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Abstract
Breast cancer is the leading cause of cancer death among
women. Screening mammography is the only method
currently available for the reliable detection of early and
potentially curable breast cancer. Research indicates that the
mortality rate could decrease by 30% if women age 50 and
older have regular mammograms. The detection rate can be
increased 5-15% by providing the radiologist with results from
a computer-aided diagnosis (CAD) system acting as a second
opinion. However, among screening mammograms routinely
interpreted by radiologists, very few (approximately 0.5%)
cases actually have breast cancer. It would be beneficial if an
accurate CAD system existed to identify normal
mammograms and thus allowing the radiologist to focus on
suspicious cases. This strategy could reduce the radiologist's
workload and improve screening performance. Image mining
is concerned with knowledge discovery in image databases.
Since mammography is considered as the most effective
means for breast cancer diagnosis, this paper introduces multi
dimensional genetic association rule mining for classification
of mammograms. The image Data mining approach has four
major steps: Preprocessing, Feature Extraction, Preparation
of Transactional database and multi dimensional genetic
association rule mining. The purpose of our experiments is to
explore the feasibility of data mining approach.. Results will
show that there is promise in image mining based on multi
dimensional genetic association rule mining. It is well known
that data mining techniques are more suitable to larger
databases than the one used for these preliminary tests.
Computer-aided method using association rule could assist
medical staff and improve the accuracy of mammogram
detection. In particular, a Computer aided method based on
association rules becomes more accurate with a larger dataset
.Experimental results show that this new method can quickly
and effectively mine potential association rules.
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1. INTRODUCTION
Breast Cancer is one of the most common cancers, leading
to cause of death among women, especially in developed
countries. There is no primary prevention since cause is
still not understood. So, early detection of the stage of
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cancer allows treatment which could lead to high survival
rate. Mammography is currently the most effective
imaging modality for breast cancer screening. However,
10-30% of breast cancers are missed at mammography
[1]. Mining information and knowledge from large
database has been recognized by many researchers as a
key research topic in database system and machine
learning Researches that use data mining approach in
image learning can be found in [2,3].
Data mining of medical images is used to collect effective
models, relations, rules, abnormalities and patterns from
large volume of data. This procedure can accelerate the
diagnosis process and decision-making. Different methods
of data mining have been used to detect and classify
anomalies in mammogram images such as wavelets [4,5],
statistical methods and most of them used feature
extracted using image processing techniques [6].Some
other methods are based on fuzzy theory [7,8] and neural
networks [9]. In this paper we have used classification
method called a novel Multidimensional Genetic
Association Rule Miner (MGARM) is proposed for rule
construction. The result shows that the proposed rulebased approach reaches the classification accuracy over
96% and also demonstrates the use and effectiveness of
association rule mining in image classification [10-12].
Classification process typically involves two phases:
training phase and testing phase. In training phase the
properties of typical image features are isolated and based
on this training class is created .In the subsequent testing
phase , these feature space partitions are used to classify
the image. We have used supervised genetic association
rule method by extracting low level image features for
classification. The merits of this method are effective
feature extraction, selection and efficient classification.
The rest of the paper is organized as follows. Section 2
presents the pre-processing and section 3 presents the
feature extraction phase. Section 4 discusses the proposed
method of Feature selection and classification. In section 5
the results are discussed and conclusion is presented in
section 6.
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2. PRE-PROCESSING
The mammogram image for this study is taken from
Mammography Image Analysis Society (MIAS)†, which is
an UK research group organization related to the Breast
cancer investigation [13]. As mammograms are difficult to
interpret, pre-processing is necessary to improve the
quality of image and make the feature extraction phase as
an easier and reliable one. The calcification
cluster/tumour is surrounded by breast tissue that masks
the calcifications preventing accurate detection and shown
in Figure.1. .A pre-processing; usually noise-reducing step
is applied to improve image and calcification contrast
figure 2. In this work [14] efficient filter referred to as the
low pass filter was applied to the image that maintained
calcifications while suppressing unimportant image
features.
Figure 2 shows representative output image of the filter
for a image cluster in Figure 1. By comparing the two
images, we observe background mammography structures
are removed while calcifications are preserved. This
simplifies the further tumour detection step.

Figure 1 ROI of a Benign
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2.1 Histogram Equalization
Histogram equalization is a method in image processing
of contrast adjustment using the image's histogram [15].
Through this adjustment, the intensities can be better
distributed on the histogram. This allows for areas of
lower local contrast to get better contrast. Histogram
equalization accomplishes this by efficiently spreading out
the most frequent intensity values. The method is useful in
images with backgrounds and foregrounds that are both
bright or both dark. In particular, the method can lead to
better views of bone structure in x-ray images, and to
better detail in photographs that are over or underexposed. In mammogram images Histogram equalization
is used to make contrast adjustment so that the image
abnormalities will be better visible.
† peipa.essex.ac.uk/info/mias.html

3. FEATURE EXTRACTION
Features, characteristics of the objects of interest, if
selected carefully are representative of the maximum
relevant information that the image has to offer for a
complete characterization a lesion [16, 17]. Feature
extraction methodologies analyse objects and images to
extract the most prominent features that are representative
of the various classes of objects. Features are used as
inputs to classifiers that assign them to the class that they
represent.
In this Work intensity histogram features and Gray Level
Co-Occurrence Matrix (GLCM) features are extracted.
3.1 Intensity Histogram Features
Intensity Histogram analysis has been extensively
researched in the initial stages of development of this
algorithm [18]. Prior studies have yielded the intensity
histogram features like mean, variance, entropy etc. These
are summarized in Table I Mean values characterize
individual calcifications; Standard Deviations (SD)
characterize the cluster. Table 2 summarizes the values for
those features.
Table 1: Intensity histogram features
Feature Number assigned
1.
2.
3.
4.
5.
6.

Feature
Mean
Variance
Skewness
Kurtosis
Entropy
Energy

In this paper, the value obtained from our work for
different type of image is given as follows:

Figure 2 ROI after Pre-processing Operation
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Table 2: intensity histogram features and their values

10
11
12
13
14
15
16
17
18
19
20
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Maximum probability
Sum of squares
Sum average
Sum variance
Sum entropy
Difference variance
Difference entropy
Information measure of
correlation1
Information measure of
correlation2
Inverse difference normalized
Information difference normalized

0.6411
0.1973,
44.9329
13.2626
133.5676
1.8188
1.8927
1.2145
-0.0322
0.2863
0.9107

4. CLASSIFICATION
3.2 GLCM Features
It is a statistical method that considers the spatial
relationship of pixels is the gray-level co-occurrence
matrix (GLCM), also known as the gray-level spatial
dependence matrix [19, 20, 21, 22]. By default, the spatial
relationship is defined as the pixel of interest and the pixel
to its immediate right (horizontally adjacent), but you can
specify other spatial relationships between the two pixels.
Each element (I, J) in the resultant GLCM is simply the
sum of the number of times that the pixel with value I
occurred in the specified spatial relationship to a pixel
with value J in the input image.
The Following GLCM features were extracted in our
research work:
Autocorrelation,
Contrast,
Correlation,
Cluster
Prominence, Cluster Shade, Dissimilarity Energy,
Entropy, Homogeneity, Maximum probability, Sum of
squares, Sum average, Sum variance, Sum entropy,
Difference variance, Difference entropy, information
measure of correlation1, information measure of
correlation2, Inverse difference normalized. Information
difference normalized. The value obtained for the above
features from our work for a typical image is given in the
following table 3.
Table3: GLCM Features and values Extracted from
Mammogram IMAGE (Malignant)
Featur
e

Feature Name

Feature
Values

No
1
2
3
4
5
6
7
8
9

Autocorrelation
Contrast
Correlation
Cluster Prominence
Cluster Shade
Dissimilarity
Energy
Entropy
Homogeneity
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44.1530
1.8927
0.1592
37.6933
4.2662
0.8877
0.1033
2.6098
0.6645

1. Association rule mining: Association rule mining is
one of the important tasks of data mining intended
towards decision support. Basically it is the process of
finding some relations among the attributes of a huge
database. Such relationships will help in taking some
decisions. The process of extracting these
relationships is termed as association rule mining. A
number of algorithms have been developed for
searching these rules [23, 24]. In this work, we have
used the measures like information gain and
interestingness [25, 26], used for constructing and
evaluating a rule.
2. Multi-Dimensional Genetic Association Rule
Miner: The GLCM features extracted for the digital
mammograms are discretized using WEKA [27], an
open source tool freely downloadable and available
from http://www.cs.waikato.ac.nz/ml/weka and the
discretized values are stored in database, in which,
each columns represents one feature (attribute) and
the last column represents the class attribute and
tuples are used to represent images. A novel genetic
algorithmic approach named Multidimensional
Genetic Association Rule Miner (MGARM) is
proposed for constructing rules for classification of
MCs. Here, the multi-dimensional means, for each
class in the database, a separate thread of GA is
applied to construct the rule. Finally the best rule in
each thread is combined to form the rule set.
The detail of the proposed algorithm is explained in the
following sequence.
The genes are the basic elements of GA. Here the
attributes are considered as genes. The sequence of genes
is known as chromosome, represents one rule. A collection
of 20 chromosomes generated for each population. The
MCs are going to be classified into three types: normal,
benign and malign. So, in this work, the GA has 3
dimensions, means 3 set of populations. The chromosomes
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are encoded with numbers, every 2 digits are reserved for
one attribute and the final attribute is mean for the class
attribute. In this way the rule can be easily decoded. Each
attribute can have set of possible values. The encoding
represents one of the possible values with its index. If that
gene 00 means that the corresponding attribute is not
included in the rule. Consider the following chromosome:
00 11 05 00 01
Which represents a rule, in that, the first and fourth
attributes are not considered, the second and third
attributes are included with their 11th and 5th index values.
For rule construction, the items are selected at random,
and the information gain is calculated for the attribute, if
it is greater than the threshold (0.5) then the item will be
added to the rule, ignored otherwise. For each rule the
interestingness measure is calculated as fitness value. And
the rule having highest interestingness is stored as global
best rule for each population. Then the genetic operators
are applied to generate a new set of population as given:
Reproduction (selection)
The selection process selects chromosomes from the
mating pool directed by the survival of the fittest concept
of natural genetic systems. In the proportional selection
strategy adopted in this article, a chromosome is assigned
a number of copies, which is proportional to its fitness in
the population that goes into the mating pool for further
genetic operations. Roulette wheel selection is one
common technique implements the selection strategy.
Crossover
Crossover is a probabilistic process that exchanges
information between two parent chromosomes for
generating two child chromosomes. In this paper, single
point crossover with a fixed crossover probability of
pc=0.6 is used. For chromosomes of length l, a random
integer, called the crossover point, is generated in the
range [1, l-1]. The portions of the chromosomes lying to
the right of the crossover point are exchanged to produce
two offspring.
Mutation
Each chromosome undergoes mutation with a fixed
probability pm=0.03. For binary representation of
chromosomes, a bit position is mutated by simply flipping
its value. Since we are considering real numbers, a
random position is chosen in the chromosome and replace
by a random number between 0-9.
From the new set of populations, the best rules are
extracted known as locally best. The global and local best
rules are compared. If local rules are better than the next
iteration is continued with the new populations and the
local rules are saved as global best. Otherwise, the next
iteration is performed with the old populations. The global
best rules are pruned to check whether the quality is
improving or not. In rule pruning, the attributes are
temporarily removed one by one at random, if the
interestingness measure improves than the attributes are
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removed permanently. The following algorithm describes
our proposed method.
MGARM Algorithm
1. Load the training samples of GLCM features.
2. Construct 20 chromosomes (rules) based on
information gain for M populations, one population
for each dimension (class).
3. Calculate the interestingness of each chromosome;
assign them as fitness value.
4. For each population, Store the chromosomes having
better interestingness as global best rule.
5. Apply the Genetic operators such as reproduction,
crossover and mutation to construct the new
population.
6. For the new populations at each dimension, calculate
the interestingness of each chromosome.
7. Choose the locally best rule.
8. Compare the global and local best rules.
9. If local rules are better than the global continue the
next iteration with the new population and hold the
local best rule as global best. Otherwise, continue
with the old population.
And perform rule pruning.
Repeat from Step 5 for n number of iterations.
Decode the global best chromosomes to form the
association rules for each class.

5. EXPERIMENTAL RESULTS
The digital mammograms used in our experiments were
taken from the Mammographic Image Analysis Society
(MIAS). The database consists of 322 images, which
belong to three categories: normal, benign and malign
(ftp://peipa.essex.ac.uk). There are 208 normal images, 63
benign and 51 malign, which are considered abnormal.
The proposed method is evaluated based on ten-fold cross
validation method. The following table presents the rule
accuracy of the proposed classification system compared
with other association rule based system proposed in [25,
26]. The results for the ten splits of the mammogram
database are given in Table 4.
Table 4: Classification accuracy for the ten splits with
MGARM
Splits

1
2
3
4
5
6

Classification Accuracy

98.65
95.89
97.76
93.12
92.23
98.66
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7
8
9
10
Average

94.41
98.54
98.05
95.89
96.32

In this paper we used multi dimensional genetic
association rule mining using image contents for the
classification of mammograms. The average accuracy is
96.32 %. We have employed the freely available Machine
Learning package, WEKA [27]. Out of 322 images in the
dataset, 230 were used for training and the remaining 92
for testing purposes and the result is shown in Table 5.
Table 5: Results obtained by proposed method
Normal
Malignant
Benign

100%
88. 23%
97.11%

The confusion matrix has been obtained from the testing
part .In this case for example out of 51 actual malignant
images 06 images was classified as normal. In case of
benign all images are correctly classified and in case of
normal images 6 images are classified as malignant. The
confusion matrix is given in Table 6.
Table 6: Confusion matrix
Actual

Predicted
class

Benign

Malignant

Normal

Benign

63

0

0

Malignant

51

45

06

Normal

208

6

202

6. CONCLUSION
Automated breast cancer detection has been studied for
more than two decades Mammography is one of the best
methods in breast cancer detection, but in some cases
radiologists face difficulty in directing the tumors. We
have described a comprehensive of methods in a uniform
terminology, to define general properties and requirements
of local techniques, to enable the readers to select the
efficient method that is optimal for the specific application
in detection of micro calcifications in mammogram
images. Classification of Microcalcification Clusters
(MCs) is one the key to find the early sign of breast
cancer. In this paper, we have proposed a novel
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association rule based system for classification of
Microcalcification Clusters (MCs). Initially the MCs are
segmented from the mammograms and the statistical
GLCM features are extracted. The proposed approach
Multi Multidimensional Genetic Association Rule Miner
(MGARM) is applied to construct the association rule to
classify the images into three classes: normal, benign and
malign. The result shows that MGARM outperforms than
the existing. In future, an efficient algorithm can be used
to select the relevant features and the rules can be
generated to improve the accuracy.
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