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Abstract. This work provides an overview of the research that has been done on using
Computer-Aided Detection (CAD) for the diagnosis of breast cancer. The focus is on
mammographic and histopathology images and the different techniques used for image pre-
processing, segmentation, and classification. The accuracy of the different algorithms was
evaluated on different datasets, including MIAS, IRMA, DDSM, and CBIS-DDSM, and the
results showed that deep learning models such as Convolutional Neural Networks (CNNs) and
Random Forest, along with Multi-Layer Perception and Naive Bayes, were effective in detecting
and classifying breast cancer. The results of these studies show the potential of CAD in making
the diagnosis of breast cancer easier and more accurate. In the segmentation stage, the U-Net
model has been modified to perform better in terms of accuracy. The DDSM database has been
found to have a higher accuracy percentage compared to the MIAS and CBIS-DDSM databases.
This indicates that the modified U-Net model has performed well on the DDSM database in
terms of accurately segmenting the images. The use of Computer Aided Diagnosis (CAD) has
improved the accuracy of breast cancer diagnosis in mammography and histopathology images.
The four-step process of preprocessing, segmentation, feature extraction, and classification has
proven to be effective in detecting malignant and benign tumors. Different algorithms like Naive
Bayes, Multilayer Perception, Random Forest, and Convolutional Neural Network (CNN) have
been used with varying accuracy levels. The best results were obtained by using the modified U-
Net model for segmentation and the Random Forest algorithm for classification, as they showed
higher accuracy compared to other methods and databases. In this study it has been analyzed that
the use of Computer-Aided Diagnosis (CAD) in mammography and histopathology images has
shown promising results in the diagnosis of breast cancer. Different algorithms and techniques
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have been used to improve the accuracy of the classification of malignant and benign tumors.
The MIAS database has shown the best results when using a Convolutional Neural Network
approach. However, histopathology images have some limitations in comparison to radiologist
images, but the use of CAD is still an important tool in cancer diagnosis.
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1. Introduction

Breast cancer is a common type of cancer that affects mostly women, especially in developed countries.
It is caused by an abnormal increase in cells and spreads in body tissues, forming a tumor which can be
benign or malignant. Mammography images are used for early detection of breast cancer, and if
diagnosed early, the patient has a higher chance of successful recovery [1][2][3]. However, manual
diagnosis is time-consuming, and there is a need for automatic diagnosis. Computer-aided diagnosis
(CAD) systems can be helpful in medical imaging to provide quick and easy detection of diseases by
doctors. In the world, 14.1 million people suffer from breast cancer each year, and 8.2 million people
die from it, with 70% of new cases occurring in developing countries. It is estimated that this number
will increase to 19.3 million by 2025 due to various factors such as unawareness, population, genetics,
and family history [4][5][6].

2. Literature review

The pre-processing of mammographic images involves the use of filters such as Spatial and Wavelet
filters, smoothing techniques, and data augmentation to increase the size and quality of the training
dataset. Data augmentation is then performed by converting images from MIAS database to smaller
dimensions for faster processing [7][8]. The classification of tumors is done using AlexNet architecture
with an accuracy of 95.70% with and without data augmentation [9]. A novel deep learning framework
using transfer learning is also used to achieve an accuracy of 97.52%.The classification of breast cancer
is then performed using deep learning frameworks such as AlexNet, Modified U-Net, Inception V3,
DenseNet 121, ResNet 50, VGG16, and MobileNet V7, with transfer learning being used to improve
accuracy[10][11][12]. ANNSs are also used for the detection of breast cancer, with a two-step process of
pretreatment and extraction of images. These techniques have achieved high accuracy rates, with the
best result being 98.87% achieved using the modified U-Net and Inception V3 with data augmentation
on the DDSM dataset [13][14] as seen in Table 1.

Table 1. Category data on the category wise while phase are learning and testing.

Category Learning phase Testing Phase
Normal 150 58
Abnormal 72 42

The detection of breast cancer using neural networks is a two-part process. The first part involves the
extraction of characteristics from mammographic images using the standard library CV. The second part
involves using multilayer perception to classify images into normal and abnormal categories using C++
language and data from MIAS database. The results are good based on category and learning phase.
Deep learning-based neural networks have improved biomedical images and various methods have been
used to enhance the images [15]. Many deep learning models are used to describe the relationship
between mammography and histopathology phenotypes. Challenges remain in using such systems for
clinical decision making and treatment management. Mass classification is important for the benign-in-
malignant detection in the region of interest, and texture is an important factor in mass classification.
ANN methodology is also used in pharmaceutical science for interpretation of analytical data, pattern
recognition, and modeling analytical data in pharmacokinetics [16]. Various techniques have been used
by researchers for the classification of masses in mammographic images. Different classifiers such as
Linear discriminants analysis (LDA), Artificial Neural Network (ANN), binary decision tree, support
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vector machine (SVM), and Bayesian network have been used. LDA is a traditional method of
classification that has been applied in the field. These classifiers aim to accurately differentiate between
normal and abnormal masses in mammograms [17].ANN (Artificial Neural Network) modeling is a
basic concept in pharmaceutical research that uses unsupervised learning. ANNs gather knowledge by
detecting patterns and relationships in data, making it a useful tool for pattern recognition. ANN models
are designed to mimic the way the human brain processes information, as it learns through experience
instead of programming. In this way, ANNSs are similar to the human brain and can be used to analyze
complex data [18]. Classification in mammography is considered a problem of texture description and
representation. The difficulty lies in detecting lesions masked behind dense tissue during mammography,
particularly in the case of small tumors and microclassifications. The risk of breast cancer is increased
with an increase in breast tissue density. A system has been designed using segmentation tissue (SI) and
a fixed size and Region of Interest (ROI) based approach using an Extreme Learning Machine (ELM).
The MIAS database has been used for classification, and an ensemble of neural network classifiers has
been used to predict breast density [19]. Evaluating the risk of breast cancer is a decision-making
problem. The Gail Model, which is well-measured in populations, has poor performance when applied
to individuals. However, incorporating mammographic breast density into the Gail Model can improve
its predictive accuracy. A study found that during 5.1 years, 9.5% of women suffered from invasive
breast cancer, but the Gail Model's predictive accuracy was 95% [20].The use of Convolutional Neural
Networks (CNNs) for the analysis of digital mammography images has shown promising results in terms
of speed and accuracy in both image segmentation and tissue classification. The use of a median-sized
database has also been found to improve the performance of the CNN.

3. Different datasets for mammographic image

Breast Imaging Report and Data System (BIRDS) of ACR (American College of Radiology) has become
widely adopted as a standardized method of reporting in breast imaging, and helps to reduce the
variability between radiologists in creating the reports. This system is used for mammography,
ultrasonography, and MRI reports, and various datasets and learning models are used to improve its
accuracy and efficiency in order to scale so here values are mentioned in Table 2 Table 3 and Table 4.

Table 2. Different databases with the method, Accuracy, and AUC (Area-Under Curve) [21].

Database Method Accuracy AUC

MIAS LeNet 0.5761 -
CNN+SVM 0.6035 -
AlexNet 0.6213 -
CNN(Conv5+Fe7)+BN+SVM  0.6222 -
CNN(Conv5 +fe7)+SVM 0.6128 -
ZFNet 0.6295 -
VGG16 0.6204 -
VGG19 0.6273 -
ResNet101 0.6062 -
DenseNet 121 0.5871 -
Inception V4 0.5948 -
Mobile Net V2 0.6223 -
Shuffle Net V2 0.6179 -
MVCNN 0.6305 -
MVMDCNN 0.6305 -
MVMDCNN-LOSS 0.6305 -

IRMA SVM 100% 1.0
KNN K=1,2,3 100% 1.0

BINARY DECISION TREE  100% 1.0
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Table 3. Segmentation results based on modified U-Net model for the MIAS, DDSM, and CBIS-DDSM
databases based on MLO view.
Data Set Deep Learning Model ACCURACY of IOC ACCURACY OF DC

DDSM U-Net Model 91.89% 91.89%
MIAS U-Net Model 90.78% 89.99%
CBIS-DDSM  U-Net Model 87.96% 88.65%

Table 4. Determining the classification algorithm accuracy using various algorithms on different
datasets.

Classification Inbuilt WBC WDBC WPBC
Algorithm Dataset

Naive Bayes 74.8% 96.13% 94.20% 78.78%
Multilayer Perception 86.36% 99.28% 97.89% 81.81%
Random Forest 85.31% 99.4% 99.5% 99.6%

4. Computer-aided diagnosis

The use of computer-aided diagnosis (CAD) systems has greatly improved the accuracy and efficiency
of breast cancer detection in various imaging modalities such as mammography, ultrasound, and MRI.
Many techniques have been developed for the classification of masses and tissues, including linear
discriminant analysis, artificial neural networks, decision trees, support vector machines, and Bayesian
networks. The use of deep learning-based neural networks and data augmentation has shown promising
results in detecting and classifying breast cancer. The use of Breast Imaging Report and Data System
(BIRDS) of the American College of Radiology has also helped reduce variability in radiologists' reports.
These efforts aim to improve the accuracy of breast cancer screening and support clinical decision
making [21].

Breast cancer is a common type of cancer that occurs mostly in females diagnosing dissimilar types
of imaging procedures are used for collecting the sample like mammography, magnetic resonance
imaging (MRI) biopsy. The complete steps include: (i) Image acquisition: In this step, the images are
collected using different imaging techniques like mammography, MRI, biopsy, etc. (ii) Image pre-
processing: In this step, the images undergo several techniques to improve the quality of the images like
smoothing, denoising, etc. (iii) Feature extraction: This step involves extracting relevant features from
the pre-processed images to be used for classification.)iv) Classification: In this step, different
classification algorithms like SVM, ANN, Bayesian network, etc. are used to classify the images into
normal and abnormal categories. In this step, the extracted features from the previous step are used to
classify the image into normal or abnormal (malignant) categories. The performance of the CAD system
is evaluated based on different metrics such as sensitivity, specificity, accuracy, precision (Positive
Predictive Value), Negative Predictive Value, and Matthew's Correlation Coefficient (MCC). These
metrics help in determining the effectiveness of the system in detecting breast cancer [22] accurately.

Segmentation-In image segmentation, various techniques such as threshold clustering and active
contour models are used to segment the regions of interest (ROI) that contain abnormalities from the
normal breast tissue. The features extracted from the ROI are then used in the classification stage, where
wavelet detection and other methods are used for detection. The results of the classification stage often
show a high accuracy, as evidenced by the ROC curve being bounded by more than 90%, indicating a
low rate of false positive outputs.

Feature Extraction-In this step, the extracted features from the mammography images are used to
develop a breast cancer CAD system. A range of morphological, textual, fractal, topological, and
intensity-based features are used to classify the new images. In one experiment, 80 mammography
images were taken for feature extraction and the results showed that a breast cancer CAD system can be
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developed with high accuracy. 23 significant features were identified which contributed to a better
understanding of mammography images and the calculation of the percentage ratio.

Classification- In the classification step of the CAD system for breast cancer diagnosis, various
machine learning algorithms such as decision tree, SVM (Support Vector Machines), and ANN
(Artificial Neural Network) can be used. A study was conducted using the KIMA Path 960 dataset,
which consisted of 960 histopathology images, and it was found that SVM achieved the highest accuracy
of 90.52%, while deep learning obtained an accuracy of 81.14%. Computer-Aided Diagnosis (CAD)
systems have been developed for the early detection of breast cancer. They use various imaging
techniques such as mammography, ultrasonography, MRI, and histopathology. The process involves
four steps: focal area identification and noise reduction, image segmentation, feature extraction, and
classification. The CAD system has been tested using different algorithms such as decision tree, SVM,
and ANN and has shown good accuracy in detecting and diagnosing breast cancer. The use of digital
histopathology in CAD systems has made the detection and diagnosis of breast cancer easier and more
accurate, leading to better outcomes for patients. The use of histopathology images in the CAD system
for breast cancer diagnosis has some drawbacks compared to radiology images [23]. There is a
significant parallelism between benign and malignant tumors, which makes the classification difficult.
However, representation learning based on unsupervised domain adaptation can improve the
classification accuracy. The results show an average increase of 5.1% compared to the basic method and
an increase of 1.25% compared to advanced techniques. In the histopathology images for cancer
diagnosis, the CAD system involves several steps including pre-processing, image enhancement,
segmentation, and feature extraction. In pre-processing, filtering, histogram-based, and color-based
techniques are used to enhance the image. Segmentation involves the use of thresholding techniques
such as Gaussian and median. After segmentation, the next step is to split touching cells and extract
features for further analysis.

5. Conclusion

This work describes the use of different techniques and algorithms in mammographic and
histopathology images for the detection, diagnosis and prediction of breast cancer. The use of CAD
(Computer Aided Diagnosis) systems is described in detail, including steps like image pre-processing,
segmentation, feature extraction, and classification. The performance of different machine learning
algorithms, such as SVM, ANN, and CNN, is also discussed. The accuracy of these techniques is
measured using various performance metrics, such as sensitivity, specificity, precision, and recall. The
paper concludes by highlighting the advantages and limitations of using CAD systems in the diagnosis
of breast cancer. It has been observed that various datasets were used to evaluate the performance of
different classification techniques on mammographic and histopathology images in literature. After
literature analysis, this work discussed the results obtained using Convolutional Neural Network (CNN)
on the MIAS database. The MVMDCNN-LOSS and MVM-DCNN methods showed an accuracy of
0.9%, which was slightly lower than the accuracy of the MVCNN method. On the other hand, the IRMA
dataset was able to achieve 100% accuracy with a high Area Under the Curve (AUC) value. These
results highlight the potential of using CNN and other deep learning techniques in the diagnosis of breast
cancer based on mammographic and histopathology images. This work discussed the existing datasets
and techniques to analyze mammographic and histopathology images for diagnosis of breast cancer.
The results show that the Convolutional Neural Network (CNN) approach on the MIAS database gives
a high accuracy of 0.9%, while the IRMA dataset gives 100% accuracy with an AUC score. The U-Net
model is used for segmentation and is shown to be more accurate in MIAS and DDSM compared to
CBIS-DDSM. In terms of classification, Random Forest and Multi-Layer Perception (MLP) algorithms
are shown to be more effective than Naive Bayes. This work also briefly discussed the use of CAD in
histopathology images, where preprocessing is followed by segmentation and classification.
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