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Breast cancer is one of the major causes of death among women, and early detection may decrease the 
aggressiveness of the disease. There are several factors known related to encourage an increased risk of 

breast cancer, One of the most common cancer types is breast cancer, and early diagnosis is the most important thing in its 
treatment. This research examines the determinant factors of breast cancer and measures the breast cancer patient data to 
build the useful classication model using data mining approach. In this paper, we have presented a novel approach to identify 
the presence of breast cancer lumps in mammograms. In this work, a fuzzy clustering algorithm is proposed based on the 
asymmetric loss function instead of the usual symmetric dissimilarities. Linear Exponential (LINEX) loss function is a commonly 
used asymmetric loss function, which is considered and LINEX Canberra measure using minimal spanning tree initialization 
method for selecting initial cluster centers is presented. The LINEX IFCM algorithm that indicates the spatial inuence of the 
neighboring pixels on the center pixels plays a key role in this algorithm. Furthermore, the algorithm is extended for calculating 
membership and updating prototypes by minimizing the new objective function of LINEX_IFCM based intuitionistic fuzzy c-
means. LIINEX Intuitionistic fuzzy c-means clustering algorithm for clear to identify of abnormalities for mammography images 

and Breast cancer patients symptoms used to predictive probability calculated by Pearson Chi-Square  test at 0.05 c2
signicance level indicate a highly signicant correlation between mammography performance and clinical symptoms of 
breast cancer. Finally, the developed algorithms are illustrated through conducting experiments on random dataset, partition 
coefcient and validation function are used to evaluate the validity of clustering also this paper compares the results of 
proposed method with the results of existing basic intuitionistic fuzzy c-means.
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1. INTRODUCTION
Breast cancer is a severe risk to female health. Mammography 
is usually utilized in breast cancer screening due to its 
sensitivity to even small tumors [1-3]. Women are required to 
have a mammogram every year when they are above 40 years 
old. In  developed  and  emerging  countries,  citizens  shift  
their  lifestyle  from  traditional  to  modern, increasing the 
incidence of breast cancers among women mainly between 
the ages of 35-55. It is possible to monitor the incidence of 
breast cancers by detecting breast cancers in their early 
stages Self and clinical breast  checks, magnetic  resonance  
imaging (MRI),ultrasound, and mammography are  
screening techniques  used  for  breast  cancer  screening [4-
5]. The  image  produced  through  mammography  is  called  
a mammogram, which   consists   of the   background,   breast   
region,   fat   tissue,   breast   masses, and microcalcications  
with  high  intensities [6].  As the demand for mammography 
processing is growing, radiologists can produce errors that 
overlook important clues due to fatigue [7].

Nowadays, a variety of image segmentation techniques have 
been extensively explored for the purpose of image 
segmentation. In clinical diagnosis, magnetic resonance 
technology provides an excellent assistance to medical 
treatment, which has the ability to detect brain tumors [8]. In 
Medical image segmentation, we need to extract the 
necessary boundaries, surfaces in order to recognize the 
variation in an image from a normal image [9]. 

Among them Fuzzy C-means (FCM), a soft clustering process 
is considered as an extensively used image clustering 
algorithm [10]. In pixel based image segmentation, FCM is 
more effective with considerable amount of benet [11]. But 
FCM clustering does not manage the spatial properties of an 
image rising to strong noise sensibility.

 To handle this issue, many modied techniques [13-15] have 
been suggested. In these techniques, spatial information 
(useful property of an image) is combined with the 
membership function of the FCM to give new membership 
function. The spatial property of an image, allow to better 
handle the problems related to image segmentation. 
Atanassov [16] presented “Intuitionistic fuzzy sets” that 
considers vulnerability in the denition of the membership 
value. Different approaches have been designed with the 
Intuitionistic theory for the process of image segmentation. 
Chaira [17] has given a novel Intuitionistic fuzzy c-means 
(IFCM) clustering algorithm for the process of partitioning an 
image into segments. It includes hesitation degree and a new 
parameter termed as intuitionistic fuzzy entropy (IFE) in the 
objective function. Although this strategy utilizes the irregular 
initialization of cluster prototype which produces inaccurate 
results when chosen randomly. 

This method does not include the local information and the 
spatial information, hence is sensitive to disturbances and 
other image artifacts [18-19]. In order to make clustering more 
robust, Intuitionistic Fuzzy C-means clustering [20] assume 
that a pixel belongs to multiple clusters with different 
membership degrees [21]. Parsian and Kirmani [22], stated 
that when the overestimation and the underestimation are not 
equally important, the symmetric loss functions are not 
appropriate. Varian [23] proposed an asymmetric loss 
function, called linear exponential (LINEX) loss function. A 
LINEX loss function is convex and asymmetric. On one side of 
zero, it is approximately exponential and on the other side, it is 
linear. To study more about the properties of LINEX loss 
function, we refer to [24].

Many of the algorithms utilized only intensity of pixel as the 
only feature for the segmentation of images and failed to 
classify noisy pixels accurately. The pixels in an image are 
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exceedingly associated, i.e. the every pixel in the prompt 
vicinity has about the equivalent feature information unless 
there is some curve or contour. Subsequently, integrating 
spatial information along with the membership value results 
in more homogenous regions as compared to other methods. 
However, these techniques use the arbitrary initialization of 
cluster centers which give inaccurate outcomes and more time 
for optimization.

In this paper, to overcome the defects of the algorithms as 
mentioned, we propose LINEX function induced an 
intuitionistic fuzzy C-means algorithm using Canberra 
measure based on membership ltering and similarity 
measurements, named the MST based LINEX IFCM. We apply 
a similarity measurement method between pixels and cluster 
centers instead of simple distance measurements into the 
proposed minimal spanning tree initialization method based 
LINEX IFCM to modify the membership matrix. The local gray 
information and Euclidean distance information are both 
taken into consideration to integrate the location information 
and gray information. This property achieves a good 
enhancement of the segmentation ability. The intuitionistic 
fuzziness is embedded into the calculation process of 
similarity between the pixel and cluster centers, which 
achieves more accurate segmentation in the organization 
boundary. The algorithm is minimal spanning tree 
initialization method by a given LINEX function using LINEX 
IFCM induced Canberra measure, which helps to speed up 
the convergence of the algorithm.

Minimum spanning tree is a useful graph for detecting 
clusters of a given set of data points. LINEX Canberra 
measure MST has been well suited for clustering in the eld of 
pattern recognition, image processing and computational 
biology. In this paper is presented a novel approach to 
automatically detect the breast cancer. The proposed 
approach utilizes initialization method based on LINEX 
Canberra measure MST is proposed to compute initial cluster 
centers for the Intuitionistic fuzzy c-means clustering 
algorithm for clear to identify of abnormalities for 
mammography images. We summarized the mammography 
results and evaluated the accuracy of mammography, 
specicity, sensitivity, positive likelihood ratio, negative 
likelihood ratios were initially calculated. In addition to all 
these performance evaluation measures, predictive 
probability of mammography screening was also evaluated 
through Pearson chi square analysis.

2. Quantitative Analysis of Mammograms 
For 40 highly suspicious cases mammography were obtained 
in which area of lump was highlighted and specicity and 
sensitivity parameters were calculated. Calculations include 
total number of true positive (TP), true negative (TN), false 
negative (FN) and false positive (FP) cases were calculated. 
among these four classied categories True negative patients 
were those women in which no lump was identied and 
symptoms were due to normal breast cycle or clotting of fatty 
tissues were present. False positive (FP) were those with 
benign cancer while TP were cases in which malignant or 
invasive breast cancer was detected. False negatives cases 
where those who developed malignant breast cancer during 
the period of screening (12 months). Age of presentation of 
disease symptoms and mammography screening was also 
recorded. Predictive probability of breast cancer detection 
based on mammography screening is examined using chi 
square test ฀2 test at ≤ 0.05 signicance level. Along with this 
percentage distribution of 60 selected cases based on obvious 
breast cancer clinical symptoms was also calculated shown in 
Table 11.

2.1 Sensitivity 
The sensitivity is expressed as the ratio of number of true 
positive, to the sum of ratio of false negative and true positive. 

Purpose of calculating sensitivity is to measure the reliability 
of a diagnostic system at making positive and negative 
identication. Hence to calculate sensitivity for our system 
understudy, we applied following formula. 

Sensitivity  

2.2 Specicity 
Specicity is expressed as the ratio of the number of true 
negatives, to the sum of false positive and true negative. This 
value denes the probability of a screening test to identify true 
negative cases. 

Specicity 

2.3 Positive and Negative Likelihood Ratio Calculation 
In the next step, sensitivity and specicity values are used to 
calculate positive likelihood ratio and negative likelihood 
ratio. These calculations will further measure the accuracy of 
mammography based breast cancer detection. Statistical 
formula used for calculating positive and negative likelihood 
ratios based on our study sample is given below 

Positive Likelihood Ratio   

Negative Likelihood Ratio  

2.4   Predictive probability 
Predictive probability of rst screen mammography in 
accurate detection of breast lumps is calculated through chi 
square ( ) at < 0.05 level of signicance. Chi square ( )formula 
given below where O denotes observed values of TP,TN,FP 
and FN cases given in Table 12 and E denotes expected values 
calculated in Table 14.
Chi-square    

3. Minimal spanning tree algorithm 
In this section, we proposed composite Hyper Tangent and 
Sigmoid distance measures for construct the minimal 
spanning tree.

3.1. LINEX function MST 
Given the grayscale point set D, the hierarchical methods 
starts by constructing a minimal spanning tree (MST) from the 
points in D.                                         In  and y=  
are two points of a MST and e(x,y) is an edge between x and y 
then LINEX distance function between x and y is denoted by  
and calculated using equation (1)  
     (1)

3.2. Cluster Separation (CS)
The denition of CS between cluster centers is given by the 
following
     (2)                                                                          

where  is the minimum standard deviation of and  is the 
maximum standard deviation of . The value of CS ranges from 
0 to 1. A low value of CS means that the two centroids are too 
close to each other and the corresponding MST Separation 
not valid. A high CS value means the MST separation of the 
data is even and valid. If the CS is greater than the threshold, 
the MST partition of the dataset is valid. Then, we increase the 
number of cluster by and test the CS again. 

This process continuous until the CS is smaller than the 
threshold. The value setting of the threshold for the CS will be 
practical and is dependent on the dataset. The higher the 
value of the threshold the smaller the number of clusters would 
be, generally the value of the threshold will be  .

3.3. Algorithm for determining the initial cluster centers
Algorithm: LINEX MST
Input: Data points
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Output: optimal number of cluster centers
Let e1 be an edge in the LINEX Canberra measure MST 
constructed from Data points

Let  be the set of disjoint subtrees of LINEX Canberra measure 
MST.
1.  Create a node v, for each data points.
2.  Compute the edge weight using equation (1)
3.  Construct an LINEX Canberra measure MST1 from 2
4.  
5.  Repeat.
6.  For each .
7.  Current longest edge or        . e remove e1 from   

LINEX_MST1.
8.                                  is new disjoint subtrees(regions).
9.
10. Compute the center  using average of points.
11.  
12.             = Minimum standard deviation of  .
13.              = Maximum standard deviation of  .
14.  
15. Until CS 
16. Update the clusters points, repeat step 7 to step 14.
17. Finally we obtain the cluster centers.

4. Formulation of proposed method LINEX Canberra 
measure based intuitionistic fuzzy c means clustering 
4.1. Intuitionistic fuzzy c-means (IFCM) algorithm
Intuitionistic fuzzy set given by Atanassov [16] considers both 
membership              and non-membership                   . An 
intuitionistic fuzzy set A in X, is written as
                      
where                        are the membership and non-
membership degrees of an element in the set A with the 
condition                       when                     for every x in the set 
A, then the set A becomes a fuzzy set. Also indicated a 
hesitation degree          which arises due to lack of knowledge 
in dening the membership degree of each element x in the set 
A and is given by 
                          ,  

In [16] intuitionistic fuzzy c-means, minimizes the objective 
function as:
                                       (3)

               ,where      denotes the intuitionistic fuzzy 
membership and 

                                

                               (4)
                                                                                               

                (5)
       

                                                                (6)
                                                                                                                     

                (7)

This iteration will stop when  

    ,
where    is a termination criterion between 0 and 1, whereas k 
is the iteration steps. This procedure converges to a local 
minimum or a saddle point of           .

4.2. LINEX Canberra measure based  Intuitionistic fuzzy c-
means (IFCM) algorithm

In this section, we want to use the LINEX Canberra measure in 
Intuitionistic fuzzy c-means (IFCM) algorithm when the 
overestimating and the underestimating are not of the same 
importance. The procedures are the same as a Intuitionistic 
fuzzy c-means algorithm. All the entities are assigned to their 
nearest centroid from MST, using a LINEX loss function as the 
dissimilarity distance. The procedure continues until there is 
no change in clusters. Now consider the following 
optimization problem,

objective function:  ,                                              
               
              (8)

where  

The iterative updating of the cluster centers and membership 
functions for minimizing the objective function  follows:
      

                (9)
                                                 
                                                                                                                                                                                  

Here 

             (10)
where,         where     denotes the intuitionistic fuzzy 
membership and                                                                             
                                                                                               
             (11)                                                                                                                                                                          

                                                              (12)

The LINEX Canberra measure is suitable for clustering in 
which it can actually induce the necessary conditions. 

This iteration will stop when,
The MST based LINEX_IFCM algorithm iteratively optimizes
     by continuous updating    and  until the difference in 
successive      values is very small    ,  where   is a small 
positive value between 0 and 1.

5. Efcient LINEX Canberra measure induced IFCM based 
MST [LINEX_IFCM ]
5.1. Efcient LINEX_FCM Algorithm 
Stage 1:  Set the cluster centroids         by using LINEX 

Canberra measure MST initialization method.
Stage 2:  Compute the membership function using (10)
Stage 3:  U  pdate the cluster centroids using (9)
Stage 4:   Go to stage (3)-(5), repeat until convergence. 
Stage 7:   Image segmentation after defuzzication and then a 

region labeling procedure is proposed.
Stage 8:    The termination criterion is as follows                 , 

where m is the iteration count,
               is a small number that can be set by the user.

The proposed efcient LINEX MST obtained cluster centers; 
the LINEX_IFCM algorithm continues iteratively updates, 
membership and centroids with these values. When this 
improved, Efcient LINEX_IFCM algorithm has converged, 
another defuzzication process takes place in order to convert 
the fuzzy partition matrix to a crisp partition matrix that is 
segmented. 

5.2. Validation function based on feature structures  
Two representative functions for the fuzzy partition namely; 
Partition coefcient      and Validation function     are used to 
evaluate the validity of clustering [25-26]. 

               (14)
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                                                      (15)

5.3 Fisher’s Discriminant Ratio Concept
Discriminant function analysis or the original dichotomous 
discriminant analysis was developed by Sir Ronald Fisher in 
1936. This method is a statistical analysis to predict a 
categorical dependent variable, and more continuous or 
binary independent variables. Fisher's Discriminant Ratio 
(FDR) is commonly used to measure the strength of 
discrimination the individual features in separate two classes 
based on its value. The expression of      and     are the 
minimum and maximum average value of two classes 
respectively, while            and        are minimum and 
maximum variance of the two classes in the feature to be 
measured respectively. FDR formula is dened as following 
equation:

              (16)

Where :  FDR = Fisher’s Discriminant Ratio
           = Maximum average edge weight of  
 
            = Minimum average edge weight of  

             = Minimum variance edge weight of  

 = Minimum variance edge weight of  

The result is given by FDR are the features that have a 
maximum difference in the average of the class and minimum 
variance of each class, therefore the high FDR value will be 
obtained. If two features have the average absolute difference 
that is equal but the number of variance is different, therefore 
the feature with the minimum number of variance will get the 
high FDR value. In other hand, if two features have the number 
of variance that is equal, but the average absolute difference 
is different, therefore the feature with the maximum average 
absolute difference that will get the high FDR value [27].
 
6. RESULTS AND DISCUSSION 
Table 1. Random Data

Table  2. Dissimilarity matrix

Table 3. LINEX Canberra measure based minimal spanning 
tree edges

Figure 1. LINEX induced Canberra distance based Minimal 
spanning tree connected through points

Figure 1 shows a typical example of LINEX Canberra measure 
MST1 constructed from point set (from Dissimilarity matrix), in 
which inconsistent edges are removed to create subtree 
(clusters/regions).our algorithm nds the center of each 
clusters, which will be useful in many applications. Generally 
in most of the clustering algorithm data points can be 
represented as dissimilarity matrix representation. It contains 
the distance values between the data points represented as 
lower or upper triangular matrix. Our LINEX induced 
Canberra distance based minimal spanning tree algorithm 
constructs LINEX_MST1 from the dissimilarity matrix is shown 
gure 1. First to identify the longest edge in the LINEX_MST to 
generate subtree (clusters). Table 3, the longest edge weight 
0.0435 connecting the data points 10 and 17 is nd to be 
inconsistent one. By removing the inconsistent edge from the 
LINEX_MST, data points in the LINEX_MST partitioned into 
two subtrees or clusters   and  namely 

                    and 
Next to nd minimum and maximum standard deviation of T   i

then Cluster Separation value less than 0.5 is valid. Here 
standard deviation of T =0.0139 and Standard deviation of  1

T =0.0050 then             is valid. Secondly to remove next 2

longest edge weight is 0.0405. Now minimal spanning tree 
produced outlier is {8}. Third to remove next longest edge, 
LINEX_MST partitioned into Three  subtrees or clusters T , T    1 2

and T  namely T ={1,2,3.4,18}, T ={5,6,7,9,10,11,12,13}and. 3 1 2 
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Data Intensity Data Intensity
S.No X Y I(v) S.No X Y I(v)
1 1.80 2.00 0.50 11 12.00 4.00 0.80
2 2.00 2.20 0.91 12 11.50 3.50 0.45
3 2.00 1.80 0.12 13 12.50 3.50 0.55
4 2.00 3.50 0.40 14 21.00 10.00 0.65
5 8.80 3.00 0.50 15 21.00 11.00 0.25
6 9.00 3.20 0.38 16 20.50 10.50 0.35
7 9.00 2.80 0.60 17 21.50 10.50 0.75
8 9.20 3.00 0.12 18 2.00 4.00 0.70
9 7.00 2.80 0.80 19 19.00 20.00 0.60
10 12.00 3.00 0.90 20 11.00 12.00 0.40

S.No Edges
LINEX Canberra 
measure S.No Edges

LINEX 
Canberra 
measure

1 (1,2) 0.0081 11 (11,10) 0.0022
2 (1,4) 0.0101 12 (10,9) 0.0068
3 (1,18) 0.016 13 (10,8) 0.0405
4 (1,3) 0.0265 14 (10,17) 0.0435
5 (1,5) 0.0375 15 (17,14) 0.0006
6 (5,7) 0.001 16 (14,16) 0.0061
7 (5,6) 0.0018 17 (16,15) 0.0022
8 (5,12) 0.0037 18 (16,20) 0.01
9 (12,13) 0.0011 19 (16,19) 0.0124
10 (13,11) 0.004    
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T ={14,15,1617,19,20}Next to nd minimum and maximum 3

standard deviation of T  then Cluster Separation value less 1

than 0.5 is valid. Here standard deviation of T =0.0082, 1

Standard deviation of  T = 0.0020 and Standard deviation of  1

T = 0.0050 then                         is valid. Fourth to remove next 3

longest edge weight is 0.0265. Now minimal spanning tree 
produced outlier is {3} Here standard deviation of T =0.0041, 1

Standard deviation of T =0.0020 and Standard deviation of  2

T =0.0050 then                              is not valid. Finally LINEX 3

minimal spanning tree produced three cluster center and 
outliers. Then the center of the cluster and its convergence of 
standard FCM and IFCM are determined under successive 
interactions of experiments using data points. The standard 
FCM algorithm and the numbers of updated centers are high 
under the objective function of Euclidean distance measures. 
This takes more iteration to converge the termination value of 
algorithm. With the new efcient objective function based 
LINEX induced Canberra measure the termination value is 
achieved, with very less iteration and with much better 
performance in getting membership (Table 8) than standard 
FCM. Table 9 gives the number of iteration to achieve the 
results of cluster on the data points by standard FCM and 
LINEX_IFCM. It is clear from the nal cluster, membership 
(Table 8), scatter diagram (Fig 2), that our proposed 
LINEX_IFCM is much faster than the standard FCM and the 
method is converged fast to terminate condition with less run 
time. To test the effectiveness of LINEX_IFCM, the weighted 
minimal spanning tree based IFCM is used as center. This is 
done to nd out the fuzzy membership and appropriate 
number of clusters. Thus, we have concluded the nal optimal 
clusters formed as 3. This algorithm has also reduced the 
number of iterations. Best result is achieved by this measure 
fuzzy partition coefcient V  maximum and validation pc

function V  minimum (Table 10). The LINEX_IFCM clustering p

algorithm has the following membership value intimacy 
(Table 8),

Table 4. Final membership of three clusters of Intuitionistic 
FCM   method and object allocation

Table 5. Comparison of iteration count

Table 6. Cluster validity function

Table 7. FDR = Fisher’s Discriminant Ratio

Figure 2. Initialization method based Intuitionistic FCM, 
nal cluster three.       

6.1. Statistical Evaluation of Diagnostic Performance of 
Mammography for Breast Cancer
Our study of random sample in terms of reported breast 
cancer associated symptoms and patient’s age group reveals 
that 10% of the patients had dense calcication, 10% had 
watery discharge from breast, 40% were complaining of lump, 
30% had pain in breast tissues, 5% cases were having both 
lump and pain. While 5% were suffering from pain as well as 
discharge from breast tissues given in table 1. Patient’s data is 
categorized into two age groups; 25% cases belong to age 
group of 30-40 years while majority (75%) belongs to age 
group of 41-50 years. Mammography details revealed 33% 
were having benign tumor while malignancies were reported 
in 50% cases and 17% cases were diagnosed as normal 
shown in Table 8.

To evaluate the performance of diagnostic procedure for 
primary screening of breast cancer, initially specicity and 
sensitivity was calculated. Randomly select the sample 
dataset out of 40 patients subjected to mammography for 
detection of lump in mammary tissues, diagnosis reports 
analysis revealed 21 cases as TP, as disease was present in 
them while 2 false negative cases were observed in which 
diseases was present but symptoms or clinical presentation 
could not be evaluated through mammography. Likewise, 1 
false positive case were reported through mammography and 
16 true negative cases were also identied in which no 
indication of disease was observed. All the cases in terms of 
true positive (TP), true negative (TN), false positive (FP) and 
false negative (FN) are properly summarized in Table 9.

Table 8. Percentage distribution of study sample (n=60) 
based on age of disease presentation (years), breast cancer 
associated symptoms and nature of tumor.
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Co-ordinate (x,y)  intensity appropri
ate 
cluster

S.
No

x y I(v) Mem-1 Mem -2 Mem-3

1 1.80 2.00 0.50 0.9429 0.0413 0.0158 1
2 2.00 2.20 0.91 0.8696 0.0976 0.0328 1
3 2.00 1.80 0.12 0.7255 0.1820 0.0925 1
4 2.00 3.50 0.40 0.8930 0.0801 0.0269 1
5 8.80 3.00 0.50 0.0462 0.9299 0.0240 2
6 9.00 3.20 0.38 0.0682 0.8869 0.0449 2
7 9.00 2.80 0.60 0.0394 0.9434 0.0172 2
8 9.20 3.00 0.12 0.1901 0.6772 0.1327 2
9 7.00 2.80 0.80 0.1995 0.7341 0.0664 2
10 12.00 3.00 0.90 0.0864 0.8407 0.0729 2
11 12.00 4.00 0.80 0.0799 0.8109 0.1092 2
12 11.50 3.50 0.45 0.0493 0.8939 0.0568 2
13 12.50 3.50 0.55 0.0304 0.9337 0.0360 2
14 21.00 10.00 0.65 0.0276 0.0774 0.8950 3
15 21.00 11.00 0.25 0.0446 0.0917 0.8638 3
16 20.50 10.50 0.35 0.0260 0.0589 0.9151 3
17 21.50 10.50 0.75 0.0346 0.0888 0.8766 3
18 2.00 4.00 0.70 0.8398 0.1204 0.0398 1
19 19.00 20.00 0.60 0.0305 0.0787 0.8908 3
20 11.00 12.00 0.40 0.0485 0.1794 0.7720 3

 No. of 
iterations 

No. of 
clusters 

Standard FCM 7 3
IKFCM 6 3
MST based Intuitionistic FCM   3 3

 
Standard FCM 0.8250 0.2554
IKFCM 0.8905 0.2234
LINEX Intuitionistic FCM   0.9012 0.0457

No of Clusters FDR
2 0.1653
3 1.6036

Patient's Factors %age
Age at diseases presentation (years) 
30-40 25% (10)
41-50 75% (30)
Breast Cancer Associated Symptoms 
Watery Discharge 10% (4)
Calcication 10% (4)
Lump 40% (16)
Pain 30% (12)
Lump & Pain 5% (2)
Pain and watery Discharge 5% (2)
Nature of Tumor 

390 X GJRA - GLOBAL JOURNAL FOR RESEARCH ANALYSIS



Table 9. Summary of total no of cases diagnosed through 
mammography as true positive (TP), false positive (FP), 
false negative (FN) and true negative (TN) in selected study 
sample.

   

Table 10.Statistical analysis of Sensitivity, Specicity, 
Positive and Negative Likelihood ratio at 95% CI to evaluate 
diagnostic accuracy of mammography for breast cancer 
detection.

Table 11.Chi square test analysis for evaluation of 
diagnostic accuracy of mammography for breast cancer 
detection

Formula of Expected value (E) [sum of row * sum of column 
/(n)] 

6 CONCLUSION 
In this article, is introduced new alternative approach for 
breast cancer disease diagnosis and classifying benign and 
malignant breast cancer using LINEX Canberra meausre 
MST initialization based modied LINEX Intuitionistic fuzzy c-
means clustering algorithm for clear to identify of 
abnormalities for mammography images.. we have 
successfully applied Fisher’s Discriminant Ratio and Chi-
square as feature selection alogorithm to breast data. Finally 
we summarized the mammography results and evaluated the 
accuracy of mammography, 91.30% sensitivity, 94.11% 
specicity, 15.52 positive likelihood ratio, 0.09 negative 
likelihood ratios were calculated. 

The resulting classication process is perfomed using the 
Statistical learning method and determines whether the tumor 
is normal, benign or malignant with the output image of the 

segmented part of the breast. It would be helpful to health 
professionals for making timely decisions for disease 
management in breast cancer patients. 
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Benign 33% (13)
Malignant 50% (20)
Normal 17% (7)

Test Breast Lump 
Present (n)

Breast Lump     
Absent (no)

Total

Positive True Positive 
(TP)

21 False Positive  
(FP) 1

TP 
+FP= 22

Negative False 
Negative 
(FN)

2 True 
Negative 
(TN)

16
FN + 
TN= 18

Total TP +FN = 23 TN +FP=17 40

No. Statistic Evaluation Formula Value
1 Sensitivity 91.30%
2 Specicity 94.11 %
3 Positive Likelihood Ratio 15.52
4 Negative Likelihood Ratio 0.09

Test
 

Observed value (O) Row Total
Breast Lump 
Present (n)

Breast Lump 
absent (n)

Positive True Positive 
(TP)

21 False Positive 
(FP)

1 Sum of 
row=22

Negative False 
Negative (FN)

2 True 
Negative (TN)

16 Sum of row 
= 18

Column Total 23 17 N = 40

Chi square () Test
Observed 
cases (O)

Expected 
value (E)

p-value 

True Positive [(22*23)/40] 
=12.65

8.35 69.72
25

5.51 <0.00001**   
** highly 
signicant 
as p-value 
is <0.05

False Negative [(18*23)/40] 
=10.35

-8.35 69.72
25

6.74

False Positive [(22*17)/40] 
= 9.35

-8.35 69.72
25

7.46

True Negative [(18*17)/40] 
= 7.65

8.35 69.72
25

9.11

Chi-square 28.822c
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