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Automatic Breast Cancer Diagnostic System Using Hidden Markov

Model and Modified Backpropagation

ABSTRACT

A diagnostic system needed to help doctors deal with illness. Breast cancer is a
dangerous disease that can affect anyone, either women or men. Identification of can
be done using a mammography tool that produces a mammogram image. In this study,
the improvement or image of images in image processing is done using adaptive
histogram, then followed by the segmentation process using HMM. HMM is
segmented by calculating the probability values between pixels based on neighboring
properties, then two dimensions HMM applied by using Viterbi training to get good
features. After getting a vector feature from the HMM results, modified
backpropagation utilized the use of hidden layer nodes that are randomly used. It aims
to make the training process faster by optimizing linear errors and non-linear errors.

The system produces the best accuracy of 80%.

Keyword: Hidden Markov Model, Breast Cancer, Viterbi Training
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CHAPTER 1

INTRODUCTION

Living in healthy life is everyone dreaming. An Indonesian adagium “lebih baik
mencegah daripada mengobati” means Prevention is better than cure. A good way to
apply this proverb is healthy living such as applying good behaviours, do exercise, and
see doctors regularly’.

Indonesia is experiencing an epidemiological transition characterized by
increased mortality and morbidity due to non-communicable diseases such as heart
disease, cancer, stroke, and diabetes®. Non-Communicable Disease caused by lifestyle,
bad diet, over rated work, and stress. Non-communicable disease that has the greatest
risk is cancer. Cancer risks arise by lack consumption of fruits and vegetables, lack of
physical activity (exercise), cigarettes, excessive alcohol consumption, and fast food”.

Cancer is one of deadliest disease. In 2012, cancer caused about 8.2 million
people deaths. According to International Agency for Research on Cancer (IARC) from
14,067,894 new cases of cancer, about 8,201,575 was died *°. One of the most
common cancer diseases is breast cancer. In 2012, breast cancer has ranked second as
the biggest cause of death in Indonesia. Lung cancer ranked first, found in male about

34.2 % and almost 30% died. While for female, breast cancer has been ranked first new

! Anonim, Masyarakat Hidup Sehat Indonesia Kuat, (Jakarta: HKN, 2016), pl.

2 Anonim, Situasi Penyakit Kanker, (Jakarta: Bakti Husada, 2015), pl.

3 1bid, p 2.

4 Wahidin, M, Deteksi Dini Kanker Leher Rahim dan Kanker Payudara di Indonesia 2007-2014,
(Jakarta: Bakti Husada, 2015), p 12.

5 Anonim, International Agency for Research on Cancer (IARC)/WHO, (GLOBOCAN 2012),p 6



cases and deaths from cancer, which amounted to 43.3% affected cases and 12.9%
deaths®. The number of cancer patients in Indonesia is increasing every year, it can be
seen from the estimated incidence of breast cancer occurred 40/100,000 women. This
number continues to increase since 20027

Factors cause breast cancer which suspect to female, are age, reproductive
history, family history, obesity and high-fat foods consumption®. Breast cancer is a type
of cancer found in breast tissue. Various ways have been done to treat breast cancer,
for example with surgery and then performed chemotherapy, but the treatment is not
necessarily successful it only postpone the death risk of the patient. The late cancer
diagnosis causes frightening the patient and mays affect the patient's psychological.
Therefore, prevention and early detection needed to reduce new cases of cancer in
Indonesia.

Early diagnosis is required to determine whether breasts are abnormal or
normal. One of the early observation is mammography. Mammography test is a
screening test, especially breast cancer, which can see early cancer cells that grow in
the breast, abnormalities in the breast so that an early treatment can be done’.
Mammography resulted in two tumor diagnoses of benign tumors and malignant

tumors (cancer). Mammography images were analysed into three classes of normal

6 Wahidin, M, Deteksi Dini Kanker Leher Rahim dan Kanker Payudara di Indonesia 2007-2014,
(Jakarta: Bakti Husada, 2015), p 12.

71Ibid, p 7.

8 Makhfudhoh, N. U. Klasifikasi Kanker Payudara Dari Citra Mammografi Menggunakan Model
Fuzzy Neural Network., (Yogyakarta: Universitas Negeri Yogyakarta , 2014), p 1.

9 Sabrida, H, Peranan Deteksi Dini Kanker untuk Menurunkan Penyakit Kanker "Stadium Lanjut",
(Jakarta: Bakti Husada, 2015), p 16.
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mammography, benign mammography and benign mammography. Figure 1 shows

image of three classes of mammography.

Figure 3. Mammography image for normal breast (left), benign tumor (middle), breast cancer

(right)!?

The detection of abnormalities could be identified by looking at the presence of
mass or the presence of microclasification on the image mammogram''. The Mass in
mammographic photographs is an area of textural patterns with shapes and borders of
certain areas, while the microcclassification in mammographic photos are small
calcium deposits present in breast tissue seen as small white dots around the breast
tissue'2. Figure 2 and Figure 3 are mammogram images of mass and

microclassification.

10 Makhfudhoh, N. U. Klasifikasi Kanker Payudara Dari Citra Mammografi Menggunakan Model
Fuzzy Neural Network., (Yogyakarta: Universitas Negeri Yogyakarta , 2014), p 12.

1 Bebby Dwi Junita, Ekstrasi Fitur dan Klasifikasi Menggunakan Metode GLCM dan SVM pada Citra
Mammogram untuk Identifikasi Kanker Payudara, (Universitas Gunadarma, 2017), p 19

12 Ibid,



Figure 4. Mass

Figure 5. Microclassification

Based on three classes of mammography imagery, mass and
microclassification, classification needs to be done to trace the distribution and
characteristics of tumor diagnostic results. The classification can be accomplished by
functional approach techniques known as Artificial Intelligence. Artificial Intelligence
is one branch of computer science that learns how to create intelligent machines that
have human ability!®. There are some Artificial Intelligence methods such as fuzzy
logic, artificial neural network, Hidden Markov Model, and Genetic Algorithm.

Sometime, these methods are combined to get a perfect algorithm.

13 Prasetyo, E, Data Mining, Mengelola Data Menjadi Informasi Menggunakan Matlab, (Yogyakarta:
ANDI Yogyakarta, 2014), p 3
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The studies of breast cancer classification widely performed and published
using various methods. However, the studies ware limited to knowing whether a
previously performed tumor diagnosis indicated a malignant or benign tumor. For
instance, research conducted by Noor Uswah Makhfudhoh about the classification of
breast cancer from mammography image using fuzzy neural network’?. In addition,
Adam Mizza Zamani implements Genetic Algorithm on Backpropagation Neural
Network Structure for Breast Cancer Classification'®, Eshlaghy create a machine
learning technique for breast cancer prediction'®, Rafiul Hassan using fuzzy HMM for
breast cancer identification!”, Rafayah Mousa using wavelet and artificial neural
network analysis methods for the diagnosis of breast cancer'®, and Murat Karabak
detect breast cancer using artificial neural network ',

Breast tumor classification can also be analysed using statistical parameters
obtained from mammography images extraction. The classification is divided into
three, normal and abnormal; mass and microclasification; benign and malignant. Early
breast cancer diagnosis system researched using the Hidden Markov Model and

Backpropagation Modification on mammogram data. Hidden Markov Model (HMM)

14 Makhfudhoh, N. U. Klasifikasi Kanker Payudara Dari Citra Mammografi Menggunakan Model
Fuzzy Neural Network., (Yogyakarta: Universitas Negeri Yogyakarta , 2014)

15 Zamani, A. M, Amaliah, B., & Munif, A. Implementasi Algoritma Genetika pada Struktur
Backpropagation Neural Network untuk Klasifikasi Kanker Payudara , (Jurnal Teknik ITS Surabaya ,
2012), p.222-227.

16 Eshlaghy, e. a, Using Three Machine Learning Techniques for Predicting Breast Cancer Recurrence,
(J Health & Medical Informatics, 2013), p 1-3.

7 Hassan, R., & al., €, Breast Cancer identification using HMM-fuzzyapproach, (Computers in
Biology and Medicine , 2010), p 240-251.

'8 Mousa, R., Munib, Q., & Mousa, A, Breast Cancer Diagnosis System, (J. Jordan, 2005), p 713-723.
19 Karabatak, M, An Expert System for Detection of Breast Cancer based on Association Rules and
Neural Network, (J. Turkey, 2009), p 3465-3469.
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used for mammogram features extracts while the modification of Backpropagation
used to classify the features.

In this study Hidden Markov Model (HMM) is a suitable statistical model in
image management so it suitables to extract the mammogram features®.
Backpropagation suitables for control system, solving time prediction problems, and
pattern classification. In case of breast cancer early diagnosis, Backpropagation used
to classify the features of mammogram data.

Based on these reasons, we use the Hidden Markov Model and
Backpropagation to develop breast diagnosis system with the title "Automatic Breast
Cancer Diagnostic System Using Hidden Markov Model and Modified
Backpropagation". Hopefuly this research provides an appropriate alternative
diagnosis and speed up breast health examination. Nowaday, Malaysia concerns on

doing disease and biomedical research. Therefore, we are planning to do a collaborative

research with UTM (Universiti Teknologi Malaysia).

1.1 The Objective of the Research
The objective of the study are:
1. How to develop early-stage breast cancer diagnostic system using Hidden
Markov Model and Modification of Backpropagation on mammogram

data?

20 Prasetyo, M. E, Teori Dasar Hidden Markov Model, (Jurnal JI), p 1.
11



2. How is the results and simulation of early-stage breast cancer diagnosis
system using Hidden Markov Model and Modification of Backpropagation

on mammogram data?

1.2 Problem to Discuss
Based on the description outlined above, this study will discuss the formulation
of the problem as follows:
1. Developing early-stage breast cancer diagnostic system using Hidden
Markov Model and Modification of Backpropagation on mammogram data.
2. Hidden Markov Model and Modification of Backpropagation are suitable

to early-stage breast cancer diagnostic system on mammogram data.

1.3 Focus and Scope
Focus and scope in this research are:
1. Data used in the research is Mammogram data.
2. Classification is divided into three, normal and abnormal; mass and

microclassification; and benign and malignant.

12



1.4 Benefit of Research
The benefit of the research is:
1. Theoretically
This study can combined mathematics and health
2. Practically
a. For Researcher
Enhance knowledge of Hidden Markov Model model and modification
of bacpropagation in early breast cancer diagnosis system.
b. For Doctor
Provides an alternative method in breast cancer diagnose and
classification.
c. For UIN Sunan Ampel Surabaya

Provides reference especially for mathematics department students.

1.5 Previous Studies
There are a lot of studies about breast cancer. Such as, research
conducted by Noor Uswah Makhfudhoh about the classification of breast
cancer from mammography image using fuzzy neural network?. In addition,

Adam Mizza Zamani implements Genetic Algorithm on Backpropagation

2l Makhfudhoh, N. U. Klasifikasi Kanker Payudara Dari Citra Mammografi Menggunakan Model
Fuzzy Neural Network., (Yogyakarta: Universitas Negeri Yogyakarta , 2014)

13



Neural Network Structure for Breast Cancer Classification??, Eshlaghy create a
machine learning technique for breast cancer prediction?®, Rafiul Hassan using
fuzzy HMM for breast cancer identification?, Rafayah Mousa using wavelet
and artificial neural network analysis methods for the diagnosis of breast
cancer®, and Murat Karabak detect breast cancer using artificial neural

network?®,

22 Zamani, A. M, Amaliah, B., & Munif, A. Implementasi Algoritma Genetika pada Struktur
Backpropagation Neural Network untuk Klasifikasi Kanker Payudara , (Jurnal Teknik ITS Surabaya ,
2012), p.222-227.

2 Eshlaghy, €. a, Using Three Machine Learning Techniques for Predicting Breast Cancer Recurrence,
(J Health & Medical Informatics, 2013), p 1-3.

24 Hassan, R., & al., €, Breast Cancer identification using HMM-fuzzyapproach, (Computers in
Biology and Medicine , 2010), p 240-251.

2 Mousa, R., Munib, Q., & Mousa, A, Breast Cancer Diagnosis System, (J. Jordan, 2005), p 713-723.
26 Karabatak, M, An Expert System for Detection of Breast Cancer based on Association Rules and
Neural Network, (J. Turkey, 2009), p 3465-3469.
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CHAPTER 2

LITERATURE REVIEW

2.1 Breast Cancer

Cancer is a body cell that undergoes mutations (changes), grows
uncontrollable, and divides faster than normal cells. Cancer cells do not
die, but grows and continues to be invasive so that normal cells in the body
pressed and even died?’. Breast cancer is a type of cancer found in breast
tissue. Breast cancer is the most common disease affects female.

Breast cancer is one of the most common cancer diseases. In 2012,
breast cancer has ranks second after lung cancer as a new case and the
biggest cause of death in Indonesia. The first ranks, Lung cancer, found in
the male of about 34.2% as a new case of lung cancer and about 30.0%
died. While in the female, breast cancer has been ranked first new cases
and deaths from cancer, which amounted to 43.3% affected cases and
12.9% deaths?®. In Indonesia, The number of cancer patients is increasing
every years, it can be seen from the estimated incidence of breast cancer
that occurred in Indonesia for 40 per 100,000 women. This number

continues to increase since 20022,

2" Mulyani, N. S., & Nuryani, Kanker payudara dan PMS pada Kehamilan, (Yogyakarta: Nuha
Medika, 2013), p 45-46.

28 Wahidin, M, Deteksi Dini Kanker Leher Rahim dan Kanker Payudara di Indonesia 2007-2014,
(Jakarta: Bakti Husada, 2015), p 14

¥ Ibid,
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Some factors causing breast cancer are
Age

Reproductive history

Family history

Obesity

High fat foods consumption®”.

2.2 Symptoms of breast cancer

There are some abnormal changes that are symptoms of breast cancer:
a.

b.

Swelling of all or part of the breast,

Irritation of the breast skin,

Pain in the nipple,

Nipple sink into,

Redness or thickening of the skin of the nipple or breast,
Discharge from the nipple other than milk,

There is a lump in the armpits.

2.3 Early detection of breast cancer

A number of studies have shown that breast cancer detection as well

as therapy that can increase life expectancy and provide more treatment to

patients. After a treatment, It is estimated that 95% of women diagnosed in

30 Makhfudhoh, N. U. Klasifikasi Kanker Payudara Dari Citra Mammografi Menggunakan Model

Fuzzy Neural Network., (Yogyakarta: Universitas Negeri Yogyakarta , 2014), p 9.

16



early stages of breast cancer survive more than five years after. Therefore,
a lot of doctors recommend that women do a ‘sadari' (check their own
breasts at the time of menstruation) at home on a regular basis and
recommend doing an annual routine check to detect breast lumps®'. One of
the early breast cancer detection tests is mammography.

Mammography is the process of human breast examination using
low-dose X-rays*?.. Examination using mammography produces an image
called mammography image. The mammography method is relatively safe
because it uses low dose X-rays of about 0.7 milliSievert (mSv). Moreover,
mammography allows doctors to see more clearly the lumps in the breast

that are not palpable and see changes in breast tissue.

2.4 Hidden Markov Model

Hidden Markov Model is the development of statistical model of
Markov model. This model developed by Andreyevich Markov®*. The
Hidden Markov Model is a statistical model in which a modeled system is
assumed to be a Markov process with unknown parameters and the hidden

parameters must be determined from the observable parameter’”.

31 Mulyani, N. S., & Nuryani, Kanker payudara dan PMS pada Kehamilan, (Yogyakarta: Nuha
Medika, 2013), p 45-46

32 Ibid,
3 Ibid, p 46

3% Prasetyo, M. E, Teori Dasar Hidden Markov Model, (Jurnal JI), p 1
35 Lestari, A. P, Rancang Bangun Pengenalan Penyakit Darah Menggunakan Hidden Markov Model.
(Jakarta: Universitas Indonesia , 2008), p 9.

17



In the ordinary Markov model, state (x) is directly visible to the
observer. Therefore, the probability of the tarnsition is the only parameter.
Hidden Markov Model has been studied extensively in various fields of
statistics. This model is seen as a parametric bivariate process in discrete
time. The process occurring in Hidden Markov Model is a homogeneous

finite-state of the Markov Model and cannot be observed>®.

2.5 Artificial Neural Network Backpropagation (Backpropagation)

Artificial Neural Networks Backpropagation or commonly
referred to Bacpropagation is a supervised learning algorithm and is
commonly used by simple Perceptron neural network with multilayer
(Mutilayer Perceptron) to change the weights connected to all neurons
in the hidden layer. Backpropagation algorithm developed in 1986 by
Rumelhart, Hinton, and Williams. Backpropagation algorithm uses
output error by changing the value of the weights in the backward
direction.

The basic principle Backpropagation algorithm consists of three

vases, namely>’:

36 Prasetyo, M. E, log cit p 1
37 Siang, J. J, Jaringan Syaraf Tiruan dan Pemograman menggunakan Matlab, (Yogyakarta: ANDI
Yogyakarta, 2005) p 102.

18



a. Feed forward
This phase is the calculation phase of activation value. Each
neuron in the hidden layer and output layer calculates each
activation value according to the activation function used.
b. Calculation Phase dan Backpropagation error
Each neuron output calculates the error information between
the target value and the resulting output. The information will be
sent to the layer below.
c. Weight adjustment phase
Any output neuron and hidden neuron changes the bias and
weights according to the error values
In addition, Charatcteristic of Artificial Neural Network are:
a. Multilayer Network
In this network, the architecture used is one input layer, one
output layer, and one hidden layer. Every neuron on a single layer in
Backpropagation gets an input signal coming from all neurons on the
previous layer along with a bias signal.
b. Activation Function
This function is required to be continuous, differentiable, and

not descent. This function used Backpropagation JST :

19



1) Sigmoid biner function that output interval is [0,1]

1
1+e9%

y=fx)=
2.1
with f" =0 f()[1 = fF(X)]

2) Signoid bipolar function which has output interval [-1,1]

1-e™*
1+e™*

y=f)=
(2.2)

with f/(x) = Z[1 + f(0)][1 — f(x)]

Figure 4 shows Backpropagation Artificial neural network

model (ANN) model with one hidden layer.

Figure 6. Backpropagation ANN Architecture

3 Ibid, p. 102.
20



While the steps of the Backpropagation algorithm are described

as follows>:

1. Initialization of weights (take initial weight with a small enough

random value).

2. Do the following steps until the condition is stop or FALSE..

a. For each pair of training data do the following steps:

Feedfoward:

1)

2)

3)

Each input unit (x_i, 1 = 1, 2, 3,..., n) receives the signal x;
and passes the signal to all units on each layer above (hidden
layer).
Each hidden unit zj,j = 1,2,3,...,p) sums the weighted
input signals into the following equation:
n

Zin; = Vgj t+ invij (2.3)

=il
use activation function to calculate output signal:
zi=f (Zinj) (2.4)
send the signal to all unit in layer above.
Every output unit (Y, k = 1,2,3, ..., m) sums weighted input
signal using:

P
y_ing = wog + Z ZjWiji (2.5)

=1

 Ibid, p. 102.

21



use activation signal to calculate output signal:

Vi = f(y_ing) (2.6)

and sent the signal to all unit in layer above.

Backpropagation
4) Every output unit (Y, k = 1,2,3,...,m) will receive the
target pattern associated with the learning input pattern, then
calculate the error information with:

6 = (tx — yi) f' (y-ing) (2.7)

Then calculate the weight correction (which will be used to

fix the value of wjy), this calculation uses:

Awj = a 6 z; (2.8)
Calculate the correction of its bias values to improve the
value of wy, using:

Awg = ady (2.9)
send 6 _k to the existing units under the lining.
5) Every hiden unit (z;,j = 1,2,3, ..., p) sums units result on layer

above by

m
k=1

Then multiplys the value with the differential of its activation

function to calculate the error value information:
51 = (Sm]f'(z_m]) (21 1)

22



Then calculate the value of weight that serves to fix the value of
v Avye = adjx; (2.12)
Then calculate the value of bias that will be used to improve the
value v,; using:
Avy; = ad; (2.13)

6) Every output unit (Y, k = 1,2,3, ..., m) will improve the value
of bias and weight of (j = 0,1,2, ...,p) :
wix(baru) = wj(lama) + Awyy (2.14)
Every hidden unit (z;,j = 1,2,3,..,p) serves to improve the
value of bias and its weight (i = 0,1,2, ..., n):
v;j(baru) = v;j(lama) + Av;; (2.15)

b. Test until stop

23



CHAPTER 3

RESEARCH METHOD

3.1 Types of research

Research on early diagnosis system of breast cancer Automatic
Using Hidden Markov Model and Backpropagation included into applied
research. The results of this early diagnosis aims as an alternative to
appropriate diagnosis and speed up breast health examination.

1. Need Assessment

Early diagnosis of breast cancer is one of the important things that
1s must be considered. One of the most common cancer diseases is breast
cancer. The late diagnosis of cancer is a frightening specter for the patient
and may affect the patient's psychological condition. Early diagnosis
needed to determine whether breasts are normal or abnormal.

From the existing problems, a literature study that focuses on the
problems needed to be analyzed. This literature study aims to make
researchers better understand the concept of problems related to the
parameters and methods applied to achieve maximum results.

2. Collect and analyze data

The data used in this study are MRI mammogram images. MRI
mammogram images have different image quality so image improvement
is needed. The first step taken was the Region of Interest (ROI) in the form

24



of trimming 360 x 360 pixels on breast cancer cells. The steps in ROI
method are grayscale, binarization and image cropping. Then, applied
adaptive histogram equalization is used to improve the image that having a
range of distant values pixel distribution. Next segmentation the feature
using double thresholding to detect features of breast cancer. Next,
segmentation is done so that it can be opened with a background. So that
the vector features can be obtained using Hidden Markov Models. The
Hidden Markov Model is a statistical model based on a stochastic process
called the Markov chain. Segmentation results are used as input to the

classification process using Backpropagation.

. Test and Evaluation

Feature extraction using Hidden Markov Model is done on different
data. A combination of Double Thresholding and HMM is used for feature
segmentation in the image. HMM used for Classification of breast cancer
in Thermography Images and hybrids with Double Thresholding in breast
cancer. HMM used for image character segmentation. Backpropagation
modifications used for feature classification to obtain early diagnosis in
breast cancer patients. Figure 5 is a flowchart of the early diagnosis of breast

cancer.

25
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Figure 7. Automatic Breast Cancer Diagnose Flowchart System

Figure 7 represents

A

e Breast image data is mammography data from multiple data samples

e Breast cancer mammogram data is gray image data (gray image)

e From gray scale mammography data applied adaptive histogram

equalization

e Then thresholding

e Next goes into feature extraction, selection features using the hidden

markov model by dividing the HMM parameters into HMM training

and HMM testing.

e HMM training and testing results classified using Backpropagation.
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The classification is divided into three categories, normal and abnormal,

mass and microclasification, benign and malignant using backpropagation as

Figure 8.

Benign

Malign K] Mass Normal

( Result <]
Benign

<: Microclasification Abnormal

Classification
Backpropagation

Malign

Figure 8. Flowchart of Breast Cancer Classification

4. Report

Preparation of reports can be done when

the process,

implementation, and evaluation has been done and can be made as a paper

with attention to aspects of functions and information that can be useful for

some parties. The composition of this report contains the design of the

research process and the results analysis that will be obtained during the

research process, in which the output of this study shows an early diagnosis

system of breast cancer Automatic Using Hidden Markov Model and

Backpropagation.
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CHAPTER 4

RESULT AND DISCUSSION

4.1 The Classification Program

The diagnostic program is developed using Matlab based on flowchart

shows in figure 6. The program evaluates a mammogram data which is chosen
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e AT mr FRRAGFOITR. an &
= 1 T ¥ Di b hmm b
Currest Falde: il
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Cancer )
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v | 1
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Workspace 31 Command Window &
[ borwy to KAATLAD? Sex rascurces for Gastivg Staried, e

Hame = a
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Figure 7. Classiffaction program

The program is designed to be a user friendly program. A user run the

program and wait for the GUI Matlab appear. The GUI appearance is shown in

the following figure.
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Figure 8. The GUI Matlab Appearance

Once the GUI appeared, user choose a mammogram data by clicking
the mammogram image button and it will browse the data through the computer
(figure 9). While it founds just click it and the choosen image will appear above

the mammogram image button (figure 10).
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Figure 10. The choosen image

Then click following button in sequence. Click Gray Scale Image to

convert the image chosen into grayscale (figure 11). Adaptive Histogram
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Equalization (figure 12) appear while the CLAHE button clicked. Threshold

image (figure 13) is resulted by Treshhold button.
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Figure 11. The Grayscale image
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Figure 12. The Adaptive Histogram Equalization
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Figure 13. The Threshold

The threshold resulted will be evaluate by feature extraction using
HMM then classified using Modified Backpropagation. Click the HMM and
Modified Backpropagation and wait figure 14 appear then click the run button

then the classification performs and obtains a result (figure 15).
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The follwing figure show mammogram that classified to be a normal

(figure 16) and a cancer (figure 17) resulted by performe the program.
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Figure 16. A Mammogram Classified to be a Normal
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Figure 17. A Mammogram Classified to be a Cancer
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Figure 18. The Threshold
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The Experimental Result

The data used in this study are MRI mammogram images consisting of normal
mammogram images, benign mammogram images, and 322 malign mammogram
images. The data is divided into two groups of data, namely data for training. In the
backpropagation classification process, the input is a feature vector from the image
segmentation process using Hidden Markov Models. The segmentation process
using the Hidden Markov Model method produces a feature vector with a size of
332 x 129600. This value is used as input for the backpropagation classification

process. Vector features of segmentation results are presented in Table 4.1.

Table 4.1 Value of Input Backpropagation Results of Process Hidden Markov Models

Data ke 1 2 3 129598 129599 | 129600
1 0 1 1 0 0 1
2 0 0 0 1 1 0
3 0 0 0 0 0 0
4 0 1 0 0 0 0
5 0 0 0 0 0 0

318 0 0 0 0 0 0
319 0 0 1 0 0 0
320 0 1 1 1 1 0
321 0 0 0 0 0 0
322 0 0 0 0 0 0
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Mathematical backpropagation calculations with examples of
segmentation input are vector-shaped values. Then the hidden layer is 1
with 8 nodes and 8 hidden unit layers [1, 2, 3,4, 5, 6, 7, 8], then learning
rate is used for 0.2 to get the best pattern of the computing system used
where the smaller the learning rate value, the error value of MSE will
be smaller which will affect the results of classification testing but
ignore the activation function and the number of epochs (iterations)
specified. The weights used are random values with a range of -1 to 1.
For example, the weight of the input layer to the hidden layer as in Table

4.1 and the weights from the hidden layer to the output layer as in Table

4.2.
Table 4.2 Input Layer Weight to Hidden Layer

7, V4) 73 Zs Zs

0.00053 0,2 0,3 0,1 -0,1 0,3
-0.00045 0,3 0,2 0,1 0,3 -0,2
0.00153 -0,1 0,2 -0,3 0,3 -0,1
0.1290 -0,3 -0,2 0,2 0,1 0,1
0.14214 0,2 0,3 0,1 -0,2 0,3
0.09405 0,1 -0,3 -0,1 0,2 0,1




0.00068 0,3 0,1 0,3 -0,2 0,3
0.00026 0,2 0,3 0,2 -0,3 -0,1
0.00267 0,1 -0,2 0,2 0,1 0,3
0.19186 -0,3 0,1 -0,2 0,3 -0,2
0.20068 0,2 -0,3 0,1 0,1 -0,3
0.12458 0,1 0,2 -0,3 0,3 0,2

1 -0,1 0,3 -0,1 0,2 -0,3

Table 4.3 Hidden Layer Weight to the Output Layer

Y
Z 0,3
y4) 0,3
73 0,1
Z4 -0,2
Zs 0,2
1 -0,1
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In the backpropagation training process, there are three phases namely

the advanced propagation phase, backward propagation phase, and weight

change phase. Mathematically explained by examples of inputs and weights

used in Table 4.1 and Table 4.2.

a)

b)

Forward

In this phase, the values of all outputs in the units of the hidden layer are
calculated using Equations 2.3 and 2.4. The next step is to calculate the
value of all networks or nodes in the output layer unit using equations
2.5 and 2.6. Based on these calculations the output is 1.244 because the
value obtained has not met the specified target, because the value
obtained does not meet the specified target then the backward
propagation process is carried out.

Backward

This process is calculated as 6, which is the error unit of the output layer.
Calculations using Equation 2.7 obtained a value of §,= 0.3776 which
will be used in the weight change of the layer below to correct errors
using Equation 2.8. Then the value of & in the hidden unit layer is
calculated with an error in each hidden unit. Z; first counts on the
network or node in the hidden layer by multiplying the value of §; from
the output layer with changes in the weights at the output layer. The
process can be calculated using equation 2.10. Next, the calculation of

the error factor unit in the hidden unit by multiplying the learning rate
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(o), the error factor in the hidden unit layer, and the input value. Using
equation 2.11. Then the network value or node from the hidden layer is
calculated to the input layer by multiplying the learning rate a, the unit
error value in the unit layer is hidden and the input value. The equation

used is 2.12. the results of these calculations are shown in Table 4.3

Table 4.3 Results of Weight Calculation from the Hidden Layer to the Input Layer

a 6jx; a 8§;x;
Avio 20,053 Avs, 20,00498
Ay, 20,0302 Avys 20,00284
Avag 20,0182 Avgs 20,00171
Ao 0,0192 Ay 0,00180
Ave, 20,0488 Avey 20,00458
Avyy 20,00002 Avy 20,00003
Avy, 20,00001 Avyg 20,00002
Avs, 20,000009 Avsg 20,00001
Avay 0,00001 Avig 0,00001
Ave, 20,00002 Aveg 20,00003
Avy, 0,00002 Avy 20,00001
Avyy 0,00001 Avyg 20,000007
Avs, 0,000008 Av3q -0,000004
Avy, -0,000008 Avyg 0,000004
Avs, 0,00002 Ave 20,00001
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Av, -0,00008 AV, 10 -0,00014
Avys -0,00004 Avy10 -0,00008
AV -0,00002 Avs1o -0,00004
Av,s 0,00002 Avg1g 0,00005
Avss -0,00007 Ave 1o -0,00013
Av,, -0,00683 Avyq, -0,01016
Avy, -0,00389 Avyy, -0,00579
Avs, -0,00234 Avsy, -0,00349
Av,, 0,00247 Avgyq 0,00368
Avs, -0,00629 Avsy, -0,00936
Avys -0,00753 Av, 1, -0,01063
Avys -0,00429 Avyy, -0,00606
Avss -0,00258 Avsy, -0,00365
Avys 0,00272 Avyys 0,00385
Avgs -0,00693 Avsy, -0,00979

¢) Changes Phase Weight
In the calculated phase changes the new weight of the network or node
leading to the output layer unit by adding the weight of the hidden layer
network and the weight of the sum of the weights using Equations 2.14 and

2.15 and in Table 4.4.
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Table 4.4 New Weight Calculation Table from the Hidden Layer to the Input Layer

vj;(old) + Avj; vj;(old) + Avy;
Avy, 20,153 Avs, 0,29996
Avyg 0,2698 Avy, 0,09997
Avsg 20,1182 Avs, 0,29998
Ao 0.2192 Ay 20,19998
Avs, 20,3488 Ave, 0,29996
Avy, 0,19997 Aty 0,19998
Avy, 0,29998 Aty 0,29999
Ava, 0,09999 Avsg 0,19999
Aty 20,0998 Avig 20,29999
Ave, 0,29997 Aveg 20,10001
b S 0,30002 Avro 0,09985
Avyy 0,20001 Avye 0,19991
Avs, 0,100008 Av3q 0,19995
Ty 0,29999 o 0,10005
Ave, 20,1997 Ave 0,29986
Avys 20,1008 Avii 2031016
Avys 0,19995 Avyr 0,09420
Avss 20,3002 Avai 20,20349
Avis 0,30002 Avaro 0,30368
Aves 20,10007 Aver 20,2036
Avi, 2030683 Aviry 0.18936
Avy, 20,20389 Avyrs 20,00579
Avs, 0,19765 Avsrs 20,00349
Avps 0,10247 Avprs 0,00368
Avs, 0,09370 Aveis 20,00936
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Avys 0,19246 Avy 1, -0,01063
Avys 0,29570 Avyy, -0,00606
Avss 0,09741 Avsy, -0,00365
Av,s -0,19727 Avyi, 0,00385
Avgs 0,29306 Avey, -0,00979
Av,q 0,09501 Av,qs 0,09339
Avsyg -0,30284 Avyys 0,19623
Avsg -0,10171 Avsys -0,30226
Avsg 0,20180 AVgys 0,30239
Avsg -0,09541 Aveys -0,30607

The new weight can be calculated using Equation 2.15. Then after the new
weight is obtained, the second iteration is carried out like the above process,
namely forward propagation, backward propagation, and renewal of weights
until we get the results of a specified pattern or target, for example, target error

or iteration.

The backpropagation classification in this study was done computationally
using MATLAB R2015a software. Research on breast cancer diagnosis is
carried out with 2 types of testing based on the proportion of training and
testing data. The distribution of test data is done using k-fold cross-validation.
Input data in the form of vectors results from the segmentation process of
Hidden Markov Models. Then training and testing are carried out on the test

data. The results of the training and testing process with the backpropagation
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method obtained an accuracy of 80%, a sensitivity of 84.62% and a specificity

of 77.25%.

The best results for the diagnosis of breast cancer using the Hidden Markov
Model segmentation which is used as input in the classification process using
backpropagation with a hidden layer of 8 nodes, learning rate 0,0007, and MSE
error value of 0,0000999. In the backpropagation training process also
produces three types of graphs, namely MSE error, training graph, and

regression graph. The MSE error graph is shown in Figure 20

B Tty Paremeaps o LT 10 pema 50

Figure 20 Results of the Error Chart of the Backpropagation Training Process

In Figure 20 shows the error pattern of the data used, if the pattern of the
data line keeps going down and sloping which approaches the value of the error
target then it produces good pattern recognition so that it will affect the result

or output that approaches the actual data value. The training process is carried
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out to train programs that are made to be able to do learning with data that has

been entered or entered. Then for the training graph shown in Figure 21.
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Figure 21 Graph of Backpropagation Training Results

Another analysis is Figure 4.33 which is a training graph consisting of
gradient graph, check validation, and learning rate. The gradient graph shows
that the line that is getting down and sloping means that the gradient value
formed by the system approaches the value of the actual data target. The target
1s symbolized by a dashed line in Figure 4.33. Graph validation check to check
whether the training process is heading in the right direction or even deviating.
Then the learning rate graph to see the training level is close to the target value

or far away.
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Figure 22 Backpropagation Regression Graph

In Figure 21 shows the gradient value in the training process is 0.02884,
the validation checks value is 0, and the learning rate is 0.000704 in the
iteration of 816877. Then to strengthen the analysis of the training process can
be done on regression charts. Figure 22 shows a good correlation between

output data and target data which is equal to 0.9999.

The next process is carried out backpropagation testing with the
target category (real data) is O and 1. Category O states normal and 1 states
tumor identification in the brain or glioma. Suppose if the value of
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backpropagation output is 0.99887 then it will enter into the category of
tumors (glioma). The results of the backpropagation classification are shown

in Table 4.9.

Table 4.9 Samples of Backpropagation Classification

Backpropagation’s
Filename (.jpg) target Information
output
normal 1 1 1 True
normal2 3 1 False
normal3 1 1 True
normal4 1 1 True
normal5 1 1 True
benignl 2 2 True
benign2 3 2 False
benign3 2 2 True
benign4 2 2 True
malignl 3 3 True
malign?2 3 3 True
malign3 3 3 True

The system validation in this study was analyzed using the confusion
matrix. The configuration matrix uses measurements by observing sensitivity,

specificity, and accuracy.

In this study, the sensitivity value was 84.62%, meaning that patients

who had tumors if they tested the diagnosis had an 84.62% chance of having
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positive breast cancer. Mathematically it can be calculated using Equation

2.37 and confusion matrix observations.

In the process of classification results obtained a specificity value of
77.25% means that patients who did not suffer from tumors or normal when
carrying out diagnostic tests, these patients had a chance of 77.25% normal.

Specificity can be calculated using.

In the classification results obtained an accuracy value of 80%, meaning
that patients who are normal and have breast cancer if they do a diagnostic test,
the patient has the right chance 90% normal and has breast cancer. Accuracy can
be calculated using Equation 2.39 and the observation matrix observation in
Figure 4.33 which is dividing the right classification results from breast cancer

and not having cancer (normal) with the total testing data multiplied by 100%.
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CHAPTER 5

CONCLUSION

The conclusion are:

1. The Hidden Markov Model method can be used to segment the MRI image of
the brain from the results of image improvement using the Region of Interest
and Grayscale. In this study, HMM was used which aims to distinguish between
image background and image features. The results of segmentation in the form
of vector features will be used as input values from the classification process to
identify normal, benign and maligned breasts.

2. Based on the results of image segmentation using HMM and the classification
process using Backpropagation for the diagnosis of MRI mammogram images
have shown that the best training and testing data is 75% and 25% with a hidden
layer of 8 obtained the best accuracy of 80%, sensitivity of 84, 62%, and

specificity of 77.25%.
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ATTACHMENT

clc; clear; close all;

mammo = 'D:\Download\mias-mammography';

form = dir(fullfile (mammo, '*.pgm'));

n = numel (form) ;

for i = 1:n
file name = fullfile(mammo, form(i) .name);
imgbm{i} = imread(file name) ;
imr{i} = imresize (imgbm{i},0.25);
posisi{i} = posisi{i} (:,:)./4;
roitb{i} =

roipoly(imr{i},posisi{i} (:,1),posisi{i} (:,2));
img{1i} T

regionfill (imr{i}, imcomplement (roitb{i}));
OutName = sprintf ('ImageCrop #%d.pgm', 1i);

folderName= fullfile (mammo, OutName) ;
imwrite (img{i}, folderName) ;
end

image folder = 'train\N';

filenames = dir(fullfile(image folder, '*.pgm'));
total images = numel (filenames);

image folderl = 'train\M';

filenamesl = dir(fullfile(image folderl, '*.pgm'));
kabeh = [filenames; filenamesl];

total imagesl = numel (kabeh) ;

image folder2 = 'train\B'

filenames2 = dir(fullfile(image folder2, '*.pgm'));
kabehl = [filenames; filenamesl; filenames2];

total images2 = numel (kabehl);

for n = l:total images?Z2
1f n<=total images
i=n;
full name = fullfile(image folder,
filenames (i) .name) ;
elseif n <= total imagesl
i=n-total images;
full name = fullfile (image folderl,
filenamesl (i) .name) ;
else
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i=n-total imagesl;
full name = fullfile (image folder2,
filenames?2 (i) .name) ;

end
end
haha = fullfile (image folderl, filenamesl(11l) .name);
gambar = imread(haha); figure;

imshow (gambar) ;title ('mammogram image') ;
grayim = rgb2gray(gambar) ; figure;
imshow (gambar) ;title('gray scale image')
clahe = adapthisteqg(grayim);figure;
imshow (clahe);title ('Adaptive Histogram Equalization')
pembagi= double (grayim) * (1/256) ;
[0 p] = size (pembagi);
Tl = 0.75;
T2 = 0.96; % thresholds

for i = 1:0
for 3 = 1:p
if pembagi(i,j)>T1 && pembagi (i,])<T2
original (i, j)=0; %changes to white image
else
original (i,j)=1; %changes to white black
end
end
end

hasil treshold=imcomplement (original); figure;
imshow (hasil treshold);title('Thresholding")

%$%klasifikasi

J = 0;

for k = 1:p
P(n, (J*p)+1: (p*k)) = hasil treshold(k, :);
J=j+1;

end

%%P adalah inputan, T adalah target
T(l:total images,1l) = [1];

T(total images+l:total imagesl,1l) = [2
T(total imagesl+l:total images2,1) [
save hasilpre.mat P T

17
31
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load hasilpre.mat P T

[Path,Xi] = hmmdecode (P, T, hmm, type, residuals, preproc)
if isstruct (data)
if isfield(data,'C') && ~all(isnan(data.C(:)))
warning ('Pre-specified state time courses will Dbe
ignored for Viterbi path calculation')
end
data = data.X;
end

K = length (hmm.state) ;

if isempty(residuals)
if ~isfield(hmm.train, 'Sind")
orders =
formorders (hmm.train.order, hmm.train.orderoffset, hmm.trai
n.timelag, hmm.train.exptimelaq);
hmm.train.Sind = formindexes (orders, hmm.train.S) ;
end
residuals =
getresiduals (data, T, hmm.train.Sind, hmm.train.maxorder, hmm
.train.order, ...

hmm.train.orderoffset, hmm.train.timelag, hmm.train.exptime
lag, hmm.train.zeromean) ;
end
if ~isfield(hmm, 'P")
hmm = hmmhsinit (hmm) ;
end
order = hmm.train.maxorder;
if hmm.train.useParallel==1 && N>1
Path = cell (N, 1);
parfor n = 1:N

P = hmm.P; Pi = hmm.Pi;

g_star = ones(T(n)-order,1);
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scale=zeros (
alpha=zeros (
beta=zeros (T

), 1
) 1K
r K)

)7
) .

4

4

T (n
T (n
(n)
$ Initialise Viterbi bits

delta=zeros (T (n),K);
psi=zeros (T (n),K);

if n==1, t0 = 0;
else t0 = sum(T(1:
end

; sO = t0 - order*(n-1);

B =

obslike(data(t0+1:t0+T(n), :), hmm, residuals (s0+1:s0+T (n) -

order,

)

B (B<realmin) = realmin;

o)

% Scaling for delta
dscale=zeros (T (n),1);

alpha (l1+order, :)=Pi(:)'.*B(l+order, :);
scale (lt+order)=sum(alpha (l+order, :));

alpha (l+order, :)=alpha (l+order, :)/ (scale (1+order)) ;

32 (a)

(1989)

random

delta(ltorder, :) = alpha(ltorder,:); % Eqg.
Rabiner (1989)
% Eg. 32(b) Psi already zero
for i=2+order:T (n)
alpha (i, :)=(alpha(i-1,:)*P).*B(i,:);
scale(i)=sum(alpha (i, :));
if scale(i)<realmin, scale(i) = realmin; end

alpha (i, :)=alpha (i, :)/ (scale(i));

for k=1:K
v=delta (i-1,:).*P(:,k)"';
mv=max (v) ;
delta(i,k)=mv*B(i,k); % Eg 33a Rabiner

fmv = find(v==mv) ;

if length (fmv) > 1
% no unigue maximum - so pick one at
tmpl=fmv;
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tmp2=rand (length (tmpl), 1)
[~, tmp4d]=max (tmp2) ;
psi (i, k)=tmp4;
else
psi(i, k)=fmv; % ARGMAX; Eg 33b
Rabiner (1989)
end
end
% SCALING FOR DELTA 27?27?72

[¢]

dscale (i)=sum(delta (i, :)) ;
if dscale(i)<realmin, dscale (i) = realmin;
end
delta (i, :)=delta(i,:)/ (dscale (1)) ;
end
% Get beta values for single state decoding
beta (T (n), :)=ones (1,K)/scale(T(n));
for i=T(n)-1:-1:1+order
beta (i, :)=(beta(i+1l,:) .*B(i+1,:))*(P'") /scale (i) ;
end
xXxi=zeros (T (n)-1l-order, K*K) ;
for i=l+order:T (n)-1
t=P.*( alpha(i,:)"' *
(beta (i+1, :) .*B(i+1l, :)))
X1 (i-order, :)=t (:)"/sum(t(:));
end
delta=delta (l+order:T(n), :);
psi=psi(l+order:T(n), :);
% Backtracking for Viterbi decoding
id = find(delta (T (n)-order, :)==max (delta (T (n) -
order, :)));% Eg 34b Rabiner;
g_star (T (n)-order) = id(1l);
for i=T(n)-1l-order:-1:1
g _star (i) = psi(i+l,g_star(i+l));
end
Path{n} = single(g_star);
end
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Path = cell2mat (Path) ;
else
Path = zeros(sum(T)-length(T) *order, 1, 'single');
tacc = 0;
for n=1:N
$if QO > 1
% i = grouping(n);
% P = hmm.P(:,:,1i); Pi = hmm.Pi(:,1i)"';
%else
S P = hmm.P; Pi = hmm.Pi;
$end

P = hmm.P; Pi = hmm.Pi;

g star

alpha=zeros (T (n) ,K) ;
beta=zeros (T (n),K) ;

o)

delta=zeros (T (n),K);
psi=zeros (T (n),K);

ones (T (n) -order, 1) ;

$ Initialise Viterbi bits

sO = t0 - order*(n-1):;

obslike (data(t0+1:t0+T(n), :), hmm, residuals (s0+1:s0+T (n) -

if n==1, t0 = 0; sO0 =
else t0 = sum(T(l:n-1)
end
B:

order, :));
B (B<realmin) = realmin;

scale=zeros (T(n),1);

o)

% Scaling for delta

dscale=zeros (T (n),1);

alpha (1+order,

:)=Pi(:)'.*B(l+order, :);

scale(l+order)=sum(alpha(l+order, :));

alpha (l+order,
) 7

:)=alpha (l+order,

:)/ (scale(l+order)+realmin
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delta(ltorder, :) = alpha(l+order,:); % Eqg.
32 (a) Rabiner (1989)

% Egq. 32(b) Psi already zero

for i=2+order:T (n)
alpha (i, :)=(alpha(i-1,:)*P).*B(i,:);
scale (i)=sum(alpha (i, :));
alpha (i, :)=alpha(i,:)/(scale(i)+realmin);
for k=1:K

(1989)

random

v=delta(i-1,:).*P(:,k)"';
mv=max (v) ;
delta(i,k)=mv*B(i,k); % Eg 33a Rabiner

if length(find(v==mv)) > 1
% no unique maximum - so pick one at

tmpl=find (v==mv) ;
tmp2=rand (length (tmpl), 1) ;
[~, tmp4d]=max (tmp2) ;
psi(i, k)=tmp4;
else
psi (i, k)=find(v==mv); % ARGMAX; Eqg

33b Rabiner (1989)

beta (i,

end
end

% SCALING FOR DELTA 27?2727

dscale (i)=sum(delta (i, :));

delta (i, :)=delta(i, :)/ (dscale(i)+realmin) ;
end
% Get beta values for single state decoding
beta (T (n), :)=ones (1,K)/scale(T(n));
for i=T(n)-1:-1:1+order

:)=(beta(i+l,:) .*B(1i+1,:))*(P') /scale (1) ;

end

xi=zeros (T (n)-1l-order,K*K) ;
for i=l+order:T (n)-1

t=P.*( alpha(i,:)"' *
(beta (141, :) .*B(i+1,:)));
xi(i-order, :)=t(:)"/sum(t(:));

end
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delta=delta (l+order:T(n), :);
psi=psi(l+order:T(n), :);

Backtracking for Viterbi decoding
d = find(delta (T (n)-order, :)==max (delta (T (n) -
);% Eg 34b Rabiner;
g _star (T (n)-order) = id(1);
for i=T(n)-1l-order:-1:1
g star (i) = psi(i+l,g star(i+l));
end

o
[¢]
i
order, :))

Path( (1:(T(n)-order)) + tacc ) = g star;
tacc = tacc + T (n)-order;

end
end

end

fprintf ('training dimulail\n')

JumPola = length(X(:,1));
DimPola = length (X(1,:));
[a,b] = size(T)
for i = 1:a

if T(i,1) == 1
T(i,1) = 0.001;
else
T(i,1) = 0.999;
end
end
JOneuron = length(T(1,:));
JHneuronl = 80;
LR = 0.4;

Epoch = 2000;
MaxMSE = 0.001;



% Bangkitkan Weights antara Input dan Hidden Layer
secara acak

CB = 0.5;

LD = 0.0001;

E3 = 0.1;

JHneuron?2 = 40;

Skala = 0.7 * (JHneuronl” (1l / DimPola ));

Wl = (-0.5) + (0.5 - (-
0.5)) .*rand (JHneuronl, DimPola) ;Wl = Wl1';

% ==== 1nislalisasl nguyen-widrow ====

VH = zeros (JHneuronl,1l);

for i=1:JHneuronl

VH(i) = norm( W1 (:,1i)):;

end

Wl = Skala * Wl;

for i=1:JHneuronl

Wl(:,1) = Wl(:,1)/VH(1);

end

Bl = ((-1) * Skala) + (Skala - (((-1) *
Skala))) .*rand (1, JHneuronl) ;

W2 = (-0.5) + (0.5 = (-
0.5)) .*rand (JHneuron?2, JHneuronl); W2 = W2';

B2 = (-0.5) + (0.5 = (-0.5)) .*rand (1, JHneuron?) ;

W3 = (-0.5) + (0.5 = (-0.5)) .*rand (JOneuron, JHneuron?) ;
W3 = W3';

B3 = (-0.5) + (0.5 - (-0.5)).*rand (1, JOneuron) ;

MSEepoch = MaxMSE + 1;

MSE = zeros (1l,Epoch);
ee = 0;

fprintf ('masuk perulangan\n')

while (ee < Epoch) &&
ee = ee + 1;
$MSE NonLinear

MSE Linear 0;

o)

o

o

(MSEepoch > MaxMSE)

0;

choose neighborhood
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ch nei

floor (rand (1) * 2);

for pp=1:JumPola

nonlinear

error

CP = P(pp,:):
CT = T(ppr:);

% feedforward
21l = zeros(l,JHneuronl) ;
for i= 1:JHneuronl
Zz1(i) = tansig( CB * B1(:,i) + CP * Wl(:,1)

end

22 = zeros (1l,JHneuron?);
for i= 1:JHneuron?2
Z2 (i) = tansig( CB * B2 (:,1) + Z1 * W2(:,1)

end

Y = zeros (1l,JOneuron) ;

Y in = zeros(l,JOneuron);

for i= 1:J0neuron
Y in(i) = CB * B3(:,1i) + Z2 * W3(:,1);
Y (i) = logsig( Y in(i) );

end

o)

% perhitungan nonlinear and linear error

el o =CT - Y; %
error
e2 o = ( log(CT)-1log(1-CT) ) - Y in; % linear

for i=1:J0neuron
$MSE NonLinear = MSE NonLinear + el o(i)"2;
MSE Linear = MSE Linear + e2 o(1)"2;

end

$MSE NonLinear = 0.5 * MSE NonLinear;

$MSE Linear = 0.5 * LD * MSE Linear;

MSE Linear = 0.5 * MSE Linear;

o)

% backpropagation of error

if (ch nei == 0)
nhl a = 1;
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nhl
nh2
nh?2
else
nhl
nhl
nh2
nh2
end

b = floor (JHneuronl/2) - 1;
a =1;

b = floor (JHneuron2/2) - 1;
_a = floor (JHneuronl/2);

b = JHneuronl;

_a = floor (JHneuron2/2);

_b = JHneuronZ;

fprintf ('masuk hidden layer dan output\n')

dW3 = z

delta3

for i =
for

el o(J) )"2 + E3;

norm(el o(j))"2)
22(1) );
end
dw3
end

bias3 =
for i =
adf
el o(1) y~2 + E3
bia
norm(el o(i))"2)
end
dB3 = Db
fprintf

= zeros (1, J0Oneuron) ;
= 1:J0neuron
_o(i) = el o(i) * Y(i) * (1 - Y(i));

eros (JHneuron?2, JOneuron) ;
= zeros (1, J0Oneuron) ;

nh2 a:nh2 b

J = 1:J0neuron

adf = norm( Y(J) * (1 - Y(3))

delta3 (j) = (1/adf) * ((LR *

* Z2(1)

* dkl o(j) * Z22(i) + LD * e2 o(j) ~*

(i, :) = delta3;

zeros (1, JOneuron) ;
1:J0neuron

= norm( Y(i) * (1 - Y(i)) * CB *

s3(i) = (1/adf) * ((LR *
* dkl o(i) * CB + LD * e2 o(i)

ias3;
('"layer hidden 1\n'")

= zeros (1, JHneuron2) ;
= el h2;

nh2 a:nh2 b

* CB);
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.
14

dd = 0.5 * (1+z22(1)) * (1-Z22(i));
el h2 (1) dd * dkl o * W3(i,:)"
e2 h2(i) = dd * e2 o * W3(i,:)";
end

dW2 = zeros (JHneuronl, JHneuron?2) ;
delta? = zeros(l,JHneuron?) ;
for 1 = nhl a:nhl b
for J = nhZ2 a:nh2 b
adf = norm( 0.5 * (1+Z2(3)) * (1-22(3))
* Z1(1) * el h2(3) )2 + E3;
delta2(j) = (1/adf) * ((LR *
norm(el h2(3j))"2) * Z1(i) * el h2(j) + LD * Z1(i) ~*
e2 h2(3));

end
dW2 (i, :) = delta2;
end
bias2 = zeros(l,JHneuron?);

for i = nh2 a:nh2 b
adf = norm( 0.5 * (1+22(j)) * (1-22(3)) *

CB * el h2(3) Yy~2 + E3;
bias2 (i) = (1/adf) * ((LR *
norm(el h2(j))"*2) * el h2(i) * CB + LD * e2 h2(i) * CB);
end

dB2 = bias2;
fprintf ('hidden layer 2')

el hl = zeros(l,JHneuronl) ;
e2 hl = el hl;
for 1 = nhl a:nhl b
dd = 0.5 * (1+Z1(i)) * (1-Z21(i));
|

el hl(i) = dd * el h2 * W2(i,:)";
e2 hl(i) = dd * e2 h2 * W2(i,:)";
end
dWl = zeros (DimPola, JHneuronl) ;
deltal = zeros(l,JHneuronl);
for i = 1:DimPola

for j = nhl a:nhl b
adf = norm( 0.5 * (1+Z1(3)) * (1-21(3))
* CP(1) * el hl(j) )72 + E3;



deltal(j) = (1/adf) * ((LR *
norm(el hl(j))"2) * CP(i) * el hl(j) + LD * CP (i) *
e2_hl(J));

end
dWwl(i,:) = deltal;
end
biasl = zeros (1, JHneuronl):;
for 1 = nhl a:nhl b
adf = norm( 0.5 * (1+Z1(3)) * (1-21(3)) *
CB * el hl(3) )2 + E3;
biasl (i) = (1/adf) * ((LR *
norm(el hl(j))”*2) * el hl(i) * CB + LD * e2 hl(i) * CB);
end

dBl = biasl;
fprintf ('perhitungan bobot dan bias\n')
Wl = Wl + dwl;

W2 = W2 + dwz;
W3 = W3 + dW3;
Bl = B1 + dB1;
B2 = B2 + dB2;
B3 = B3 + dB3;

o)

end % end for pp
fprintf ('perulangan baru\n')

MSEepoch = (MSE Linear/JumPola) ;

$disp ([ 'Epoch = ', numZ2str (ee), ' => Neighborhood-
', numZstr(ch nei), ' MSE = ', num2str (MSEepoch)]);

disp(['Epoch = ', num2str(ee), ' => MSE = ',
num2str (MSEepoch) ]) ;

MSE (ee) = MSEepoch;

o)

end % end while

toc;
if (MSE (ee) > MaxMSE)
disp('Maximum epoch reached, performance goal was

not met.");
else
disp(['Performance goal met. Epoch = "',
num2str (ee)]);
end

i=l:length( MSE(:,1l:ee) );
j=1:0.1:1length( MSE(:,1l:ee) );
plot (i, MSE(:,1l:ee), 'rs-',6j,MaxMSE, 'b-',1i,-0.01);
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xlabel ([num2str (ee), ' Epochs']);

ylabel ('"Mean Squared Error (mse)');

title(['NMBP w/ Adaptive Learning, Perf is ',
num2str (MSEepoch), ', Goal is ', num2str (MaxMSE)])

legend('Training', "Goal');

save TResult.mat CB Wl W2 W3 B1 B2 B3 JHneuronl
JHneuron?2 JOneuron;

fileSave = ['Grafik ' datestr (now, 'yyyymmdd-HHMM')];
save (fileSave) ;

$save gambar
saveas (gcf, fileSave, "'png') ;

fprintf ('simpan grafik sebagai: %s \n',fileSave);

o)

% feedforward
Zz1l = zeros (1, JHneuronl);
for i= 1:JHneuronl
Z1(i) = tansig( CB * B1(:,1i) + CP * Wl(:,1) );
end

22 = zeros (l,JHneuron?);
for i= 1:JHneuron?

22 (i) = tansig( CB * B2 (:,1i) + Z1 * W2(:,1) )

end

Y = zeros(l,JOneuron);

Y in = zeros(l,JOneuron);

for i= 1:J0neuron
Y in(i) = CB * B3(:,1i) + Z2 * W3(:,1);
Y (i) = logsig( Y in(1) );

end

if (Y < 0.5)
if (nn > 4)

sbb = ((0.999-0.001)-abs(0.999-Y))*100;
sdd = dd + bb;
A1 = Al + Dbb;

Kl =K1 + 1 ;
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gdisp (['*** File : ', ff,' =>

Microclasification Jinak salah dikenali, Validitas = ',
num2str (bb), '%']);

disp(['*** File : ', ff,' =>
Mikroklasifikasi Jinak salah dikenali ']):

else

cc = cc + 1;

bbb = ((0.999-0.001)-abs (CT-Y))*100;

%dd = dd + bb;

A2 = A2 + bb;
Jl = J1 + 1;
Kl = K1 + 1;

Sdisp(['File : ',ff,' => Microclasification
Jinak dikenali, Validitas = ', num2str(bb), '%']);

disp(['"*** File : ', ff,' =>
Mikroklasifikasi Jinak dikenali']):;

end

elseif (Y > 0.5)
if (nn <= 4)

sbb = ((0.999-0.001)-abs (0.001-Y)) *100;
sdd = dd + bb;

SA3 = A3 + bb;
K2=K2 + 1;

Sdisp(['*** File : ', ff,' =>
Microclasification Ganas salah dikenali, Validitas = ',
num2str (bb), '%S']);

elalgie ([ V5 galilc ¥ V' GEiE
Mikroklasifikasi Ganas salah dikenali '1);

else

cc = cc + 1;

$bb = ((0.999-0.001)-abs (CT-Y))*100;

$dd = dd + bb;

sA4 = A4 + bb;
J2 = J2 + 1;
K2 = K2 + 1;

%disp(['File : ',ff,"' => Microclasification
Ganas dikenali, Validitas = ', num2str(bb), '%$']);
disp(['*** File : ', ff,' =>

Mikroklasifikasi Ganas dikenali ']):
end

else
$bb = ((0.999-0.001)-abs (CT-Y))*100;
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%dd = dd + bb;

%$A5 = A5 + Dbb;

disp (['*** File : ',ff,' => Microclasification
salah dikenali, Validitas = ', numZ2str(bb), '%$']):;

K3 = K3 + 1;

disp(['*** File : ',ff,' => Mikroklasifikasi

salah dikenali']):;

end

end

akurasidinak = (J1*100)/4 ;

akurasiGanas = (J2*100)/4 ;

disp(' ");

%disp (['Jumlah Pola Semua= ', numZstr (Test Number), ',
Dikenali = ', num2str(cc), ', Validitas = ', num2str(
dd/Test Number ),',Akurasi = ', num2str(

(cc*100) /Test Number ), '%']);

$disp(['Jumlah Pola Microclasification Jinak = ',
num2str(4), ', Dikenali Microclasifikasi Jinak = ',
num2str (Jl) ]) ;

%disp(['Microclasification Jinak --> Validitas = ',
num2str( A2/4 ), ', Akurasi = ', num2str( (Jl*lOO)/ ),
'5'1)

%disp ([ 'Jumlah Pola Microclasification Ganas= ',
num2str(4), ', Dikenali Microclasification Ganas = ',
num2str (J2) 1) ;

%$disp(['Microclasification Ganas --> Validitas = ',
num2str ( A4/4 ), ', Akurasi = ', num2str( (J2*100)/4
), '%'1)

%disp ([ 'Average = ', num2str (

(((J1*100)/4)+((J2*100)/4))/2 ), '$'1);

disp(['Jumlah Pola Semua= ', num2str(Test Number), ' =>
Mikroklasifikasi Jinak = ', num2str (K1), ',
Mikroklasifikasi Ganas = ', num2str(K2)]);

disp(['Dikenali = ', num2str(cc), ' => Dikenali
Mikroklasifikasi Jinak = ', num2str (Jl), ', Dikenali
Mikroklasifikasi Ganas = ', num2str(J2)]);

disp(['Jumlah Pola Mikroklasifikasi Jinak = "',
num2str(4), ', Akurasi = ', num2str (akurasidinak), '%']);

disp(['Jumlah Pola Mikroklasifikasi Ganas = ',
num2str(4), ', Akurasi = ', num2str (akurasiGanas),'$S']);
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$simpan variabel hasil
fileSave = ['hasil ' num2str (akurasiJinak)

num2str (akurasiGanas) ' ' datestr(now,'yyyymmad—HHMM')];

save (fileSave) ;

%$save gambar
fprintf ('simpan hasil seba : %s \n',fileSave);
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In the process, we divided the process in research into several stages such as
data search, data processing and analysis of data processing. Here's a report the details

of the process data.

Activity Name : Data Searcher Team

Name : Wahyu Tri Puspitasari
Activities : Finding cancer mammogram data and discussing cancer
Activity Results :

1) Breast Cancer

Breasts in men and women are the same until puberty (11-13 years) because the
hormones estrogen and other hormones affect breast development in woman. In women
the development of active breasts, whereas in men the mammary glands and ducts are
less developed and the sinuses develop imperfectly. Breasts that are sensitive to
hormonal influences cause the breasts to tend to develop neoplastic growth, both
benign and malignant. Breasts are part of the reproductive organs whose main function
is to secrete milk for infant nutrition. Breasts consist of structural tissue, Ebrosa which
binds lobes, and fat tissue inside and between lobes. 85% of breast tissue consists of
fat. A little below the center of the adult breast is a nipple (mamana papilla), a
pigmented bulge surrounded by the areola. 23 Nipples and areola usually have different
colors and textures than the surrounding skin. The color varies from pale pink to black
and dark during pregnancy and lactation. Nipples usually protrude from the surface of
the breast. Breast cancer can occur anywhere in the breast, but the majority occur in

the outer upper quadrant where most breast tissue is present. In determining the location



of breast cancer, the breast is divided into four quadrants, namely the lateral quadrant
(upper edge), lower lateral, medial (upper middle), and lower median. Breast anatomy

and quadrant location of breast cancer can be seen in the picture below:

Figure 1. Breast Anatomy and Quadrant Breast Cancer Quadrant

Description:

1. Corpus (body) I.  Upper lateral (upper edge)
2. Areola II. Lower lateral,

3. Papilla or Putting III. Upper medial (top center)

IV. Median under
2) Data Collection Data
used in the research are breast cancer mammogram images, where the data is in
the form of gray scale images. The data is obtained from MIAS database. There are
more than 300 mammogram images of breast cancer (normal image, tumor, cancer).
This data processing is done by Wahyu Tri Puspitasari. The image of mammogram is

shown as follows:



Activity Name

Activities

Activity Results

Activity Name
Name
Activities

Activity Results

(b) (©

Figure 2. (a) Normal Mammogram Image (b) Mammograms of Benign Cancer

or Tumors (c) Image of Mammogram Cancer

: Data processing

: Discussion of each method, and processing data according to the
stages of the

: In data processing several steps are carried out, namely pre-
processing, feature extraction and classification. Sequentially
performed by Putri Wulandari, Ahmad Zoebad Foeady,

Muhammad Fahrur Rozi

: Data processing
: Putri Wulandari
: Discussion of initial processing on data (pre-processing)

: Image data mammograms have different qualities, so an image

improvement process is called a process pre-processing. In the pre-processing stage,

several processes are carried out, namely Region of Interest, changing the image into a

grayscale image and Adaptive Histogram Equalization.



1) Region of Interest (ROI)

Region of Interest is to give special treatment to the desired area at the time of
image management. The principle of the Region of Interest is to limit the area to other
regions. In the Region of Interest allows a different coding in certain areas and digital
images, so that the resulting image is better quality than the surrounding area
(background). The ROI feature results are very important because getting a certain part
of the digital image is felt more important and the other part

Region of Interest (ROI) is very helpful for segmentation in image processing
because using this technique the desired image or feature is easier to recognize. This is
because in the Region of Interest (ROI) the features of the object will be divided into
certain regions according to the image of the object
2) Grayscale

Initial processing of images presented in the distribution of gray images with pixel
intensity values of 0 to 255 which value 0 as black and value 255 as white. Calculations
for converting RGB 1mages to grayscale are done by calculating the average value of
the three Colors at each layer R, layer G, and layer B. Next Equation 2.1 is luminous

for grayscale.

_(R+ G+ B)
gs = 3
Description:
gs: grayscale G: green
R: red B : blue



image Grayscale image has 256 gray levels with intensity of expertise with
vulnerable values between 0-255. Gray intensity 0 is used for black, 255 for white, then
1-254 for gray.
3) Adaptive Histogram Equalization

Technique The histogram that is often used for histogram processing is histogram
equalization (Histogram Equalization, HE) which is to produce a uniform or uniform
histogram so that it is often referred to as histogram leveling (Gonzales, 2008). This
technique can be done once for the entire image area (global histogram equalization)
or with several times repeated for each image block (sub-image). Formula 2 is used to

step up the histogram equalization process.

cdf (v) — cdfmin
(M X N) B Cdfmin 8 (L_ 1)>

h(w) = round<

Description:

A% : the pixel value you want to replace.

cdf (v) : cumulative distribution function for value

Cdfmin : minimum value of cumulative distribution

MxN : pixel compiler image, with M number of columns and N number of lines

L : gray count that can be used, 8 bit gray image then L = 256

In Figure 3 is an example of image before and after the equalization process
histogram. The appearance of the histogram equalization image has a better visual

appearance. On the histogram, after the histogram equalization process, the process of



re-distribution of intensity occurs and becomes more evenly distributed. The intensity

of 0 to 255 is almost all represented.

4000 4000

3000 3000
2000

2000

1000 1000

0

0 50 100 150 200 250 0 50 100 150 200 250

Figure 3. Image before and after equalization of histogram

Adaptive Histogram Equalization (AHE) technique is in principle the same as
histogram equalization. Another name for AHE is local histogram processing
(Gonzales, 2008), which is to apply the histogram equalization process several times
each for each subimage block. Image block size has been determined according to the
condition of the image or research needs, namely between 230, 4x4, 8x8, 16x6 6 pixels,
or other sizes. The AHE technique and its variations were introduced by Pizer and
colleagues (1987). They researched and applied the AHE technique to natural images
and medical imaging. Here the object can look better because of the contrast repair
process. In addition, the computational time needs were also examined. Another study
by Stark (2000) which examined the use of AHE techniques based on contrast
stretching. Modifications were also made to variations in contrast stretching besides
the image block size. This variation affects the results of improving image quality.

The first step in pre-processing is the process of Region of Interest (ROI) in the

form of cropping on the tumor area. The goal is that the image is focused on the tumor
6



area only. The grayscale process is then carried out, namely the process of converting
RGB images into gray or grayscale images. After obtaining the grayscale image the
image enhancement process is focused on the adaptive histogram equalization because
the mammogram image has a different spread of pixel intensity. Next is the feature

extraction process.

Activity Name : Data processing

Name : Ahmad Zoebad Foeady
Activity : Discussion of the Hidden Markov model for the feature extraction
process

Activity Results : Before the classification process is carried out a feature that is used
as input in classification is required. To get the features of the image, feature extraction
is required. One feature extraction method is the Hidden Markov Model (HMM).
Before feature extraction, a double thresholding process was performed to obtain tissue
that presented a tumor or cancer.
1) Double Thresholding

Thresholding is an important part of image segmentation, where it is necessary to
isolate objects from the background can be illustrated simply by selecting two pixel
values L and U from the image, where L is the lower limit of thresholding and U is the
upper limit of thresholding, and applying operation thresholding as: A pixel becomes
white if the gray level is between L and U, and black if the gray level is the opposite.

The result is a binary image (black and white), white for all levels of gray pixels is



between two boundaries of L, U, and black values for the other For each image we
work on, we have to determine almost the pixel value for the area we need to scope,
and choose a better thresholding limit for better extraction for the area needed ... For
sample mammograms included in this study, after many trials selected L =0.75 & U =
0.96.

2) Hidden Markov

Hidden Markov Model The model is the development of statistical models of
Markov models. This model was developed by Andreyevich Markov. The Hidden
Markov Model is a statistical model that is modeled system is assumed to be a Markov
process with unknown parameters and hidden parameters must be determined from the
observable parameter.

In the ordinary Markov model, state (x) is directly visible to the observer.
Therefore, the probability of the transition is the only parameter. Hidden Markov The
model has been studied extensively in various fields of statistics. This model is seen as
a parametric bivariate process in discrete time. The process occurring in Hidden
Markov The model is a homogeneous finite state of the Markov model and cannot be
observed.

Before the HMM process identification of breast tissue is done. After the image is
identified, one of the tissues that represents the tumor or cancer is selected. The network
will be used as input in the feature extraction process using HMM. This process
produces several futures. This feature will be used as input in the classification using

modified backpropagation.



Activity Name : Data processing

Name : Muhammad Fahrur Rozi

Activity : Discussion of the modified backpropagation method

Activity Results : The features obtained from the feature extraction process are used
for input in the classification using modified backpropagation. Following is the
explanation of the modified backpropagation method.

Artificial Neural Networks with multilayer (Multilayer Perceptron) to change the
weights connected to all neurons in the hidden layer. Backpropagation algorithm
developed in 1986 by Rumelhart, Hinton, and Williams. Backpropagation algorithm
uses output errors by changing the value of weights in the backward direction.

The basic principle Backpropagation algorithm consists of three vases, namely:

a. Feed forward
this phase 1s the calculation phase of activation value. Each neuron in the
hidden layer and output layer calculates each activation value according to the
activation function used.
b. Calculation Phase and Backpropagation error
Each output neuron calculates the error information between the target
value and the resulting output. The information will be sent to the layer below.

c. Weight adjustment phase



Any output of neurons and hidden neurons changes the bias and weights

according to the error values

In addition, Characteristic of Artificial Neural Networks are:
a. Multilayer Network

In this network, the architecture used is one input layer, one output layer, and
one hidden layer. Every neuron on a single layer in Backpropagation gets an input
signal coming from all neurons on the previous layer along with a bias signal.
b. Activation Function.

This function is required to be continuous, differentiable, and not descent. This
function used Backpropagation JST:

1) Sigmoid binary function that output interval is [0,1]

1

y=fl)= (2.1)

T 1+4e0%

with fZ0 f(0)[1 - f(0)]

2) Signoid bipolar output function has interval [-1,1]

1-e™*

1+e™*

y = f(x)= (2.2)

with f/(x) = 2[1 + fOI[1 ~ f(x)]
Figure 4 shows Backpropagation Artificial neural network model (ANN) model

with one hidden layer.
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Figure 4. Backpropagation ANN Architecture

The steps of the backpropagation algorithm are taken as follows:

1. Initialization of weights (take initial weight with a small enough random value).
2. Do the following steps until the condition is stop or FALSE
a. For each pair of training the data do the following steps:
Feedforward:
1) Each input unit (x_i, 1 = 1, 2, 3, ..., n) receives the signal x; and the signal to all
units on each layer above (hidden layer).
2) Each hidden unit zj,j = 1,2,3,...,p) sums the weighted input signals into the

following equation:
n
Zinj = Vyj + Z XiUij(Z.?))
i=1
use activation function to calculate output signal:
5= f (2n,) (24)

send the signal to all units in the layer above.
11



3) Every output unit(Y, k = 1,2,3,...,m)weighted sums of input signal using:
P
y_ing = wy, + z Zjwji (2.5)
i=1

use the activation signal to calculate the output signal:

i = f (v_ing) (2.6)

and sent the signal to all units in the above layer.

Backpropagation

4) Every output unit (Y, k = 1,2,3,...,m) will receive the target pattern
associated with the learning input pattern, then calculate the error information
with:
8 = (te — i) [ (y_ing) (2.7)
Then calculate the weight of correction (which will be used to fix the value of
Wi, this calculation uses:
Awj = a by z; (2.8)
Calculate the correction of its bias values to improve the value of wgy using:
Awgr = ady (2.9)
send 0_k to the existing units under the lining.

5) Every hiden unit(z;j = 1,2,3,...,p)sums result on the layer units above by

m

k=1
Then multiplies the value with the differential of its activation function to

calculate the error value information:

12



6; = 5injf '(z_in)) (2.11)
Then calculate the value of service for fixing the value of
v Avye = adjx; (2.12)
Then calculate the value of bias that will be used to improve the value v, using:
Avop = ad; (2.13)

6) Every output unit(Y, k = 1,2,3,...,m)will improve the value of bias and
weight of (j = 0,1,2,...p):
wix(new) = wyo(long) + Awyy (2.14)
Every hidden unit (z;,j = 1,2,3,...,p) serves to improve the value of bias and
its weight (i = 0,1,2,...,n):
v;j(new) = v;;(old) + Avy; (2.15)

b. Test until stop

Features obtained from the Ether extraction process are used as input in

modified backpropagation. The data will be classified into two classes, namely

normal, tumor and cancer. The breast cancer diagnosis scheme is shown below.

13
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Figure 5. Automatic Breast Cancer Diagnose Flowchart System

Figure 5 represents:

Then thresholding

parameters into HMM training and HMM testing.

Breast image data is mammography data from multiple data samples

Breast cancer mammogram data is gray image data (gray image)

HMM training and testing results classified using Backpropagation.

HMM training and testing result classified using Backpropagation.

From gray scale mammography data applied adaptive histogram equalization

A

Next goes into feature extraction, selection features using the hidden markov

model by dividing the HMM parameters into HMM training and HMM testing.

Selection features using the hidden markov model by the dividing the HMM

14



The classification is divided into three categories, normal and abnormal, mass and

micro classification, benign and malignant using modified backpropagation.

Activity Name
Name
Activities

Activity Results

: Data Analysis
: Deasy Alfiah Adyanti, S.Mat
: Analyzing data in the pre-processing program

: The pre-processing process is done using MATLAB because

the images used are very large. A function has been provided for several pre-processing

methods. Like RGB2scale, adapthisteq, etc. But not all methods have been provided in

MATLAB. The following is the source code in MATLAB for the pre-processing

process.

clc; clear; close all;

mammo = 'D:\Downloadimias-mammography':
form = dir({fwllfile (mammo,''*.pom'}):;

n = numel (form) ;

for i = 1:n

file name =
imgbm{i} =
imr{i} =
posisi{i} =
roitb{i} =
img{i} =
CutHame =
folderHame=

imwrite (img{i}, folderName) :

end

fullfile (mammo, form(i) .name)
imread (file name):

imresize (imgkmi{i}, 0.25); — ]
posisi{il(:,:)./4:
roipoly(imr{i},posisi{il}(:,1l),posisi{il} (:,2)):

regionfill (imr{i}, imcomplement (roitk{i})}:

sprintf ('ImageCrop #3d.pom', i)
fullfile (mammo, Cutlame)

15
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for n = l:total images2
if n<=total images
i=n;

full mame = fullfile(image folder, filenames (i) .name);
elseif n <= total imagesl

i=p-total images;

full name = fullfile(image folderl, filenamesl (i) .name);
else

i=n-total imagesl;

full name = fullfile(image folder2, filenamesZ (i) .name);
end
end
haha = fullfile (image folderl, filenamesl(1ll).name);
gambar = imread(haha); figure; imshow(gambar):;title('mammogram image'):
—» grayim = rgb2gray(gambar);figure; imshow|gambar);title('gray scale image’
—» glahe = adapthisteqgigravim);figure; imshow(clahe);title('Zdaptive Histog

pembagi= double (gravim)* (1/256)

Figure 6. Pre-Processing Source Code using MATLAB
1 — Cut the image of a mammogram.

2 — Change the RGB image to be grayscale.

3 — The adaptive histogram equalization process.

The results of the Region of Interest and gray scale can be shown in Figure 7.

16



Figure 7. Result of Pre-Processing

Next changes the RGB image to grayscale. The Process gray scale aims to convert
the RGB image into a gray image so that the pixel range is smaller and easier to proceed
to the next process. This process is done because the mammogram result image has a
pixel color value (Red, Green, Blue) so it must be grayscale so that the pixel value of
the image is easy to process. Suppose the breast cancer mammogram image with the
number of pixels in color (Red, Green, Blue) is 15333, then the image is converted into

image grayscale with the following equation.

_(R+G +B)
gs = 3
15333
gs = T: 5111

Number of gray pixels obtained is 5111 with a range of gray pixels worth 0-
255 which is between black pixel values close to 0 and white approaches the value 255.
Next is done adaptive histogram equalization process.

The mammogram image used as the object of discussion is of poor quality.
Therefore, the process adaptive histogram equalization aims to obtain a uniform
histogram spread, so that every degree of gray image of the mammogram has a
relatively equal number of pixels. Adaptive histogram equalization is the development
of the histogram equalization method so that the results of the spread of the histogram
of the image degree are more evenly distributed and relatively the same.

The results of the applied adaptive histogram equalization process shown in Figure 8.

17



Figure 8. The results of the applied adaptive histogram equalization process

Activity Name: Data Analysis

Name : Ahmad Hanif Asyhar, M. Si

Activities : Analyzing data on the Hidden Markov program Model

Activity Results : The process of the Hidden Markov Model is done using
MATLAB. Previously, the network identification process was carried out and chose a
network that represented tumors and cancer. In this study using a double threshold for
the process of identifying and selecting networks. The following is the source code for

the double threshold using MATLAB.

[o p] = size (pembagi) ;
TL = 0.75;
T2 = 0.96; % thresholds

for i = 1l:io
for j = 1:p
if pembagi(i,j)>T1 && pembagl (i, j)=T2

original (i, j)=0; %changes to white image
else
original {i,j)=1; %changes to white black
end
end
end
hasil_ treshold=imcomplement (criginal); figure; imshow(hasil_treshold);title ('Thresholding')

Figure 9. Thresholding Source Code using MATLAB
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The results of the thresholding process are shown in Figure 10.

Figure 10. Result of Thresholding

Next is the Hidden Markov Model (HMM) process.

Activity Name: Data Analysis

Name : Nurissaidah Ulinnuha, M.Kom.
Activity : Analyzing data in the modified backpropagation program
Activity Results : Prose classification using modified backpropagation was

done using MATLAB. Some features that have been obtained from HMM are used as
input in the classification process. The following is the source code training data with

modified backpropagation using MATLAB.
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leoad hasilpre.mat P T
fprintf('training dimulail\n')
JumPola = length(P(:,1));

DimPola = length(P(1,:));

[a,b] = size(T)
for i = 1l:a
if T(i,1) == 1
T(i,1) = 0.001;
else
T(i,1) = 0.999;
end
end
JOneuron = length(T(1,:));

JHneuronl = 80;
LR = 0.4;
Epoch = 2000;
MaxMSE = 0.001;

e _— s B e e e
% Bangkitkan Weights antara Input dan Hidden Layer secara acak
Y o

CB = 0.5;

LD = 0.0001;

E3 = 0.1;

JHneuron2 = 40;

Skala = 0.7 * (JHneuronl”~(1l / DimPola ));
Wl = (-0.5) + (0.5 - (-0.5)).*rand(JHneuronl,DimPola);Wl = W1";
% ==== inisialisasi nguyen-widrow ====
VH = zeros(JHneuronl,1);
for i=1:JHneuronl
VH(1) = norm( Wl(:,1));
end

Wl = Skala * Wl;
for i=1:JHneuronl
Wl(:,1i) = Wil(:,i)/VH(i);

end

%

Bl = ((-1) * Skala) + (Skala - (({-1) * Skala))).*rand(l,JHneuronl);
W2 = (-0.5) (0.5 = (-0.5)).*rand(JHneuron2, JHneuronl); W2 = W2';
B2 = (-0.5) + (0.5 = (-0.5)).*rand (1, JHneuron2);

W3 = (-0.5) (0.5 - (-0.5)).*rand(JOneuron, Jineuron2); W3 = W3';

(L]

B3 = (-0.5) + (0.5 - (-0.5)).*rand(1l,JOneuron);
MSEepoch = MaxMSE + 1;

MSE = zeros(l,Epoch);

ee = O;

fprintf('masuk perulangan\n')

while (ee < Epoch) && (MSEepoch > MaxMSE)

ee = ee + 1;
%MSE_NonlLinear = 0;
MSE_Linear = 0;

% choose neighborhood
ch_nei = floor(rand(l) * 2);

for pp=1:JumPola

CP = P(pp,:};
CT = T(pp,:);

% feedforward
21 = zeros(l,JHneuronl);
for i= l:JHneuronl
21(i) = tansig( CB * Bl(:,i) + CP * W1l(:,i) );
end

22 = zeros{l,JHAneuron2};
for i= l:JHneuron2
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Z2(i) = tansig( CB * B2(:,i) + Z1 * W2(:,1) );
end

Y = zeros(l,JOneuran);

Y_in = zeros(l,JOneuron) ;}

for i= 1:JOneuron
Y in(i) = CB * B3(:,i) + 22 * W3(:,i):
Y(i) = logsig( Y_in(i) );

end

% perhitungan nonlinear and linear error
el o = CT ~ ¥; % nonlinear error
€2 o = ( log(CT)-log(1-CT) ) - ¥ in; % linear error

for i=1l:JCneuron
%MSE_NonLinear = MSE_NenLinear + el_o(i)"2;
MSE_Linear = MSE_Linear + e2_o(i)"2;
end
%MSE_NonLinear = 0.5 * MSE_NonLinear;
$MSE_Linear = 0.5 * LD * MSE_Linear;
MSE_Linear = 0.5 * MSE_Linear;

% backpropagation of error

if (ch_nei == 0)

nhl_a = 1;
nhl_b = floor(JHneuronl/2) - 1;
nh2_a = 1;
nhZ2_b = floor(JHneuron2/2) - 1;

else
nhl_a = floor(JHneuronl/2);
nhl_b = JHneuronl;
nh2_a = floor(JHneuren2/2);
nhZ_b = JHneuron2;
end
fprintf ('masuk hidden layer dan outputin')
§ =mssssss==== hidden - output

dkl_o = zeros(l,JOneuron);
for i = 1l:JOneuron

dkl_o(i} = el _ofi) * ¥(i) * (1 - ¥(i));
end

dw3 = zeros (JHneuronZ,JOneuron) ;
delta3 = zeros(l,JOneuron);
for i = nh2_a:nh2_b
for j = 1:JOneuron
adf = norm( Y(j) * (1 - ¥(j)) * 22(i) * el o(j) )"2 + E3;
delta3(j) = (1/adf} * ((LR * norm(el o(j))*2) * dkl _o(j) * 22(1) + LD * e2 o(j) * 22(i)¥

end
dW3(i,:) = delta3;
end

bias3l = zeros(l,JOneuron);
for i = 1:JOneuron
adf = norm( Y(i) * (1 - Y(i)) * CB * el_o(i) )"2 + E3;
bias3 (i} = (1l/adf) * ((LR * norm(el_o(i))~2) * dkl_o(i) * CB + LD * e2_o(i) * CB);
end
dB3 = bias3;
fprintf ('layer hidden 1\n')
====== Layer Hidden 2
el h2 = zeros(l,JHneuron2);
e2 h2 = el h2;
for i = nh2_a:nh2_b
dd = 0.5 * (1+22(i)) * (1=-22(i)};
el _h2(i} = dd * dkl_o * W3(i,:)';
e2_h2(i} = dd * e2_o * W3(i,:)

dW2 = zeros (JHneuranl, JHneuron2);
delta2 = zeros(1,JHneuron2);
for i = nhl_a:nhl b
for j = nh2_a:nh2 b
adf = norm({ 0.5 * (1+Z2(j)) * (1-22(j)) * Z1(i) * el _h2(j) "2 + E3;
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delta2(j) = (1/adf) * ((LR * norm{el_h2(j))"2) * Z1(i) * el _h2(j) + LD * Z1(i) * e2_h2W
(307
end
dW2 (i,:)} = delta2;
end

bias2 = zeros(l,JHneuron?);
for i = nh2_a:nh2 b
adf = norm( 0.5 * (1+Z2(j)) * (1-22(j)) * CB * el_h2(j) )"2 + E3;
bias2(i) = (1/adf) * ((LR * norm(el_h2(j))*2) * el_h2(i) * CB + LD * e2 h2(i) * CB);
end
dB2 = bias2;
fprintf ('hidden layer 2')
% m========= Layer Hidden 1
el _hl = zeros(l,JHneuronl);
e2_hl = el _hl;
for i = nhl_a:nhl b
dd = 0.5 * (1+21{i)} * (1-21(i)):
el hl(i) = dd * el _h2 * W2({i,:)";
e2_hl(i) = dd * e2_h2 * W2(i,:)";

end

dWl = zeros(DimPola, JHneuronl);
deltal = zeros(l,JHneuronl);
for i = 1:DimPola
for j = nhl_a:nhl b
adf = norm( 0.5 * (1+421(j)) * (1-Z1(3)) * CP(i) * el _hl(j) )"2 + E3;
deltal(j) = (1/adf) * ((LR * norm{el_hl(j))"2) * CP(i) * el_hl(j) + LD * CP(i) * e2 hl¥¢
(3)):
end
dWl(i,:) = deltal;
end

biasl = zeros(l,JHneuronl);

for 1 = nhl_a:nhl b
adf = norm( 0.5 * (1+Z1(3j)) * (1-Z1(j)) * CB * el _hl(j) )"2 + E3;
biasl(i) = (1/adf) * ((LR * norm(el_hl(j))"2) * el _hl(i) * CB + LD * e2 _hl(i} * CB);

end

dBl = biasl;

forintf ("perhitungan bobot dan bias\n')

Wl = Wl + dWl;

W2 = W2 dwz;

W3 = W3 dw3;

Bl = Bl + dBl;

B2 = B2 dBz;

B3 = B3 + dB3;

+F o+ o+ 4+

end % end for pp
fprintf ('perulangan baru\n'})
MSEepoch = (MSE_Linear/JumPola);
%disp(['Epoch = ', num2str(ee), ' => Neighborhood-', num2str(ch nei), ' MSE = ', num2str(MSEepoch)]);
disp(['Epoch = ', num2str(ee), ' => MSE = ', num2str(MSEepoch)]);
MSE (ee) = MSEepoch;
end % end while

toc;
if (MSE(ee) > MaxMSE)
disp('Maximum epoch reached, performance goal was not met.');
else
disp(['"Performance goal met. Epoch = ', num2striee)]);
end

i=l:length( MSE(:,l:ee) );
j=1:0.1:1length( MSE(:,1l:ee) );
plot(i, MSE(:,1l:ee), 'rs-',3j,MaxMSE,'b-',i,-0.01);
xlabel ([numZstr(ee), ' Epochs']});
ylabel ('Mean Squared Error (mse)');
title(['NMBP w/ Adaptive Learning, Perf is ', num2str (MSEepoch), ', Goal is ', num2str (MaxMSE)]);
legend ('Training', 'Goal');
save TResult.mat CB W1 W2 W3 Bl B2 B3 JHneuronl JHneuron2 JOneuron;
fileSave = ['Grafik _' datestr (now,'yyyymmdd-HHEMM')];

save (fileSave) ;

%save gambar
saveas (gcf, fileSave, 'png') ;

fprintf ('simpan grafik sebagal: %s \n',fileSave);

Figure 11. Source Code of Training Backpropagation
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% feedforward
Zl1 = zeros(l,JHneuronl);
for i= 1:JHneuronl
21(i) = tansig( CB * Bl(:,i) + CP * Wi(:,i) ):
end

22 = zeros(1,JHneuron2) ;
for i= 1:JHneuron2

22 (i) = tansig( CB * B2(:,1i) + 21 * W2(:,i) );
end

Y = zeros(l,JOneuron);

Y_in = zeros(1,JOneuron);

for i= 1:JOneuron
Y_in(i) = CB * B3(:,1i) + 22 * W3(:,i);
Y(i) = logsig( Y_in(i) );

end

if (Y < 0.5)

if (nn > 4)
%bb = ((0.999-0.001)-abs (0.999-Y))*100;
%dd = dd + bb;
$Al = Al + bb;
Kl =Kl +1;
$disp(['*** File : ',ff,' => Microclasification Jinak salah dikenali, Validitas = ', num2str¥&

(bb), '%']);

disp(['*** File : ',ff,' => Mikroklasifikasi Jinak salah dikenali ']);:

else
cc =cc + 1;
%bb = ((0.999-0.001)-abs (CT-Y)) *100;
%dd = dd + bb;
%$A2 = A2 + bb;
Jl = J1 + 1;
Kl = K1 + 1;
%disp(['File : ',ff,' => Microclasification Jinak dikenali, Validitas = ', num2str(bb), ¥

'%$'1);

disp(['*** File : ',ff,' => Mikroklasifikasi Jinak dikenali']);

end

elseif (Y > 0.5)

if (nn <= 4)
%bb = ((0.999-0.001)-abs(0.001-Y))*100;
%dd = dd + bb;
%A3 = A3 + bb;
K2= K2 + 1;
%disp(['*** File : ',ff,' => Microclasification Ganas salah dikenali, Validitas = ', num2str¥&

(bb), '%']);

disp(['*** File : ',ff,' => Mikroklasifikasi Ganas salah dikenali ']);

else
cc =cc + 1;
$bb = ((0.999-0.001)-abs (CT-Y)) *100;
%dd = dd + bb;
%$A4 = A4 + bb;
J2 = J2 + 1;
K2 = K2 + 1;
%disp(('File : ',ff,' => Microclasification Ganas dikenali, Validitas = ', num2str (bb) , ¥

'%$'1);
disp(['*** File : ',ff,' => Mikroklasifikasi Ganas dikenali ']);
end
else
%bb = ((0.999-0.001)-abs (CT-Y)) *100;
%dd = dd + bb;
%A5 = A5 + bb;
%disp(['*** File : ',ff,' => Microclasification salah dikenali, Validitas = ', num2str(bb), '%']):
K3 = K3 + 1;
disp(['*** File : ',£ff,' => Mikroklasifikasi salah dikenali']);
end
end

akurasiJinak = (J1*100)/4
akurasiGanas = (J2*100)/4
disp(' ')
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%disp(['Jumlah Pola Semua= ', num2str (Test_Number), ', Dikenali = ', num2str(cc), ', Validitas = ¢

num2str ( dd/Test Number ),',Akurasi = ', num2str( (cc*100)/Test_Number ), '$%']);

%disp (['Jumlah Pola Microclasification Jinak = ', num2str(4), ', Dikenali Microclasifikasi Jinak = L 4
num2str (J1)]);
%disp(['Microclasification Jinak --> Validitas = ', num2str( A2/4 ), ', Akurasi = ', num2str( (J1*100)/4&
Yo '$']);
disp (['Jumlah Pola Microclasification Ganas= ', num2str(4), ', Dikenali Microclasification Ganas = ',6 ¥
num2str (J2)]);
¢disp(['Microclasification Ganas --> Validitas = ', num2str( A4/4 ), ', Akurasi = ', num2str( (J2*100)/4¥
), '%'1);
$disp(['Average = ', num2str( (((J1*100)/4)+((J2*100)/4))/2 ), '%']);
disp(['Jumlah Pola Semua= ', num2str(Test Number), ' => Mikroklasifikasi Jinak = ', num2str(Kl), 'L ¥
Mikroklasifikasi Ganas = ', num2str(K2)]);
disp(['Dikenali = ', num2str(cc), ' => Dikenali Mikroklasifikasi Jinak = ', num2str(Jl), ', Dikenalik
Mikroklasifikasi Ganas = ', num2str(J2)]);
disp(['Jumlah Pola Mikroklasifikasi Jinak = ', num2str(4), ', Akurasi = ', num2str(akurasiJinak), '%']);
disp(['Jumlah Pola Mikroklasifikasi Ganas = ', num2str(4), ', Akurasi = ', num2str(akurasiGanas),'%']);
$simpan variabel hasil
fileSave = ['hasil ' num2str (akurasiJinak) ' ' num2str(akurasiGanas) ' ' datestr (now,'yyyymmdd-HHMM')];
save (fileSave);
$save gambar
fprintf ('simpan hasil sebagai: %s \n',6fileSave);
Figure 12. Source Code of Testing Backpropagation
Activity Name : Data Analysis
Name : Dr. Moh. Hafiyusholeh, M.Si
Activity : Analyzing statistically the final final
Activity Results : A system that performs classification is expected to be able to

classify all data sets correctly, but the performance of a system can reach 100%
correctly. Therefore, the measurement of breast cancer classification uses three
performance gauges, namely accuracy, specificity sensitivity, and precision. The third

performance of this equation each, namely:

the amount of data that is classifiable correct

accuracy = —
y amount of classification conducted
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e TP
sensitivity =

TP + FN
Specificity = TN
pecificity = P L TN
procision — 1T
recision = o0

Description:

TP = The sick are diagnosed correctly as sick

FP = Healthy people who are diagnosed wrongly as sick

TN = Healthy people who are diagnosed correctly as healthy
FN = People who are diagnosed wrongly as healthy

The results of this study
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