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Abstract

In many fields, particularly that of health, the diagnosis of diseases is a very
difficult task to carry out. Therefore, early detection of diseases using artificial
intelligence tools can be of paramount importance in the medical field. In this
study, we proposed an intelligent system capable of performing diagnoses for
radiologists. The support system is designed to evaluate mammographic im-
ages, thereby classifying normal and abnormal patients. The proposed meth-
od (DiagBC for Breast Cancer Diagnosis) combines two (2) intelligent unsu-
pervised learning algorithms (the C-Means clustering algorithm and the
Gaussian Mixture Model) for the segmentation of medical images and an al-
gorithm for supervised learning (a modified DenseNet) for the diagnosis of
breast images. Ultimately, a prototype of the proposed system was imple-
mented for the Magori Polyclinic in Niamey (Niger) making it possible to di-
agnose (or classify) breast cancer into two (2) classes: the normal class and
the abnormal class.

Keywords
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1. Introduction

Breast cancer is one of the major cancers affecting women’s lives. However, the
standard procedure for diagnosing it by pathologists is time-consuming [1].
Therefore, the development of an intelligent system is a way to assist pathologists
during diagnosis. Benign tumors (considered normal) grow slowly [2]. So, these

types of tumors are harmless.

In traditional Machine Learning (ML) algorithms, features are used to diagnose
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images. These methods consist of extracting the characteristics of each image from
the dataset manually and then training a classifier on these characteristics. These
supervised learning methods can provide very good results. However, their per-
formance strongly depends on the quality of the characteristics previously found.

Transfer learning is a better approach that uses a pre-trained model to extract
unique features from each medical image. Additionally, the current performance
of these models caught our attention as they achieved better results in feature
extraction and classification of breast cancer, especially the DenseNet [3].

Image segmentation algorithms, particularly mammography and histopathol-
ogy images, are currently used in the field of computer vision and disease diagno-
sis. They permit good and early (or rapid) diagnosis of breast cancer. The fuzzy
c-means method is an unsupervised clustering method (unsupervised learning)
and is one of the most used methods for medical image segmentation.

Breast cancer is the second leading cause of death among women. In addition,
there is a shortage of specialist doctors in our country, perhaps even worldwide.
This global scourge is very difficult to diagnose at an early stage. Therefore, the
creation of Intelligent Systems (IS) is necessary in our hospitals and clinics to
help radiologists to properly diagnose breast cancer and other cancers.

In our hospitals, doctors use several techniques to diagnose breast cancer in-
cluding mammography, ultrasound and Magnetic Resonance Imaging (MRI).
Currently, mammography and ultrasound are commonly used diagnostic tech-
niques [4].

Mammography is ineffective in patients under 40, with dense breasts and less
sensitive to small tumors. Most breast diseases resemble signs of cancer and re-
quire additional tests to make a correct diagnosis (these tests are very expensive
for most patients). To overcome these problems, we proposed an intelligent sys-
tem to help radiologists make a final decision.

Nowadays, mammographic images exist in abundance in our hospitals and
clinics. This is caused by the number of mammograms performed per woman.
However, these images are not processed in most cases. These images obtained will
be used by statistical (or automatic) learning algorithms with the aim of to obtain
an intelligent or artificial intelligence model. In our hospitals, there are two (2)
types of data: annotated or labeled data and unlabeled data. We used unsupervised
learning algorithms to solve the lack of annotated data at Polyclinic Magori.

In this study, we propose a hybrid learning algorithm for breast cancer diag-
nosis. It combines unsupervised and supervised learning and the data used was
collected from Magori Polyclinic in Niamey (Niger). The proposed system uses
intelligent algorithms (K-means clustering, Fuzzy C-means, and modified Dense-
Net) based on our own experience [4] and the literature review regarding this

study.

2. Related Works

In [5] an intelligent model based on modified DenseNet was proposed to diag-
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nose histopathology images of breast cancer disease into two (2) classes: the be-
nign class and the malignant class.

In [6], it was realized that manual segmentation of medical images is time-
consuming and does not take into consideration the appearance of anatomical
structures. Therefore, to solve this problem, the authors proposed a clinical
target volume (CTV) auto-segmentation method called Deep Dilated Residual
Network (DD-ResNet). The results show that the self-segmented contours of the
CTV were close to the manually segmented contours. The deep learning algo-
rithm (DD-ResNet) proposed by the authors could be used to improve con-
sistency in the contouring and streamlining of breast cancer radiotherapy pro-
cesses.

In [7], to effectively help radiologists in making accurate diagnoses, an intelli-
gent system was proposed for breast cancer screening. This system requires de-
tection, segmentation, and classification of the disease using deep learning
methods. To recognize the mass and classify it as benign or malignant, a deep
convolutional neural network (CNN) is applied. To evaluate the proposed sys-
tem, the INbreast database was used and according to the authors, the proposed
system could be used to help radiologists in all stages of detection, segmentation,
and classification of breast masses. The below Figure 1 shows the diagram of the

intelligent system.

|
A
A

Mass Detection

Deep Learning based YOIO

Mass Classification

Mass Segmentation

TS

Deep Learning based FrCN

Malignant

Deep Learning based CNN

Input
Mammogram

Figure 1. Intelligent System in [7].

Final Decision
of CAD system

N

In [8], the authors identified seven (7) connected bras. These devices are cur-
rently an alternative technique to mammography, given the shortcomings of the
previous devices, particularly the detection of breast cancer in dense breasts.
Note that these devices are currently in the testing stage. They use technologies
like thermal sensors, electrical impedance tomography, and ultrasound. Finally,
these connected bras use Artificial Intelligence (AI) methods.

In [9], coronavirus disease (COVID-19) emerged in October 2019. The virus
that caused this scourge was called coronavirus 2 severe acute respiratory syn-
drome (SARS-CoV-2). According to the World Health Organization (WHO), at
the end of January, this disease caused more than 2 million deaths. So, an auto-
matic detection system should be introduced as a rapid alternative diagnosis to

prevent the spread of COVID-19 among humans. Among Al techniques, these
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authors chose deep learning including DenseNet, Inception-V3, and Incep-
tion-ResNetV4 to detect this disease using X-ray images. They were able to im-
prove DenseNet and also showed that it is more efficient than the two (2) other
models cited above. The pre-trained DenseNet improved by the authors achieved
92% accuracy while Inception-V3 and Inception-ResNetV4 achieved accuracies
of 83.47% and 85.57%, respectively. Finally, in their study, the authors proposed
a deep transfer learning method based on chest X-ray images collected from
COVID-19 patients. It also provides insight into how deep transfer learning ap-
proaches can be used to detect COVID-19 at an early stage. Figure 2 shows the
basic architecture of DenseNet models.

Layers Output Size DenseNet-121 | DenseNet-169 | DenseNet-201 | DenseNet-264
Convolution 112 x 112 7 x 7 conv, stride 2
Pooling 56 x 56 3 x 3 max pool, stride 2
Dense Block [ 1% 1conv ] [ 1 x 1conv ] [ 1 x1conv | [1x1conv ]
(¢)) 56 x 36 _3><3conv_><6 _3><3conv_><6 _3><3conv_><6 _3><3conv_><6
Transition Layer 56 x 56 1 x 1 conv
(¢)) 28 x 28 2 x 2 average pool, stride 2
Dense Block [ 1x1conv ] [ 1 x1conv ] [ 1 x1conv ] [1x1conv |
28 x 2 12 12 12 12
2) 8 %28 _3><3<:onv_>< _3><3conv_>< _3><3cc>nv_>< _3><3conv_><
Transition Layer | 28 x 28 1 x 1 conv
2 14 x 14 2 x 2 average pool, stride 2
Dense Block [ 1x 1conv ] [ 1 x 1conv ] [ 1 x1conv | [1x1conv ]
4 2 2 4
3) 14x 14 _?:x?ac:onv_><4 _3x’.’aconv_><3 _3x3conv_>< 8 _3x3conv_X64
Transition Layer 14 x 14 1 x 1 conv
3) T7x7 2 x 2 average pool, stride 2
Dense Block [ 1x1conv | [ 1 x 1conv ] [ 1 x 1 conv ] [1x1conv ]
1 2 2 4
@) Tx7 _3x3conv_>< 6 _3x3conv_><3 _3><3conv_X3 _3x3<:onv_>< 8
Classification 1x1 7 x 7 global average pool
Layer 1000D fully-connected, softmax

Figure 2. Basic architecture of DenseNet models in [10].

In [10], a potential new approach combining DenseNet201 and XGBoost was
proposed. This type of system can effectively identify the presence of cancer
cells. To experiment with the proposed DLXGB method (for Deep Learning and
eXtreme Gradient Boosting), the authors used a dataset of histopathological im-
ages of breast cancer. The choice of this database is based on its use by many re-
searchers for the creation of intelligent systems particularly in [11] [12].

In [13], the robust properties of CNN (Convolutional Neural Network) and its
major success in solving various computer vision problem tasks make it a plau-
sible candidate among classifiers concerning the classification of images and ob-
ject recognition.

Data partitioning is a method of analyzing medical images that consists of
separating the n objects of a database into k subsets so that each group (or sub-
set) has similar objects and that the groups are well different from each other
[14]. It makes it possible to detect hidden structures in datasets without prior

knowledge. Several different approaches exist; the methods are distinguished by
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the nature of the partitions created.
Figure 3 shows the segmentation method of medical images (Normal Image,

Benign Image and Malignant Image) proposed in [15]:

Patient 2
Pre-processed

\ ° Breast Image
a

MRI Scanner .
Normal Image, Benign Image and

Malignant Image

Segmented .
Cancerous \
Cell .
S Hybrid K-Means and GMM
/ segmentation algorithm

Figure 3. Proposed model for breast cancer segmentation in [15].

Feature extraction

3. Materials and Methods

We were able to collect 80 medical images of the breast (mammographic images) at

the Magori Polyclinic in Niamey. These images were acquired in DCM or DICOM

(for Digital Imaging Communication in Medicine) format and were converted to

PNG (Portable Network Graphics) while maintaining interpretable image quality.
Figure 4 shows the functional diagram of the proposed method.

Input Mammographic Image

v

GMM+C-Means

v

DenseNet Modified

v
v

Normal Abnormal

Figure 4. Proposed approach for the diagnosis of breast cancer (DiagBC).
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Load Breast Image

This work shows a combination of supervised and unsupervised learning
techniques. We were able to combine two unsupervised learning methods namely
C-Means and the Gaussian Mixture Model (GMM) for the segmentation of
mammographic images on one hand and on the other hand a supervised learn-
ing technique (a modified DenseNet), for the diagnosis of breast cancer. There-
fore, the proposed method (DiagBC for Diagnosis of Breast Cancer) is a combi-
nation of supervised and unsupervised learning, making it possible to classify
this disease into two categories: normal and abnormal.

We modified the DenseNet by adding a dense layer of 512 perceptrons.

4. Results and Discussion

In this part, we will discuss our test results in order to reach to the appropriate
method. We started collecting mammographic images at the Magori Polyclinic
in Niamey aiming at helping radiologists in decisions making. Figure 5 shows

the first test performed on the unlabeled mammogram images:

B Help Dialog

Normal

Segmentation Image and Diagnosis

Figure 5. Image segmentation and diagnosis (Test 1).

Figure 5 shows the segmentation of a mammographic image using C-Means
and GMM and the diagnosis of breast cancer using the modified DenseNet
method. The result shows a healthy patient.

Figure 6 shows the second test performed on the unlabeled mammogram im-
ages:

This patient is also normal according to the proposed system. Figure 7 shows
another diagnosis carried out.

Figure 8 shows the segmentation of a mammographic image using C-Means
and GMM and the diagnosis of breast cancer using the modified DenseNet

method. The system shows that the patient is abnormal.
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n Help Dialog

Load Breast Image [Segmentation Image and Diagnosis

Figure 6. Image segmentation and diagnosis (Test 2).

Load Breast Image Segmentation Image and Diagnosis]

Figure 7. Image segmentation and diagnosis (Test 3).

To verify that the system has good generalization, we found it useful to test it
on another database. A concise description of this database is hereby given.

The diagnostic Breast Cancer Histopathology Images (BreakHis) is composed
of 7909 microscopic images of breast lesion tissues collected from 82 patients
using different magnification factors (40x, 100x, 200x, 400x). It contains 2480
benign samples and 5429 malignant samples. This database was built in collabo-

ration with the P&D-Anatomy Pathological and Cytopathology laboratory, in
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Load Breast Image

Parana, Brazil [16].

To check whether the system gives a good result, we tested it on an abnormal
mammogram from the BreakHis database.

This patient is abnormal according to the system. Figure 9 shows the normal

mammogram test from P&D Laboratory, Parana, Brazil.

The proposed system gives the same result as the robotic vision and imaging

v

Figure 8. Image segmentation and diagnosis (Test 4).

Load Breast Image

Figure 9. Image segmentation and diagnosis (Test 5).

Segmentation Image and Diagnosis
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laboratory, that is to say, that the patient is normal. The Accuracy (acc on Figure
10) increases with the number of epochs (x axis on Figure 10). Figure 10 shows

the Accuracy and Epoch of the new model while Figure 11 shows the Loss.

1.00

0.95 -

0.90 -

0.85 -

0.80 -

0.75 A

0.70 -

00 25 50 75 100 125 150 175
Figure 10. Accuracy.

0.7
— loss

0.6 - I\ val_loss
0.5 1
0.4 -
0.3 1
0.2 -

0.1 -

0.0 -

00 25 50 75 100 125 150 175
Figure 11. Loss.

Figure 10 and Figure 11 show that the proposed hybrid model has good gen-
eralization. Moreover, the performance metrics of the model, on test samples,

were determined. Table 1 shows these metrics.

Table 1. Performance metrics of DiagBC.

Accuracy Recall Precision F1 Score
99.58% 96.11% 95% 95.55%
With:
TN +TP
Accuracy = x100 (1)
TN+TP+FN +FP
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TN +TP
—X

Recall = 100 (2)
TP+ FN
Precision :Lxmo 3)
TP +FP
F1—Score — 2x Precision x Recall «100 @

Precision + Recall

The different performance metrics used to evaluate the proposed approach are
Accuracy, Recall, Precision, and F1 score as shown in Table 1. TN, TP, FP, and
FN represent the number of True Negatives, True Positives, False Positives, and
False, respectively.

Precision is the ratio between the number of True Positives (TP) and the sum
of True Positives (TP) and False Positives (FP).

A Recall of 1 means that all positive samples have been correctly classified.
F1-Score is the weighted average of Precision and Recall.

For a given class, a classifier, and a sample, four cases can arise:

e The sample is of this class, and the classifier is not mistaken: it is a true posi-
tive (TP).

e The sample is of this class, but the classifier is wrong: it is a false negative
(FN).

e The sample is not of this class, but the classifier assigns it anyway: it is a false
positive (FP).

e The sample is not of this class, and the classifier does not place it in this class

either: it is a true negative (TN).

5. Conclusion and Future Work

A hybrid learning system for breast cancer early detection and diagnosis has

been proposed. A prototype has been implemented and tested with patients

from the Magori Polyclinic in Niamey (Niger) and the diagnostic Breast Cancer

Histopathology Images (BreakHis) dataset. The results of the proposed system

were compared very well with those of the robotic vision and imaging laborato-

ry. The proposed hybrid system detects breast cancer and classifies it into nor-
mal and abnormal patients. Finally, the proposed model obtained an accuracy of

99.58%.

For future work, we intend to:

e Diagnose breast cancer in several classes.

e Improve the Accuracy of the proposed model.

e Strengthen the evaluation of the effect of the system applied in practical clin-
ics, including the detailed explanation of the accuracy, sensitivity and speci-
ficity of the system.

o Using cross-validation or other statistical methods to evaluate the generaliza-
tion ability and robustness of the system on different data sets.

e Optimize diagrams to show how the system processes medical images and

diagnostic results, ensuring that the diagrams convey the main information
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succinctly and clearly.
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