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Abstract

Cancer is an ordinary disease of todays world, as one in three people is diagnosed with it at some stage in their lives. Of
all the diseases categorized under cancer, the best chance at early diagnosis and detection is given to breast cancer. It has been
noted that early detection increases the likelihood of a successful treatment Classification of mammographic images is critical to
early diagnosis of the disease. Two classifiers were used in this study, various machine learning classifiers applied to a breast
image dataset. The classifiers include: Nave Bayes (NB), Logistic Regression (LR), Multilayer Perceptron (MLP), Support Vector
Machine (SVM) , K-Nearest Neighbors(KNN), AdaBoost, Decision Tree (DT), C4.5, Random Forest (RaF) and the six statistical
features were extracted from the MIAS dataset. To evaluate result we use different performance metrics such as Accuracy, AUC,
F-Measure, Precision, Recall. RaF has the highest AUC followed by MLP, indicating its effectiveness in classification.
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I. INTRODUCTION

Cancer is a malignant tumour which begins within the cells
of an organ or tissue and tends to grow and divide in an
uncontrolled manner. Of the known types of cancer, there
are over a hundred of them[1]. Estimations have it that the
global incidences of cancer will rise to 20 million by 2020[2].
Similar to most diseases, the treatment of cancer also differs
with the type of cancer, its stage and location; however, early
detection and preventive measures can avert 90-95% of cancer
incidences. Breast cancer alone is one of the most global
diseases[3]. In most cases the initial sign is an asymptomatic
nodular mass in the breast. Still, pain may occur in about
10% of the patients even without such a tumor present. Like
the other breast cancer diseases, the general condition of
this illness could be managed significantly if diagnosed early.
Thus, timely detection not only broadens the possibilities of
salvation, but also increases its degree several times[4][5].
For early detection of breast cancer,they are commonly rec-
ommended and are often used together: which in connec-
tion with individual diseases are determined using personal
(independent) tests of the mammary glands,clinical tests for
the mammary glands (doctors emphasized), mammography[6].
Among them, X -RAY mammography is present day one of
the most widely used technique of breast cancer detection and
early detection[7][8]. However, this method has limitations
in terms of sensitivity and specificity: mammography can
fail to identify 4-34% of breast cancer while identifying
about 70% of benign tumors. Secondly, as mammography
involves ionizing radiation, it is not always preferred to the
conventional screening. The method is also insufficient in its
own right, and the calculated higher centiles are also generally
wrong. Given such threats, other techniques of identifying
the disease are being established most of which are less
invasive and less painful. More recently, studies employing

different microwave frequencies have proffered good results
in differentiating small malignant tumours from non malignant
breast tissues[9][10]. Therefore, more and more investigation
is directed on this non - invasive microwaves frequency to
sense tumor. Machine learning has revolutionized various
fields by providing powerful tools to analyze large datasets,
recognize patterns, and make predictions with high accuracy
[11][12][13][14][15][16]. Machine learning applications in
healthcare, finance, marketing, and robotics enable computer
systems to execute data-based decision-making and automate
tasks only possible through human work. Machine learning
in healthcare allows the system to predict disease tailoring
and treatment plans and enhance patient results using predic-
tive models. The financial sector employs machine learning
for fraud identification to execute trading algorithms and
determine credit values. Recommendation systems operating
on machine learning facilities enhance personalized content
delivery on ecommerce and social media platforms[17]. Tra-
ditional machine-learning tools are valuable assets to help
detect breast cancer in mammograms. The classification task
uses traditional algorithms Nave Bayes (NB) together with
Logistic Regression (LR) and Multilayer Perceptron (MLP)
and Support Vector Machine (SVM) along with KNearest
Neighbors (KNN) and Adaboost followed by Decision Tree
(DT), C4.5 and Random Forest (RaF). This set of traditional
techniques remains widely used and effective in this domain.
Mammogram image features based on texture aspects and
edge patterns with shape measurements are extracted by these
methods, which feed information into classification systems
to determine image categories between benign and malignant
outcomes. Interpretable outcomes and limited computing ex-
penses make traditional machine-learning techniques highly
valuable for clinical settings with resource constraints. Such
techniques help build implementation-friendly models that can
be deployed easily because large annotated datasets needed by
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deep learning models might not exist[18].

II. THE PROPOSED METHOD FOR MAMMOGRAM
IMAGES CLASSIFICATION

Phases one through six of the proposed system as shown
in Fig(l) structure are image collection, image cropping,
feature extraction, machine learning classifications, testing and
assessment, and, in the end, the result comparison.

A. Image Collection Phase

The Mammography Image Analysis Society (MIAS), a
consortium of UK research groups devoted to mammography
studies, built a digital database of mammography pictures
throughout the image-gathering stage. A well-known available
mammogram image database The datasets used in the study
are sourced from the Mammographic Image Analysis Society
(MIAS), with any image having a resolution of 1024 1024
pixels. represents 322 digital mammogram images of 161
pairs at a resolution of 50 as a portable gray map style with
associated truth data from the MIAS, UK [18], is selected. The
MIAS data is used to feed as standard inputs to the proposed
method in this work. Images are associated with annotation
labels as benign or malignant from a total of 119 patients and
also indicates the positions of any abnormal[19].

B. Image Cropping Phase

In this phase, the concept of a region of interest (ROI) means
the small portion of an image that You are willing to filter or
apply any operation.

C. Feature Extraction Phase

This step involves using six functions to extract feature
values from each mammography picture after cropping the
ROI using a [radius] based on the MIAS dataset from the [x]
location to the [y] position. Further information about these
six feature extraction-related functions can be found in the
paragraphs that follow:

1) Mean: 1t is a metric that shows the average intensity of
the nearby pixels in image

1 N
N:N;m (1)

Where: p is the mean (average) of the dataset.
N is the total number of elements in the dataset.
x; represents each individual element in the dataset.
The summation symbol } denotes the sum of all the elements
fromi=1to N.

2) Standard Deviation: Standard deviation measures how
spread out the numbers are from the mean.

2

Where: o is the standard deviation.
N is the total number of elements in the dataset.
x; represents each individual element in the dataset.

1 s the mean of the dataset.
The summation symbol) represents the sum of the squared
differences between each data point and the mean.

3) kewness: The measurement of skewness describes the
absence of symmetry and its intensity in statistical data distri-
butions and collections. Asymmetry pattern in a distribution
leads to the statement that its shape is symmetric. Symmetric
datasets must produce skewness values close to zero, while the
normal distribution yields a skewness value that equals zero.
A distribution shifts toward the left when the skewness value
becomes negative and toward the right when the skewness
value turns positive.

1 Ti— 3
Skewness = N;( - ) 3)

Where: Skewness measures the asymmetry of the probabil-
ity distribution of a real-valued random variable.

N is the number of data points. z; is each individual data
point.

1 is the mean of the dataset.

o is the standard deviation of the dataset.

4) Kurtosis: The degree of data distribution pointiness
emerges from kurtosis measurement, which reveals data sim-
ilarities to a normal distribution pattern. The peak of a data
set with a high kurtosis value shows a clearly defined and
concentrated distribution at the mean value.

. 1 al Ti — g
Kurtosis = N ;( > ) —3 “4)

Where: Kurtosis measures the “tailedness” of the probability
distribution of a real-valued random variable.
N is the number of data points.

x; is each individual data point.
1 is the mean of the dataset.
o is the standard deviation of the dataset.

5) Contrast: The identification of objects through their rep-
resentation in pictures and displays depends on the variations
in brightness and color patterns known as contrast. Visual
perception depends on contrast, which explains the color and
brightness differences between objects and all visible elements
around them.

Contrast — max(z;) — min(x;)

&)

mazx(x;) + min(x;)

Where: x; represents the pixel intensities in the image.
max(z;) is the maximum pixel intensity.
min(z;) is the minimum pixel intensity.

6) Smoothness: Calculates the proximate intensity devia-
tions in an area, is often used to describe the degree ovariation
in pixel intensities (or values in a dataset). A smooth image or
dataset has less fluctuation in values, meaning the differences
between neighboring pixels or data points are minimal.

1
S th = 6
1moothness 1+ Contrast ©)

Alternatively, smoothness in the context of texture features
can also be defined as:

Smoothness = v e 7
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Where: x; represents each pixel or data point.
1 is the mean of the dataset or image.
N is the total number of data points or pixels.
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Fig. 1: The proposed method for Mammogram Images
Classification

D. Classification Phase

The study uses eight commonly implemented supervised
learning techniques. Techniques in this study. These include
NB, RaF, KNN, MLP, SVM, C4.5, ADABOOST, DT and
LR. The WEKA Weka serves as the platform for developing
all defined classifiers. The model uses optimal performance
parameters for the operation What is specific to certain learn-
ing algorithms is their own set of parameters. Thus, In this
examination, the following configurations were applied to the
learning models. Learners based on preliminary investigation.
The NB learner is required to use the useKernelEstimator
set to true for implementing kernel estimation on numerical
values. The learner uses kernel distribution estimation instead
of standard normal estimation to handle numeric attributes.
The RaF learning algorithm requires modifications to its
values. The research uses 200 as the assigned numTrees
value instead of the default 100. The change leads to an
expanded number of trees resulting from the system. The
number of trees needs to be increased to determine more
accurate out-of-bag predictions. The author followed earlier
research findings, which warned about extended computation
times when elevating numTree values. The selection of this
value considered the concerns mentioned in past research.
In the case a configuration of the KNN learning algorithm
uses Weight by 1/distance as the distance weighting parameter
while adjusting the kNN parameter to 5 and enabling cross-
validate. The Parameter is tuned to true. Considering the MLP,
we set the hiddenLayers parameter to 3. This means that
One hidden layer contains three nodes when we define this
network. The validationSetSize Parameter is also adjusted to
10. Applying this approach, the MLP classifier devotes 10%
of training data for validation. The iterative training procedure
needs a validation set to establish termination points. Two

configurations are made. The SVM receives two configuration
settings: the first configures the ¢ complexity constant value
at 5.0, and the second activates the use Laplace Parameter.
The method for creating Logistic Models has been enabled to
be true in the current configuration. In this work, the Laplace
parameter for C4.5 is activated (set to true) to enhance the
probability estimates. The final parameter for LR activation
required setting the errorOnProbabilities value to True while
setting the useCrossValidation value to False. The useCross-
Validation parameter is set to false alongside valid for the
errorOnProbabilities parameter to minimize root mean squared
error. The root mean squared error.

E. Perfromance Evaluation

TABLE I: CONFUSION MATRIX

Predicted Positive
True Positive (TP)
False Positive (FP)

Predicted Negative
False Negative (FN)
True Negative (TN)

Actual Positive
Actual Negative

Many approaches are used in assessing performance. These
include Accuracy, Sensitivity and Specificity. These measures
are calculated from the confusion matrix. A confusion matrix
is a two-way table used to evaluate a classification model
where actual test values are already known. The structure of
the confusion matrix is illustrated in Table(I): Where True
Positive (TP): The number of positive samples correctly clas-
sified as positive, False Negative (FN): The number of positive
samples incorrectly classified as negative, False Positive (FP):
The number of negative samples incorrectly classified as
positive, True Negative (TN): The number of negative samples
correctly classified as negative.

1) Accuracy: Accuracy is the proportion of correctly clas-
sified instances out of all instances. It is defined as:

A B TP+TN g
Y = TP Y TN+ FP+ FN ©
2) AUC (Area Under the Curve): AUC refers to the area
under the Receiver Operating Characteristic (ROC) curve. It
is a performance metric that provides an aggregate measure of
a classifiers ability to distinguish between classes. The range
of AUC is from O to 1:
3) F-Measure (FI-Score): The F1-Score is the harmonic
mean of Precision and Recall, which balances the trade-off
between them. It is defined as:

PrecisionRecall
F1-— =2
Score Precision + Recall ©)

Where: Precision =TP/(TP + FP) and Recall =TP/(TP + FN)
4) Precision: Precision is the proportion of positive predic-
tions that are actually correct. It is defined as:
TP
TP+ FP
5) Recall: Recall is the proportion of actual positives that
are correctly identified. It is defined as:
TP
TP+ FN

Precision = (10)

Recall = (11)
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TABLE II: THE CLASSIFICATION PERFORMANCE FOR ALL CLASSIFIERS USING DIFFRENT PERFORMANCE
EVALUATION METRICS

NB LR MLP | SVM | KNN | ADABOOST | DT | C45 | RaF

ACCURACY | 0.581 0.596 0.641 | 0.618 | 0.488 0.596 0.526 | 0.611 | 0.595

AUC 0.59 0.527 0.697 | 0.591 | 0.465 0.41 0.492 0.5 0.723

F-MEASURE | 0.443 0.294 0.492 | 0448 | 0.338 0 0.263 0 0.162

PRECESION | 0.419 0.307 0542 | 0.452 | 0.344 0 0.295 0 0.227

RECALL 0.493 | 0.32 0.49 0.47 0.353 0 0.25 0 0.133 0.49 0.47 0.353 0 0.25 0 0.133
L e Precision and Recall evaluation metrics. MLP produces the
; optimal results when evaluating all available classifiers. The
ar ] " 4 model delivers the maximum value of 0.697 AUC, establishing
s its impressive capabilities to detect faulty and functioning

LR R i s, m A - . o . .

. . o instances. The model exhibits a superior F-Measure scoring of
e ) i ‘..-""- - a 0.492 and precision, which reached a value of 0.542 because it
il - . = strikes an excellent compromise between precision and recall.
I ' %'”“m.k MLP shows its ability to recognize intricate data relationships
0.3 b 1 | " -4 in this evaluation because of its deep learning foundation.
i 1 & BCCLRATY !Z':_ " The AUC value of RaF reaches 0.723, surpassing all other
1 —=—auc ¥ '*'._ « | classifiers, indicating its highest discrimination capability. The
i w F-MEASURE ) L strong discriminatory power of RaF demonstrates that it serves
= :fEE'E:jl'JH j LY. 1 well as a prediction tool for breast images. The metrics of F-
— 1 1 Measure at 0.162 and Precision at 0.227 reveal RaF has good
P i class separation capabilities but demonstrates limitations in
+ Precision and recall balance control. The results indicate that

Fig. 2: The classification performance for all classifiers using
diffrent performance evaluation metrics

ITII. RESULTS AND DISCUSSIONS

The experiment in this study was conducted steps as fol-
lows:

1) Collecting mammogram images.

2) Cropping each image based on (X, Y) coordinates and
radius (R) to detect the region of interest.

3) Extracting six statistical features from the images.

4) Applying the nine classifiers using the extracted statisti-
cal features (the experiment was performed three times)
and calculating the classification results.

The data partitions were configured through 10-fold cross-
validation. The ten subsets in each dataset remain distinct
(the folds) and are about the same size. Ten times, Nine
folds among the available resources get chosen to perform
model training before the remaining fold conducts testing.
The tenth portion serves for evaluation purposes, while the
nine sections work to develop models. All learners receive
subject assessments based on the software defect datasets.
The empirical results analysis is conducted through MAT-
LAB version 3.6.13 and WEKA version 3.6.13. The breast
image dataset evaluation using Table(II) and Fig(2) reveals
significant findings about the different machine learning clas-
sifiers’ performance. The experimental assessment involved
NB, LR, MLP, SVM, KNN, DT, C4.5, and RaF as the
assessed classifiers. The performance assessment of the models
included Accuracy, AUC (Area Under the Curve), F-Measure,

Adaboost provides the worst performance in all tested metrics.
This classifier provides absolutely no meaningful predictions
since its AUC measures 0.41 while its F-Measure reaches
0.00. The inferior metrics from Adaboost point toward its
badly suited nature for handling this particular dataset since
imbalanced data and a limited number of meaningful weak
learners might be to blame. LR and NB show moderate
performance. LR’s AUC score is 0.527, whereas NB’s reaches
0.590 but falls behind MLP and RaF in AUC performance. For
simple baseline models, the Accuracy level between 58-59%
indicates that these models would not be the most suitable for
defect prediction tasks. DT and C4.5 show near-random per-
formance, with AUC values of 0.492 and 0.500, respectively.
Analysis shows that the models struggle with generalization
ability because they apply training patterns exclusively to their
prediction decisions. KNN demonstrates a moderate to weak
performance in the dataset through its AUC value of 0.465.

IV. CONCLUSION

Breast cancer is one of the diseases that top the chart
that strikes the life of women, so it is essential to have an
early detection and diagnosis of the disease. In this paper, we
conduct a comprehensive comparative study on mammogram
image classification using nine different classifiers. Based on
the metrics’ strong and consistent performance, MLP appears
to be the best classifier for breast image prediction. RaF also
does quite well in terms of AUC. Adaboost, DT, and KNN
have relatively lower predictive performances in the dataset
and thus might not be suitable. The results show that advanced
machine learning techniques, MLP or RaF, are better than
methods like NB, LR, or DT. In future work, we will use
more dataset deep learning methods.
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