + Chi Squared
Merge

83.33 0.16 0.88 0.95 100 0.0 1.0 1.0

GSE2685 JMI3 + MDLP 83.33 0.16 0.88 0.95 100 0.0 1.0 1.0
JMI3 + CAIM 83.33 0.16 0.88 0.95 100 0.0 1.0 1.0
JMI3 + CACC 100 0.0 1.0 1.0 100 0.0 1.0 1.0
JMI3 + AMEVA 83.33 0.16 0.88 0.95 100 0.0 1.0 1.0
JMI3 + Chi Squared
Merge

83.33 0.16 0.88 0.95 100 0.0 1.0 1.0

Table 6 represents the combination of the five discretization methods with the filter methods JIM, JMI and JMI3. It has been
observed from the table that CBA provides best Brier Score, F-Beta Score and F1 score for the GSE15781 dataset. But the CMAR
algorithm provides best Brier Score, F-Beta Score and F1 score for the datasets GSE15781 and GSE2685.

Figure 2 depicts theAUC curve of the proposedmethods on the colorectal and gastric cancer data sets. It is observed from the
experiments that MDLP supervised discretization provides less number of intervals and is highly impacted on class association
rules to give good results on accuracy, Brier score, F-beta score, F1 score and AUC curve.

TheTable 7 compares the proposedworkwith the existingmethods (10) for the cancer gene expression datasets GSE15781 and
GSE2685.The existingmethods use unsupervised discretizationmethods namely equal width interval binning, equal frequency,
and K-Means clustering discretizations to discrete the intervals based on a user specified k value. Number of intervals increased
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Table 6. Evaluation Metrics of the Proposed Method with support count 50% and confidence 100%

Dataset Mutual Information + Discretization CBA CMAR
Accu-
racy

Brier
Score

F1
Score

F-Beta
Score

Accu-
racy

Brier
Score

F1
Score

F-Beta
Score

GSE15781 JIM + MDLP 100 0.0 1.0 1.0 100 0.0 1.0 1.0
JIM + CAIM 100 0.0 1.0 1.0 100 0.0 1.0 1.0
JIM + CACC 100 0.0 1.0 1.0 100 0.0 1.0 1.0
JIM + AMEVA 100 0.0 1.0 1.0 100 0.0 1.0 1.0
JIM + Chi Squared
Merge

100 0.0 1.0 1.0 100 0.0 1.0 1.0

GSE15781 JMI + MDLP 100 0.0 1.0 1.0 100 0.0 1.0 1.0
JMI + CAIM 100 0.0 1.0 1.0 100 0.0 1.0 1.0
JMI + CACC 100 0.0 1.0 1.0 100 0.0 1.0 1.0
JMI + AMEVA 100 0.0 1.0 1.0 100 0.0 1.0 1.0
JMI + Chi Squared
Merge

100 0.0 1.0 1.0 100 0.0 1.0 1.0

GSE15781 JMI3 + MDLP 100 0.0 1.0 1.0 100 0.0 1.0 1.0
JMI3 + CAIM 100 0.0 1.0 1.0 100 0.0 1.0 1.0
JMI3 + CACC 100 0.0 1.0 1.0 100 0.0 1.0 1.0
JMI3 + AMEVA 100 0.0 1.0 1.0 100 0.0 1.0 1.0
JMI3 + Chi Squared
Merge

100 0.0 1.0 1.0 100 0.0 1.0 1.0

GSE2685 JIM + MDLP 50 0.5 0.57 0.76 100 0.0 1.0 1.0
JIM + CAIM 50 0.5 0.57 0.76 100 0.0 1.0 1.0
JIM + CACC 50 0.5 0.57 0.76 100 0.0 1.0 1.0
JIM + AMEVA 50 0.5 0.57 0.76 100 0.0 1.0 1.0
JIM + Chi Squared
Merge

50 0.5 0.57 0.76 100 0.0 1.0 1.0

GSE2685 JMI + MDLP 100 0.0 1.0 1.0 100 0.0 1.0 1.0
JMI + CAIM 83.33 0.16 0.88 0.95 100 0.0 1.0 1.0
JMI + CACC 100 0.0 1.0 1.0 100 0.0 1.0 1.0
JMI + AMEVA 83.33 0.16 0.88 0.95 100 0.0 1.0 1.0
JMI + Chi Squared
Merge

100 0.0 1.0 1.0 100 0.0 1.0 1.0

GSE2685 JMI3 + MDLP 100 0.0 1.0 1.0 100 0.0 1.0 1.0
JMI3 + CAIM 83.33 0.16 0.88 0.95 100 0.0 1.0 1.0
JMI3 + CACC 83.33 0.16 0.88 0.95 100 0.0 1.0 1.0
JMI3 + AMEVA 83.33 0.16 0.88 0.95 100 0.0 1.0 1.0
JMI3 + Chi Squared
Merge

100 0.0 1.0 1.0 100 0.0 1.0 1.0

or decresed based on the user specified k values and information loss also occurs. The proposed method uses five different
supervised discretization methods to discretize the gene features into set of gene intervals using the class information. It creates
transaction data without any loss of information to generate class association rules.

It is observed from Table 7 that when the user specifies k-value as 2 in the unsupervised discretization methods namely
equal width interval, equal frequency and K-Means cluster then Naïve Bayes classifer gives 91.67% accuracy, but it gives
100% classification accuracy when the k-value is selected as 3 for the dataset GSE15781. But for the dataset GSE2685, 80%
accuracy is obtained when the interval is 2 but 100% accuracy is obtained when the interval is 3. But any combination of the
supervised discretization and CMAR provides 100% of accuracy without specifying the k-intervals for the gene expression data
sets GSE15781 and GSE2685. Similarly the combination of MDLP discretization and CBA provides 100% of accuracy without
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Fig 2.The Area Under the Curve for GSE2685 and GSE15781

Table 7. Comparision of proposed work with the existing methods

Dataset Discretization + Classification Accuracy in %
User Specified
K-Intervals (K=2)

User Specified
K-Intervals (K=3)

GSE15781

Equal Width Interval + Naïve
Bayes (10)

91.67 100

Equal Frequecy + Naïve
Bayes (10)

91.67 100

K-Means Cluster + Naïve Bayes 91.67 100
Proposed Method (MDLP dis-
cretization+ CBA)

Provides 100% accuracy without specify the K
user intervals

Proposed Method (any com-
bination of the supervised dis-
cretization method + CMAR)

Provides 100% accuracy without specify the K
user intervals

GSE2685
Equal Width Interval + Naïve
Bayes (10)

80 100

Equal Frequecy + Naïve
Bayes (10)

80 100

K-Means Cluster + Naïve Bayes 80 100
Proposed Method (any com-
bination of the supervised dis-
cretization method + CMAR)

Provides 100% accuracy without specify the K
user intervals

specifying the k-intervals for the gene expression data GSE15781. It is observed from the Table 7 that the proposed model
performs well than the existing model (10). It is observed that supervised discretization finds optimal gene intervals which leads
to build more accurate models for gene expression data and improves the classification performance.

4 Conclusion
Discretization and feature selection methods are highly impacted on the outcome of the associative classification. Three
mutual information based features selection methods namely joint impurity filter (JIM), joint mutual information filter
(JMI) and third-order joint mutual information filter(JMI3) and five supervised discretization methods namely minimum
description length principles (MDLP), class-attribute interdependence maximization (CAIM), class-attribute contingency
coefficient (CACC), an autonomous discretization algorithm (AMEVA) and chi-squared Merge (ChiMerge) are tested with
different combinations. When a filter method JIM or JMI or JMI3 is associated with MDLP discretization, CBA provides 100%
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classification accuracy for GSE15781. For any combination of the assumed filter method and supervised discretizationmethod,
CMAR associative classification gives 100% accuracy for the cancer gene expression datasets GSE15781 and GSE2685. The
considered evaluation metrics Brier score, F-beta score, F1 score and AUC curve are also shown that CMAR provides good
results when the information based filter method is combined with the supervised discretization. Proposed method is used
to find the informative genes to predict the gene is affected by cancer or not. The proposed method diagnoses diseases from
microarray gene expression data using associative classification techniques. The proposed method uses mutual information
filtermethods, discretization techniques and generates class association rules for classifying the cancer gene expression data.The
proposed method produces feasible number of distinct gene intervals which improves the classification accuracy andminimize
computation time.
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