
Abstract
The risk of getting breast cancer is directly affected by the type of breast tissue predominant in the individual. The aim is to investigate 
histogram-based image attributes in order to separate mammographic images by degree of breast density using the clustering technique. 
75 mammographic images from the MIAS database were used, 25 of them belonging to each of the three classes: fatty, fatty-glandular 
and dense. After the selection of attributes, it obtained a 96% success rate in classifying the mammograms within the three classes when 
the attribute’s mean gray levels and the highest peak intensity of the histogram were used simultaneously in the clustering technique.
Keywords: Clustering, breast density, attribute extraction.
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Introduction
Breast cancer is the most common neoplasm in women 
and one of the highest causes of death among females. The 
implementation of screening programs has contributed 
to a significant reduction in the mortality rate due to early 
diagnosis, with digital mammography currently being 
the mainstay of the screening program for breast cancer 
(Radiology ACO (2003)).

Breast density, by itself, represents a risk factor for the 
development of breast tumors and decreases the sensitivity 
of mammography (Cuzick et al., (2004), Mccormack et al., 
(2006), Petroudi et al., (2003)). The relative risk is estimated 
to be 4 to 6 times greater when comparing women with a 
percentage of fibroglandular tissue greater than 75% with 
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women with less than 25%. This constitutes a limitation 
to mammography due to the masking effect, which 
results from overlapping and, consequently, from the lack 
of contrast between the lesions and the fibroglandular 
tissue. For this reason, the greater the breast density, the 
lower the sensitivity and specificity of mammography. 
Additionally, increased breast density is associated, at the 
time of diagnosis, with increased size of lesions and a worse 
prognosis (Boyd et al., (2005), Ramya et al. (2015), Vanitha et 
al. 2022).

This can be classified, according to the Breast Image 
Reporting and Data System (BIRADS) classification of the 
ACR - American College of Radiology, by visual estimation 
of the percentage of fibroglandular tissue compared to the 
percentage of adipose tissue, into four categories – category 
A, B, C and D (Petroudi et al., (2003), Oliver et al., (2005), 
Bosch et al., (2006), Muštra et al., (2012)), with women with 
dense breast tissue often associated with categories C and 
D, while women with less dense breast tissue are included 
in categories A and B of this classification.

The growing technique of tomosynthesis has shown 
very good results with regard to increased sensitivity for the 
detection and characterization of lesions. Studies show that 
this imaging method is particularly useful in young women 
with denser breasts due to its ability to nullify the effect of 
tissue overlap. Other authors refer that the combination of 
tomosynthesis and mammography may contribute to the 
evolution of screening programs in favor of reducing the 
rate of false positives in this population Arivazhagan et al., 
(2003), Haralick et al., (1973), Renno et al., (1998)).

This work aims to investigate image attributes, based 
on a histogram that separates mammographic images by 
degree of breast density, through a clustering technique.
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Literature Review
Conant et al., 2019 determined whether screening tests 
performed with DBT are associated with a better prognosis. 
Screening with DBT is associated with the detection of 
smaller lesions and the early detection of invasive tumors, 
as well as a decrease in the recall rate, when compared to 
screening with DM.

Alsheik et al., 2019 compared the results associated with 
breast cancer screening with the use of DM alone versus 
the combined method. Decreased recall rate in women 
undergoing screening with DBT.

Rose et al., 2018 evaluated the diagnostic performance of 
the combined method in screening in comparison with DM 
alone. Decreased recall rate and increased lesion detection 
rate with the joint method.

Rosso et al., 2015 investigated which factors affect 
fraction of false positives. FFP is mainly affected by breast 
density.

Starikov et al., 2016 determined which modality – DM or 
DBT, are the most suitable for screening, according to breast 
density. The combination of DM with DBT contributed to 
a decrease in the recall rate and an increase in the injury 
detection rate.

Honig et al., 2019 identified the factors that give rise to 
false negatives in screening for DM. Decreased recall rate 
with the use of DBT. The authors previously defend the 
performance of DBT with DM for comparison.

McCarthy et al., 2014 reported the impact of implementing 
DBT as a screening technique in an entire clinical population. 
DBT is associated with a reduction in the recall rate and an 
increase in the lesion detection rate, both for women with 
high breast density and for women with lower density.

Destounis et al 2014 compared the results between 
patients who underwent screening with only DM versus 
those who underwent screening with the combined 
method. Reduction of recall rate with the combination of 
DM and DBT techniques.

Conant et al., 2016 verified whether DBT is associated 
with an improvement in results from screening. When 
compared to DM, there is an increased lesion detection rate, 
specificity and decreased recall rate using DBT.

Margolies et al., 2014 studied the factors that predict 
the management of the diagnostic process with the use of 
DBT. Decreased recall rate, false positive rate and increased 
lesion detection rate, with the combination of DM and DBT 
techniques, mainly in women with high breast density.

Haas et al., 2013) compared lesion detection rates 
during DM screening versus the combined method. 
Decreased recall rate and increased detection rate with the 
combination of the two techniques, DM and DBT.

This systematic review intends to discuss the results of 
the literature with regard to the integration of tomosynthesis 
in screening programs for the evaluation of women with 

high breast density, that is, with heterogeneously and 
extremely dense breast tissue, associated with categories 
C and D according to the ACR BIRADS classification, 
respectively. The clinical indicators considered were: recall 
rate or recall rate - recall rate (percentage of individuals 
asked to return to the service for repeat or additional tests 
after a doubtful finding in the initial test), fraction of false 
positives (FFP) and rate injury detection.

Materials and Methods
The images collected in the Mini-MIAS database (Liberatore 
et al., (2017)) are reported in three classes, and likewise, 
this work will make a separation within these three classes 
according to the database reports: fatty (G), fatty-glandular 
(GG) and dense (D).

Thus, the three classes of the problem will be: Class 
1: fatty (BI-RADSTM Pattern 1), Class 2: fatty-glandular 
(BI-RADSTM Pattern 2-3) and Class 3: dense (BI-RADSTM 
Pattern 4)).

The images will be separated from the extraction and 
selection of histogram-based attributes that best separate 
the images between these three classes, and then a 
clustering technique will be implemented allowing to 
grouping each image according to its corresponding class.

Twenty five images of each pattern were used, thus 
totaling 75 mammographic images, all previously reported 
according to the density pattern. The images, eight bits per 
pixel, have a size of 1024 x 1024 and were all obtained on 
the same equipment.

The images collected are mammograms under a 
mediolateral oblique view that presented information in 
texts and labels in addition to the pectoral muscle. It is then 
noted the need for segmentation, done manually in this 
work, transforming all this unnecessary information into the 
background of the image (black-gray level). Figure 1 presents 
an image before and after the segmentation process.

Note that both the pectoral muscle and the label in the 
upper right corner shown in Figure 1(a) were removed and 
transformed into the background, thus disregarding the 
attribute calculations.

After the segmentation process, the images in RGB 
pattern were all converted to images in gray levels. With that, 
it was noticed that some regions considered as background 
did not present gray level equal to zero (black), but close 
to this value. Thus, before processing, it was necessary 
to reduce 10 gray levels of each pixel from all images and 
only values greater than three were considered in the 
calculations.

In this case, the range of gray levels considered for the 
calculation of the histogram and extraction of intensity 
attributes is from 4 to 245, thus considering only the pixels 
that are part of the breast and disregarding the background.
Nine histogram-based attributes were extracted, cited and 
explained below:
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• Average gray levels: corresponds to the sum of the 
intensity values of each pixel divided by the total 
number of pixels represented in the histogram;

• Intensity value of the highest histogram peak (mode): 
intensity value that occurs most in the histogram;

• Highest histogram intensity: highest pixel intensity value 
found in the histogram;

• Lowest histogram intensity: lowest pixel intensity value 
found in the histogram;

• Difference from mean to highest value: highest intensity 
value subtracted from average gray levels;

• Difference from mean to lowest value: average of gray 
levels subtracted from the lowest intensity value;

• Percentage of highest intensity in relation to maximum 
intensity: highest pixel intensity value obtained divided 
by 245 and multiplied by 100 to obtain the percentage;

• Number of pixels greater than the histogram peak: 
number of pixels with intensity values greater than the 
histogram peak value;

• No. of pixels in the ROI: highest histogram intensity 
subtracted from lowest histogram intensity.

Each image obtained a value for each of the attributes. 
Subsequently, a simple arithmetic average of the attributes 
was made, in addition to the calculation of the standard 
deviation for each class, allowing the results to be compared 
between them. The entire image processing step was 
performed using the MatLab computational simulator.

After the processing step and having the results of 
each attribute for each class, the step of selection and 
classification of attributes, using the same computational 
simulator. The objective here is to select or which attributes 
best differentiate the images within each class.

The selection was made based on the normal distribution 
(Gaussian). Mean and standard deviation parameters 
entirely describe this method. Knowing these values 
makes it possible to determine any probability in a normal 
distribution. The smaller the overlapping of the Gaussian 
curves of the classes, the more significant the attribute 
must be, in terms of separability. The classification starts 
with knowing which attribute best separates the classes. 

The clustering technique used was K-means, which aims to 
partition ‘n’ observations among ‘K’ clusters, where each 
observation belongs to the cluster closest to its mean.

Observations and Discussion 
Table 1 below presents the mean values obtained from the 
25 images of each class for each of the attributes. These 
values correspond to the simple arithmetic mean of the 
values of each class. Before the attribute selection process, 
not much can be said just by analyzing the results. However, 
it is noted that some attributes have different values for 
each class, as is the case with the attributes: 1) Mean gray 
levels, 2) Largest histogram peak and 3) Difference of mean 
to smallest value.

After building the normal distributions of all attributes, it 
was found that only two attributes, Average gray levels and 
the highest histogram peak, showed complete separation 
between classes, as shown in Figure 2.
The highest histogram peak attribute also showed the fact 
that the dense class, predominantly made of fibroglandular 
tissue, presented lighter levels, obtaining values closer to 
245.

The other attributes had curves overlapping when 
the normal distribution was drawn, making it impossible 
to separate the images between classes. Although some 

(a) (b)
Figure 1: (a) Mammogram collected from the image bank. (b) Image 

after segmentation

Table 1: Average attribute values for each class

Attribute Fatty class Fatty-glandular class Dense class

1 114.6 151.3 198.4

2 131.8 172.3 219.1

3 210.2 223.8 228.6

4 6.6 6.1 5.9

5 95.6 72.5 30.2

6 108 145.2 192.5

7 85.79 91.34 93.30

8 512.18 735.47 232.86

9 203.6 217.7 222.7

Figure 2: Normal distributions for the average gray levels attribute 
(1) and highest histogram intensity peak (2)

Attributes (1) and (2) proved that there is a difference in the intensity 
of gray levels between the classes. Visually, the fat class presents darker 
gray levels because it is predominantly composed of adipose tissue, 
and this was confirmed with the values obtained by the average gray 
levels attribute.
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attributes have different mean values, what caused a bad 
separation was the high standard deviation value of these 
attributes.
After the correct selection of attributes, the K-Means 
clustering method was implemented on the two attributes 
and the classification results are shown in Table 2.

Table 2 shows that when the clustering technique 
used only the Average gray levels attribute, the classifier’s 
accuracy was 92%. This indicates that of the 75 images, 71 
were correctly classified within their class. As for the other 
attribute, the percentage of correctness was 92%, with six  
classification errors.

When using both attributes simultaneously, the highest 
success rate was obtained, 96%, where only three images 
were classified in classes different from those in which they 
actually belonged.

Conclusion
The intrinsic subjectivity of the process of classifying 
mammograms by density pattern in reports is an increasingly 
difficult process and subject to results with a high degree 
of confusion.

It is possible to automate this task with acceptable error 
rates through clustering techniques, as long as the attribute 
extraction is adequate to the image characteristics that 
involve the problem. In this case, the pixel intensity and its 
variation is directly related to the breast density pattern.

It was shown in this work that 97.33% of the mammograms 
were correctly grouped within their breast density pattern 
class using histogram attributes. It was clear that when more 
than one attribute is used simultaneously in the technique, 
the grouping becomes better, increasing the accuracy of 
the method. The next stages of the work consist of the 
implementation of an automatic image segmentation 
technique, in addition to new tests using a larger number 
of images.
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