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Abstract 

Breast cancer is the most frequent cancer in women worldwide. Because of increased life 

expectancy, the incidence of breast cancer is rising in developing countries. Breast cancer 

(BC) prediction and classification are important issues to detect cancer in the early stages.  

There are many risk factors for breast cancer. Due to global environmental problems, the 

way of life, and the increase in the world population, it is possible that in the coming years 

the number of people affected will increase. The majority of the women do not go to 

perform recurring screening mammograms.  

This study used data mining techniques to predict and classify BC disease, and this is 

applied by Palestinian patients’ datasets containing the diagnosis of cases (malignant, 

healthy and benign) and risk factors. 

The dataset contains 1794 records; 635 malignant breast cancer cases, 570 healthy controls 

and 589 benign cases.  Breast cancer cases were collected from mammography electronic 

Registry system in MOH Directorate. 

Each record has 30 features (Variables) plus the class attributes. The class is formed as 

healthy, malignant, or benign cases. 

 Multiple data mining algorithms was used such as neural networks, boosted decision Tree, 

Random Forest and Support-Vector Machine. The performance of models was choosing 

by compared the data mining algorithms with each other.  

The research evaluated and compared the performance of different machine learning (ML) 

algorithms in predicting breast cancer among Palestinian women and choose the best ML 

algorithm to develop a breast cancer prediction model.  
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The result shows that the best four models were developed for prediction the breast cancer.  

The first model for detection BC for three class (malignant, benign and healthy). The 

results of this model were 96.7% accuracy, 95.2% Precision, 95.1%Recall, 95.2% F1 

Score and 97% AUC. 

While the performance of second models for prediction the BC (Discrimination between 

malignant and healthy cases) was 98.5% Accuracy, 97.8% Precision, 99.3% Recall which 

meaning very low false negative, 98.6% F1 Score and 99.9% AUC. 

The third model was developed to detection the BC (Malignant and benign) has 

performance with 95.0% Accuracy, 98.0% Recall and 99.5 % AUC. Finally, the model for 

predicting of BC (healthy and benign class) was developed with 89.4% accuracy, 90.9% 

Precision, 93.9% Recall which meaning very low false negative, 92.4% F1 Score and 

96.1% AUC. 

The models can be used for diagnosis and to assist doctors in determining whether or not 

a large number of women require early detection via mammography or other means. This 

allows women who are suspected of having breast cancer to be given priority for 

appointments at breast cancer clinics. 
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Chapter One: Introduction 

1.1 Background 

 Breast cancer is top cancer in women in the world. The incidence of breast cancer is increasing in 

the developing world due to increased life expectancy. The mortality rates in developed countries 

have been dropping whereas rates in developing countries have been rising [1]. In 2020, over 2.26 

million new incidences of breast cancer were diagnosed in women in the world shown in Figure 1.1 

[2]. In Palestine, breast cancer is at the forefront of cancers that affect females, with 31.1% of all 

reported cancers, and an incidence rate of 40 new cases per year for every one hundred thousand 

females. While female cancer deaths reached 16.5% of all female cancer deaths in 2020[3]. 

Unfortunately, there is no way to completely prevent cancer. However, early detection increases the 

chance of breast cancer being cured and the availability of its treatment. But, if it is discovered too 

late,  the opportunity for treatment is often missed. [4]. 

 

Figure 1.1: Estimated number of new cases in 2020 worldwide for females of all ages [2]. 
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 Early screening is essential for women who are more exposed to risk factors such as Family History 

of Breast Cancer, Existence of Benign Breast disease, Density, Age at First Birth, Age at Menopause, 

weight, Hight, waist circumference, Body Mass Index (BMI), Age at Menarche, Endogenous 

Estrogen Levels, Waist-Hip Ratio, Age, Smoking Frequency, Alcohol consumption, Occupational 

Hazard, Breast Feeding, hormone replacement therapy, number of deliveries, number of children 

breastfed, undergone IVM, Average duration of breastfeeding for children, previously used any 

family planning methods, Type of family planning methods, intrauterine device (IUD)-hormonal, 

duration of an intrauterine device (IUD) hormonal, physical activity and complaint of any chronic 

disease [5] [6].  

 The most common techniques used to detect breast cancer are mammography and magnetic 

resonance imaging (MRI). However, these techniques are very expensive, large, only available in 

several and large hospital facilities. As a result, finding a breast screening facility can be challenging, 

and there might be long wait times. 

 In addition, many of the barriers to screening techniques according to a study conducted in Saudi 

Arabia are the fear of detecting BC, fear of radiation exposure fear of BC detection, being busy all 

the time, and taking a long time to take a medical appointment  a  high cost of mammography [7]. 

There is currently an overwhelming amount of data. On a personal level, every choice we make and 

decision we make is recorded and stored. The important thing is to be able to find patterns in this 

chaotic world of information in data mining, amount data sets are utilized to find patterns and 

relationships that can be used to analyze data to solve discover the problems and  challenges. It is 

important to do a thorough investigation to clarify the factors and facilitate the dissemination and 

awareness of this disease. To do this, data mining was used as a technique. Unlike the time-consuming 

and tedious, perhaps incomplete, manual data mining investigation allow for quick and direct analysis 
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after gathering and combining different sources of information. Data Mining (DM) is defined as the 

process of automatically discovering patterns in data, and trying to solve problems by analyzing 

existing databases. These discovered patterns must be significant and help explain something about 

the analyzed data. It can also be used as a predictive tool, to predict future or missing values of another 

variable [8]. 

In this thesis, a descriptive analysis of the breast cancer risk factors was performed, and different data 

mining techniques were used for the prediction of breast cancer and their performance compared to 

evaluate a more efficient and effective DM technique. The research used a dataset that contains 

independent variables to predict breast cancer by data mining tools. 

1.2 Study Justification 

Over the past few years, the incidence of breast cancer has increased in Palestine. It is the most 

common malignant tumor among Palestinian women. The prevalence of this disease reaches 29% of 

diagnoses in the West Bank and 20% in Gaza. In addition, breast cancer constitutes 32% of all cancers 

diagnosed in women last year and 16.5% of all cancers registered among Palestinians in 2020. 

Although breast cancer has one of the greatest survival rates of any malignancy, success is dependent 

on early detection. Unfortunately, more than 64.7% of breast cancer cases in Palestine are detected 

in late-stage in 2020, when cancer has metastasis. This means limiting treatment options and 

decreasing survival chances[3][9]. 

As a result of the delay in the early examination of women and the discovery of the disease, cancer 

deaths amounted to 12.9% of the deaths in Palestine in general, and the rate of cancer in the 

community reached an incidence rate of 19.1 per 100,000 population. Studies have shown that most 
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of the world's dead were in the late stages of infection. This is due to the spread of the disease 

completely [6]. 

In addition, studies have confirmed that early diagnosis of cancer saves lives, and more effective and 

low-cost treatments[10]. Figure 1.2 shows the importance of early diagnosis before the cells transform 

from healthy cells to cancerous cells[11]. So, the most important consideration is how to extract 

features from all risk factor data. Because there are many features and the data are huge, various 

machine learning techniques can be employed by pre-processing the data: data cleaning, clustering, 

filtering, and normalizing. Because risk factors play an important role in the diagnosis process, this 

leads to breast cancer prediction.  

In medical applications, where the importance of the temporal component cannot be ignored, data 

mining techniques and machine learning have acquired great relevance. The applications of these 

techniques range from the intelligent visualization of large amounts of medical data to quality control 

in hospitals [5]. In detecting diseases such as breast cancer, the set of data mining techniques and 

methods turn out to be a very useful instrument in certain parts of the cancer detection and diagnosis 

process where it is necessary to classify information and find knowledge in large volumes of data. 

 

Figure 1.2: WHO Guide to Early Diagnosis shows how to screen from early diagnosis based on the onset of 

symptoms[11]. 
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In Palestine, there is no breast cancer prediction framework. An efficient breast cancer prediction 

model based on data mining were proposed in this study. There are also various varieties of breast 

cancer, each with its stage of aggressiveness, progression, and genetic makeup [7]. Therefore, having 

a system that allows for early identification and prevention would be extremely beneficial in terms of 

improving breast cancer survival rates [12]. This decides to be taken as soon as possible for early 

detection and to reduce the mortality rate [13]. 

1.3 Problem Statement 

Breast cancer is a serious disease that affects a large number of females all over the world. When a 

tumor is small, there are usually no symptoms, [14] which is why early detection in its early stages 

helps save women's lives [3]. Traditionally, statistical analysis has been a tool that, through the 

confirmation of hypotheses, has allowed the health field to generate knowledge and understand 

certain phenomena for the benefit of the development of technology and protocols for the care of 

diseases and recovery of health. Through the statistical analysis, primary variables and relationships 

are fundamentally considered, without considering the true interrelationships, which are usually 

hidden and can only be discovered using a more complex data treatment, which is only possible with 

data mining techniques [4]. Data mining techniques that include the use of supervised machine 

learning using risk factors and a patient's family history help in disease prediction and rapid decision-

making for necessary examinations, thus helping to increase the early detection of disease. However, 

a machine learning study in breast cancer data analysis and prediction in the Ministry of Health is not 

available. Hence, there is an urgent need of developing a BC prediction model specifically for 

Palestinian women. 
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With this study, applying machine learning algorithms, we intend to identify and classify the greatest 

number of risk factors to avoid them or minimize their impact and to predict disease to increase early 

detection of disease. 

1.4 Objective of the Study and Research Question 

The general objective of this study is: Determine to what extent the application of machine learning 

techniques will improve the prediction process of the risk of breast cancer, and which of these risk 

factors are maybe the cause of breast cancer in Palestine. 

1.4.1 The Objectives of This Work Can Be Summarized as Follows:   

➢ Utilizing machine learning algorithms to predict breast cancer depending on the risk factors. 

➢ Increasing the accuracy of breast cancer prediction based on a Palestinian risk factor dataset 

➢ Design a framework for breast cancer diagnosis from a risk factor dataset. 

➢ The breast cancer prediction model aids in the diagnosis of breast cancer in women who live 

in areas where mammography device is unavailable or far away. 

1.4.2 The Main Questions of This Study are:   

What is the accuracy of data mining algorithms used currently in the breast cancer prediction 

diagnosis? 

How might data mining techniques be used to identify the risk factors that best characterize data 

for the goal of distinguishing between breast cancer malignant, benign and healthy? 

how can missing feature values of breast cancer risk factors enhance the performance of breast 

cancer prediction? 

How can the developed breast cancer data mining model be tested for classification accuracy? 
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1.5 Research Expected Outcomes 

The expected outcome is the model with the highest possible performance for the prediction of the 

diagnosis of breast cancer and classification of Palestinian women into malignant, benign or healthy 

cases. It allows for predicting advance, in the specific case of breast cancer, and the factors that affect 

the women who suffer from this disease. The objective of the work is to classify the population of 

cancer patients using data mining techniques, hoping to find underlying relationships that cannot be 

identified by a classical statistical treatment. These outcomes will be aided in improved clinical 

decision-making in health care organizations when there is a high inter-individual variation in 

diagnosis. Also, it can help physicians find and validate the risk factors in Palestine, as well as 

enhance clinical decision-making in cases where the prognosis is heterogeneous. 

1.6 Thesis Chapters Descriptions 

This thesis contains six chapters as the follow  

Chapter One: General Introduction: This chapter includes multiple sections such as study 

background, study justification, problem statement, study aim and objectives, ls and expected 

outcomes. 

Chapter Two: Literature Review: This chapter includes a literature review of previous papers about 

the topic work or related to it. 

Chapter Three: Conceptual Framework: contains a diagram for the relevant variables for the 

research and maps out how they might relate to each other. 

Chapter Four: Methodology: This chapter provides a detailed account of our experiment and 

includes the study area and setting, study subjects, study design overview, sample size, data collection 

methods and measurements, data management, analysis plan, study limitations, and ethical 

consideration. 
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Chapter Five: Result: The results and discussion are presented. This chapter includes descriptive 

and visualization of the risk factors reported in datasets. this chapter is considered presenting and 

discusses the results of applying artificial intelligence (AI) tools to datasets.  

Chapter Six: Conclusion and Discussion: The conclusion, recommendations, further work, and 

study limitations are presented.  
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Chapter Two: Literature Review 

2.1  Introduction 

This chapter reviews the literature related to the prediction and classification of breast 

cancer depending on risk factors using data mining predictions from previous research. The 

wide application of data mining in the cancer field helps to improve the accuracy of 

diagnosis, save the life of patients, and reduces treatment costs. In addition, this chapter 

focuses on the knowledge gap in the previous literature, and the conceptual framework of 

the study. 

2.2  Female Breast Anatomy  

The female breast has an extremely complex anatomy. A woman's breasts are mostly made 

up of fat and connective tissue. Lymph nodes, milk ducts, lobules, lobes, and arteries are 

some of the less visible elements of the female breast [15]. A network of tiny tubes connects 

the lobes, lobules, and bulbs (ducts). Milk is transported from the bulbs where it is 

generated to the dark region of skin in the center of the breast by ducts (areola). They unite 

to form larger ducts that end at the nipple, and milk is made available to the baby [16]. 

The blood in arteries and capillaries delivers oxygen, nutrients, and other life-sustaining 

nutrition to breast tissues. The lymphatic system, which consists of a network of veins, 

lymph ducts, and lymph nodes, aids in the battle against infection. The fluid that escapes 

from the capillaries into the lymph nodes under the armpit and behind the breastbone is 

drained through these veins [16][15]. Show in figure 2.1 the anatomy of the female breast. 



10 
 

 

 

Figure 2.1:  Anatomy of the female breast[15]. 

 

2.3   Breast Cancer in the World 

Breast cancer grows when the breast tissue extends abnormally, causing the cells to grow 

more quickly than they should. In breast cancer, two different types of cancer develop: 

benign and malignant. Noncancerous tumors are benign, meaning they do not spread to 

other regions of the body, whereas cancerous tumors are malignant[17]. Benign tumors can 

be prevented from progressing to cancerous tumors with the right treatment, whereas 

malignant tumors cannot [18]. 

Tumors just proliferate and spread throughout the body. As a result, it's critical to spot the 

signs. Type of tumor at an early stage and use precision treatment to prevent it from 

progressing to cancerous tumors [4]. According to the World Health Organization (2020), 

cancer has been responsible for the deaths of millions of people worldwide. Figure 2.2 
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shows the number of female deaths for the year 2020 by type of cancer. According to the 

graph, breast cancer has recorded the highest number of female deaths (WHO). 

 

Figure 2.2: Rate of cancer deaths among females worldwide in 2020 by type of cancer per 100000 

population sources: statista.com 

Also, according to the American Cancer Society[19], roughly one in every 8 women may 

acquire breast cancer over their lifetime.  If the disease is detected sooner and its severity 

is determined, the number of deaths may be decreased. Patients are treated and medicated 

in this way. As a result, it's critical to Identify a model that accurately forecasts the 

condition so that the risk of mortality in women can be lowered with adequate treatment. 
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2.4 Breast cancer in Palestine 

2.4.1 Breast cancer incidents in Palestine  

Breast cancer is the most common cancer with 526 cases reported in 2020; 16.5% of all 

cancer cases show Figure 2.3, with an incidence rate of 19.1 per 100,000 population shown 

in Figure 2.4[3]. 

 

Figure 2.3: Distribution of Percentage of Top Ten Reported Cancers in all population, West Bank,Palestine[3] 

 

Figure 2.4: Incidence Rate of Top Ten Reported Cancers among Females, West Bank, Palestine 2020 [3] 

Among females; breast cancer is the most common as 518 cases were reported in 2020, 

representing 32.0% of all cancer cases among females, with an incidence rate of 38.4 per 

100,000 female population shown in figure 2.5 [3]. 
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Figure 2.5: Incidence Rate of Top Ten Reported Cancers among Females per 100,000 Female populations, 

West Bank, Palestine 2020 

2.4.2 Cancer Mortality in Palestine 2020 

In 2020, the cancer deaths were 14.1% of the total reported deaths with 56.3% of cancer 

deaths among males, and 43.6% among females. 12.9% of all cancer deaths are caused by 

breast cancer shown figure 2.6 [3]. 

 

Figure 2.6: Cancer Mortality in Palestine 2020[3] 

2.4.3 Breast Cancer Stages in Palestine 

In 2020, the distance rate of breast cancer was 17.4% (Stage III and Stage IV) from total 

breast cancer this means metastatic breast cancer has occurred. While the region of breast 
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cancer was 47.3%, shown in Figure 2.7  increases in the distance and regional rate of 

breast cancer cases by type of stages from 2017-2020 [9]. 

 

            Figure 2.7: Percentage of breast cancer cases by stages from 2017-2020 

2.4  Stages of Breast Cancer 

 

There is a three-factor system for categorizing cancer into stages. Tumor size, lymph node 

involvement, and metastasis are all issues to consider. 

The Stages May be Represented as Follows: 

• Early Breast Cancer:  Stage 0:  Carcinoma in situ, or illness that has not infiltrated 

the basement membrane, Stage I: A narrow size distribution tumor with no invasion 

of lymph nodes, and Stage II: Regional lymph node involvement.  

• Locally Advanced Breast Cancer: Stage III: Usually a large tumor with 

considerable nodal involvement in which the node or tumor is anchored to the chest 

wall; also includes inflammatory breast cancer, which progresses quickly. 

• Advanced or Metastatic: Stage IV breast cancer Metastases in organs other than 

the main tumor [20]. 
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2.5  Breast Cancer Risk Factors 

Various factors can lead to developing breast cancer, in this section we reviewed studies 

related to BC risk factors, they are classified as either modifiable (those that can be 

controlled like habits, environmental hazards, etc.) or non-modifiable factors (those that 

cannot be controlled like, gender, family history etc.) 

2.6  Breast Imaging Reporting and Data System (BI-RADS) 

Various classifications are used to categorize breast lesions, and while they are all similar, 

the categorization proposed by the American College of Radiology (BI-RADS) is the most 

widely recognized [21]. Table 1 shows BI-RADS final assessment categories. 

Table 1: BI-RADS final assessment categories 

 

2.7  Data Mining and Machine Learning  

Data mining (DM) is a technique that is used to find useful, hidden, and new patterns of 

knowledge from massive or large databases by a variety of techniques. There are various 



16 
 

 

data mining functions such as prediction, classification, clustering, concept descriptions, 

association rules and, sequence discovery to find useful patterns as shown in Figure 2.8. 

 

Figure 2.8: Types of Data Mining 

 

Data Mining (DM) is an interdisciplinary field that includes database systems, machine 

learning, statistics, visualization, data science, and other disciplines shown in figure 2.9. 

 

 

Figure 2.9: DM component. 
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In addition, data mining methods involve the use of complicated and sophisticated data 

analysis tools in the early detection of cancer. These tools include algorithms ,machine 

learning methods and statistical models [22]. 

 

  2.7.1 Supervised Machine Learning and Classification 

Classification is a supervised Machine Learning technique in which various objects or 

groups are assigned classes. There are two phases to classification: The first phase is model 

construction, which is described as an examination of a database's training records. The 

created model is then used for classification in the second stage. The percentage of 

correctly categorized test samples or records is used to calculate classification accuracy 

[23].  

2.8  Related Works 

Previous studies on BC prediction are covered in this chapter, as well as the DM and ML 

approaches utilized and which method produces the best results, dataset sources, number 

of features, and feature extraction and selection. In previous publications, researchers have 

used various data mining algorithms to predict breast cancer depending on risk factors. 

Alfayez and colleagues (2020) investigated the machine learning approaches to construct 

predictive cancer risk models using scoping review approach. Their research compares the 

performance of several machine learning models. PubMed search was used with the 

following inclusion criteria: (1) asymptomatic adult population of both sexes (2) Any study 

that uses machine learning approaches to develop prediction models for future cancer risk 

in any context and any area of the world. As a result of their research, ten studies with 

significantly different results employed machine learning to predict future cancer risk in 
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asymptomatic people. However, all of these ten studies used the area under the curve 

(AUC) as a measure of model performance, but none of them used model calibration 

measures. In terms of performance, six studies achieved a 'poor' valuation, while four 

studies achieved a 'good' evaluation[24]. 

Can Hou et al.  (2020) aimed to assess and compare the effectiveness of 4 machine learning 

algorithms in predicting breast cancer in Chinese women utilizing ten risk features for 

breast cancer. For model training and testing, they used a dataset of 7127 records from 

breast cancer patients and 7127 records from healthy controls. They calculated specificity, 

AUC, sensitivity, and accuracy as the evaluation of the model performance. The result 

showed the XGBoost (AUC 0.742) outperformed random forest (AUC 0.728) and deep 

neural network (AUC 0.728). The top-ranked variables in the three unique machine 

learning algorithms were the number of live births, main residence, menopause status,  age, 

number of live births  and age at first birth [25]. 

Kehinde Williams et al (2015) aimed to the prediction of BC risks among Nigerian women. 

They used a dataset collected from the Cancer-Registry of LASUTH. The dataset contains 

69 instances of women and 17 attributes. The probability distribution is divided into three 

categories: improbable, likely, and benign. The dataset contains 1 dependent variable and 

16 independent variables. The researcher two distinct classifications for data mining naive 

Bayes and decision trees methods. The performance of each technique was compared to 

choose the best classifier. 48 decision trees were chosen and showed a higher accuracy 

with lower error rates. The results of this study showed that 48 decision trees had higher 

accuracy of 94.2 percent and had accurate and wrong classifications of 65 and 4 

respectively[26].  
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P. Ramachandra and his colleagues (2014) used the Support-Vector machine and K- means 

clustering algorithm to predict cancer patients and healthy. They used data from the Cancer 

registry Chennai. This data consists of 30 attributes and 746 records that were used to train 

the model and a portion that was utilized to test the system's relevance. The results showed 

the accuracy of the model was 99.8% with a mean absolute error of 0.0097 [27]. 

Shajahan et al. (2013) used decision trees to predict BC   and predict the existence of cancer 

using data mining approaches. The data obtained included 699 patient records with ten 

variables and a malignant or benign output class. utilized input cell size, clump thickness, 

shape homogeneity, cell growth, and sample code number additional physical examination 

findings on the use of a supervised learning algorithm yielded the following results:  

showing the random tree method had the highest accuracy (100%) and error rate (0), 

whereas CART had the lowest accuracy of 92.99 percent, while nave bayes' had the highest 

accuracy of 97.42 percent [28]. 

Chang Ming and colleagues used eight generated datasets and two retrospective samples 

to compare the performance of eight different ML techniques. N = 1143 BC patients and 

their healthy female relatives, and N = 2481 Swiss breast cancer patients and cancer-free 

women requesting genetic examination and/or testing. The purpose of their study was to 

compare the accuracy of ML-based estimates against a pair of established methods “the 

Breast Cancer Risk Assessment Tool “(BCRAT) and “Breast and Ovarian Analysis of 

Disease Incidence and Carrier Estimation Algorithm “(BOADICEA) models shown in 

figure 5 the input of BCRAT and BOADICEA.  

for the U.S. population-based sample, predictive accuracy (AU-ROC curve) for ML-

Adaptive Boosting and ML-random forest was 88.28 percent and 88.89 percent, 
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respectively, vs 62.40 percent for BCRAT. For the Swiss clinic-based sample, predictive 

accuracy with ML-adaptive boosting was 90.17 percent and 89.32 percent with ML-

Markov chain Monte Carlo generalized linear mixed model was 89.32 percent versus 59.31 

percent with BOADICEA [29]. 

 

   Figure 2.10 : Attributes to BRCAPRO and BCRA [30]. 

For the effective and accurate classification of benign and malignant mammography 

images, HuaLi and colleagues propose an improved neural network model. Shanxi Medical 

University's mammography images were used to create this dataset. The experimental 

results are analyzed and compared using pre-processed mammogram datasets.  The results 

show that the neural network model has better classification performance than other 

network models when using the 10-fold cross validation method. The model's average 

accuracy is 94.55 percent, which improves the accuracy of mammogram image benign and 

malignant classification. At the same time, it demonstrates that the model is generalizable 

[31]. 

Anwar Alhazmi and his colleagues (2021) aimed to forecast a person's chance of acquiring 

oral cancer based on risk factors, clinic-pathological parameters, and medical history. They 



21 
 

 

developed an artificial inelegance of the neural network model. The researchers used a 

dataset collected from Prince Muhammad bin Nasser Hospital in Saudi Arabia between 

2017 and 2020. The model used a dataset including 29 variables associated with patients. 

The dataset was divided into two parts: a training dataset with 54 cases (75 percent) and a 

testing dataset with 19 cases (25 percent). The results showed that the performance of the 

models was achieved using the ANN algorithm for cancer prediction. The ANN accuracy 

rate for oral cancer was (78.95%), while the sensitivity was 85.71% and specificity 

(60.00%) [32]. 

2.9  The Knowledge Gap in the Previous Literature 

The Knowledge gap in the studies is that the BC dataset contains a limited number of 

patient records datasets to get results closer to accuracy and can be generalized, no dataset 

from cases Palestinian published and no previous studies about the prediction of BC in 

Palestine. Also, In the previous studies feature choices were made on a limited number of 

variables as BC risk factors, resulting in a decline in the number of unknown potential 

variables. Our study used 30 risk factors that used as input in prediction models, which will 

be updated national data set from Palestinian MOH with more new variables.  

The results obtained when carrying out the analyzes, can be summarized in a ranking of 

environmental risk factors, as well as the relationship between them. There were no studies 

that used three classes for cancer prediction; instead, all studies classified cases as healthy 

or malignant, in this study the diagnosis was classified as benign, malignant, or healthy. 
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2.10  A Conceptual Framework 

This chapter presents the factors that are associated with the conceptual framework 

components for prediction breast cancer. These factors can be placed into a number of 

categories. The first is patient Demographic characteristic which identifies woman Age, 

Family history, gender, locality type, BMI and Martial status. Breast characteristics 

describe density of breast and number of mass in breast. Life style and radiation such as 

alcohol consumption, occupation Career, smoking status, previous chemotherapy, previous 

Chest CT-scan, previous chest x-ray, previous Mammogram. Medical history such as 

complain of any chronic diseases, previous Cyst aspiration, previous Heart, previous 

Hypertension, previous Lumpectomy ... etc.  Finally, Reproductive and hormonal factors. 

The conceptual framework for this study can be followed in Figure 2.11. 

The risk factors can categorize to two types depending on whether controlled or not: 

➢ BC Uncontrolled risk factors: 

✓ Demographic factors. 

✓ Medical History. 

✓ Breast characteristic. 

➢ BC Controlled risk factors 

✓ Lifestyle and radiation exposure 

✓ Reproductive and hormonal factors 
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Figure 2.11: A conceptual framework of breast cancer 
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2.11 Summary 

This chapter covered a literature review on BC prediction, how data mining is used widely 

in the medical profession to increase the quality of medical diagnosis while lowering costs, 

the knowledge gap in the prior research, and the study's conceptual framework. 
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Chapter Three: Methodology 

3.1  Introduction 

This chapter focuses on the study methodology, that was used to conduct this study.  It 

includes research design, study settings, sample size, study population, study tools, 

datasets, data collection methods, data management, data analysis, Artificial intelligence 

framework, ethical considerations, and limitations of the study. 

In this study, the study used the Quantitative methodology. The process of prediction and 

classification includes of extracting patterns in the form of rules or functions, from the data 

so that the user can analyze them. This process generally involves data collection, data 

preprocessing, data mining, evaluating and presenting results.  

3.2  Study Design 

A Cross-Sectional retrospective study will be used in this study, which used secondary data 

from the mammography e-Registry of PMOH. The date of incident was obtained from 

2020 and 2021. This work employed experimental design, which is a common 

methodology used to predict breast cancer.  Various data mining procedures will be 

engaged in this study, starting with proper data collecting from the Palestinian MOH 

database, as individual approaches are used in research of this magnitude to study the 

efficacy of the proposed solutions, evaluating experimental and developing models 

effectively and with high performance. The measures of the model performance with 

calculated, sensitivity, specificity, AUC, and accuracy. The methodology of this study was 

represented in Figure 3.1. 
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Figure 3.1: Study Methodology  

3.3  Study Area/Setting 

 In 2013, PNIPH undertook research to assess the effectiveness of the screening program, 

and in collaboration with the Ministry of Health, produced the Mammogram e-Registry. 

The mammogram e-Registry has been designed to keep track of all women who get 

mammography screenings. After that, the patient's information is saved in a centralized 

electronic system. 

The study collected secondary data from the electronic register of mammograms in several 

directorates of the Ministry of Health in the West Bank table 2. The study focused on cases 

registered for the incident date between 2020 and 2021. 
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Table 2: Distribution of hospitals in the areas and hospital types 

NO Moderate Name 

1 Albireh 

2 Al-Ram 

3 Bethlehem Health Directorate 

4 Center of Mammography \Tulkarm 

5 Central Heath Directorate Salfit 

6 General Health Directorate of 

Jericho 

7 Halhul 

8 Hebron Health Directorate 

9 Jenin Main Center 

10 Qalqilya Health Directorate 

11 shohada Yetta Health Center 

12 South Hebron Health Directorate 

13 Tubas Central 

 

3.4 Study Population and Sample Size 

 Study Population consisted of women who presented to the breast screening centers in 

the directorates of the Ministry of Health during the years 2020 and 2021. The study 

population amounted to 4199 women who presented to Screening Breast cancer clinics.  

After ignoring incomplete records and incomplete assessments which were not 

diagnosed. The researcher obtained random sample contains 1794 records; 635 malignant 

breast cancer cases, 570 healthy controls and 589 benign cases.  Breast cancer cases were 

collected from mammography electronic Registry system in MOH Directorate. 

Each record has 30 features (Variables) plus the class attributes. The class is formed as 

healthy, malignant, or benign cases. 

3.5  Study Tools and Data Collection 

In 2013, PNIPH undertook research to assess the effectiveness of the screening program, 

and in collaboration with the Ministry of Health, produced the Mammogram e-Registry. 

The mammography e-Registry has been designed to keep track of all women who get 
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mammography screenings. After that, the patient's information is saved in a centralized 

electronic system. In the study, the dataset obtained from PMOH included all women who 

visited a breast cancer screening clinic in the Palestinian MOH directorates between 2020 

and 2021.The objective of this stage is to obtain the internal data sources that serve as the 

basis for the data mining process. The dataset contains 1794 records with 29 risk factors of 

breast. 

The class distribution is framed as benign, malignant and healthy. As a whole, there are 28 

independent variables and one dependent variable, as shown in Table 3. While the non-

modifiable factors are represented column 4 in table 3 below.   The variables   will be 

Family History of Breast Cancer, Existence of Benign Breast disease, Density, Age at First 

Birth, Age at Menopause, Body Mass Index (BMI), Age at Menace, Endogenous Estrogen 

Levels, Age, Smoking Frequency, Alcohol consumption, Occupational Hazard, Breast 

Feeding, hormone replacement therapy, undergone IVM, Average duration of fasting for 

children, previously used any family planning methods, Type of family planning methods, 

intrauterine device (IUD)-hormonal, duration of an intrauterine device(IUD) hormonal, 

physical activity, complain of any chronic disease.  

Table 3: Variables/ attributes from dataset description 

S/N RISK 

FACTORS 

Type 

variable 

/ modifiable non-

modifiable 

Values 

1 Density of breast  Qualitative 

nominal 

non-

modifiable 

• almost entire fatty 

tissue 

• Scattered fibro 

glandular Density 

• Heterogeneous Dense 

• Extremely Dense 

2 Mass in breast Quantitative 

ratio 

non-modifiable       0-10 

3 Alcohol 

consumption 

Qualitative 

nominal 

modifiable • No  

• yes 
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4 Occupation 

Hazard 

Qualitative 

nominal 

modifiable • No  

• yes 

5 Smoking status Qualitative 

nominal 

modifiable • No 

• yes 

6 Previous 

Chemotherapy 

Qualitative 

nominal 

Non -modifiable • No  

• yes 

7 Previous Chest 

CT scan 

Qualitative 

nominal 

Non -modifiable • No  

• yes 

8 Previous Chest 

x-ray 

Qualitative 

nominal 

Non -modifiable • No  

• yes 

9 Previous 

Mammogram 

Qualitative 

nominal 

modifiable • No  

• yes 

10 complain of any 

chronic diseases 

Qualitative 

nominal 

Non -modifiable • No  

• yes 

11 Previous Cyst 

aspiration 

Qualitative 

nominal 

Non -modifiable • No  

• yes 

12 Previous Heart Qualitative 

nominal 

Non -modifiable • No  

• yes 

13 Previous 

Hypertension 

Qualitative 

nominal 

Non -modifiable • No  

• yes 

14 Previous 

Lumpectomy 

Remove the 

small mass only 

Qualitative 

nominal 

Non -modifiable • No  

• yes 

15 Previous 

Lumpectomy 

Qualitative 

nominal 

Non -modifiable • No  

• yes 

16 Age group Qualitative 

ordinal 

Non -

modifiable 

• 1 = "24-34"  

• 2 = "34-44"  

• 3 = "44-54"  

• 4 = "54-55"  

• 5 = "64-64"  

• 6 = "74-84"  

• 7 = "84-94"  

• 8 = "more than 94"  

17 Family history Qualitative 

nominal 

Non -modifiable • No 

• yes 

18 Locality type Qualitative 

 

nominal 

modifiable • City  

• Village  

• camp  

• Other  

19 Body Mass Index 

(BMI) 

Qualitative 

nominal 

modifiable • 0 = "<=25"  

• 1 = ">25"  

20 Marital status Qualitative 

nominal 

Non -modifiable • single 

• married 

• Widowed, Divorced, 

Separated 

21 Hormonal 

therapy 

Qualitative 

nominal 

modifiable • NO 

• yes 
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22 Duration of BF 

breastfeeding 

Qualitative 

nominal 

modifiable • Less or 6 months  

• More than 6 months 

23 Had used IUD 

hormonal 

Qualitative 

nominal 

modifiable • No 

• yes 

24 Used Birth 

control Implant 

Qualitative 

nominal 

modifiable • NO 

• yes 

25 Used Hormonal 

injection every 3 

months 

Qualitative 

nominal 

modifiable • Yes 

• NO 

26 Used Oral 

contraceptives 

Qualitative 

nominal 

modifiable • Yes 

• NO 

27 Menarche age Qualitative 

nominal 

Non -

modifiable 
• ≤13 years 

• >13 years 

28 Age at first 

Children 

Qualitative 

nominal 

Non -

modifiable 
• <30 years 

• >=30 years 

29 Previous 

Implants 

Qualitative 

nominal 

modifiable • Yes 

• No 

30 BI-RADS Qualitative 

nominal 

 • BI-RADS 0 

• BI-RADS 1 

• BI-RADS 2 

• BI-RADS 3 

• BI-RADS 4 

• BI-RADS 5 

• BI-RADS 6 

31 Breast Cancer 

diagnosis 

Qualitative 

nominal 

Class  • Healthy 

• Benign 

• malignant 

 

3.6 Data Management and Analysis Framework: Data Mining 

Framework 

After collecting the dataset from PMOH and extracting data from it, various data mining 

procedures were engaged in the ML algorithms described in this study, starting with proper 

data collecting from the Palestinian MOH database, as individual approaches are used in 

research of this magnitude to study the efficacy of the proposed solutions, evaluating 

experimental and developing models effectively and with high performance. The measures 

of the model performance were calculated, sensitivity, specificity, AUC, and accuracy. The 

proposed framework of this study is shown in Figure 3.2. 
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Figure 3.2: Study framework   

  3.6.1 Data Preprocessing 

The objective of this stage is to obtain clean data, that is, data without null or anomalous 

values that allow obtaining quality standards.  we will consider the relevance of certain 

attributes for the research. The collected dataset will need to be processed, altered, 

excluded, and other steps before it is entered into a machine learning technology, as the 

processing process will affect the nature and accuracy of the result. 

 3.6.1.1 Data Cleaning 

In data mining, there must be a high quality of data before starting to build a model. Data 

quality problems can occur in any information system. Therefore, data cleaning can help 

solve these issues. To obtain high-quality and suitable data and Principal-Component 
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Analysis (PCA) were used in the data cleaning process. This improves the accuracy of the 

final data analysis [33]. In this study, the researcher used data cleaning to correct and 

remove data from a dataset for a variety of reasons, including irrelevant observations, 

incorrect, duplicate, outliers, incorrectly formatted corrupted, or incomplete data within the 

dataset. The data cleaning process is as follows: 

• Remove duplicate or irrelevant data 

• Structural bug fixes 

• Filter out unwanted outliers 

• Lost data processing 

Following the data cleaning process, we estimate that the data set contained 4199 records, 

which has been reduced to 1794 complete records. the low of number record due to 

incomplete diagnosis of number of patients record. Also, the total number of variables was 

reduced from 70 to 30 variables due to \missing values for multiple variables at the same 

of record. 

   3.6.1.1.1 Principal Component Analysis (PCA) 

Principal Component Analysis (PCA) is one of the most commonly used unsupervised 

machine learning algorithms across a variety of applications: exploratory data analysis, 

dimensionality reduction, information compression and data de-noising. 

Principal Component Analysis (PCA) is a dimension reduction technique that reduces a 

big collection of variables to a small set that includes the majority of the information from 

the larger set [34]. PCA depends on a mathematical approach that applies an orthogonal 

transformation to reduce a large number of correlated variables into a smaller number of 
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uncorrelated linear variables called principal components [35]. After applying PCA, the 

dataset is reduced to 20 principal components from the previous 30 attributes which 

represent each observation. 

   3.6.1.2 Data Transformation 

Data transformation is a method of converting raw data into a format that makes data 

mining and retrieving relevant data much easier. To transform the data into the appropriate 

form.  In this step, the data is transformed as per the requirement of the model.  Here are 

different data transformation techniques that can be used. The researcher used 

Standardization (Normalization) transform the data. Normalization “is a data preparation 

technique that is frequently used in machine learning. The process of transforming the 

columns in a dataset to the same scale is referred to as normalization. Every dataset does 

not need to be normalized for machine learning. It is only required when the ranges of 

characteristics are different”. The goal of Standardization is to put different features on 

the same scale. This concept allows comparing scores between different types of variables. 

The following equation presents the data standardization: 

Z = 
𝑥 − min⁡(𝑥)

max(𝑥) − min⁡(𝑥)
 

 3.1 

         

 

 

Where x is the data. In this study, the dataset normalized all variables except the class 

variable because of the range between 0 and 1. 
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   3.6.1.3 Feature Selection 

There are many factors or variables, which can be considered major or minor from a 

medical perspective. we also need to apply feature selection using statistical models, 

because the most practical data will be prioritized and the rest of the variables will be 

compared in terms of inclusion and weight, or significance value. Data might include a lot 

of features, some of which aren't always useful in getting results. The researcher in our 

study identified the most essential features that influence the goal variable (BC diagnosis). 

Because there are extraneous features that may degrade the performance of the models by 

training them on irrelevant attributes, getting the intended output is critical. There are 

numerous feature selection techniques available, but the filter feature selection tool from 

the Azure was employed in this investigation. This tool used a variety of methods, 

including chi-square, Pearson, Fisher and Spearman to choose features, as shown in the 

table below. Table 4 shows the order of attributes by the method. 

Table 4: The attributes of the method 

Id Chi-Squared Pearson 

Correlation 

Spearman Correlation Fisher Score 

1 Mass Mass Mass Mass 

2 Density density density density 

3 

Alcohol 

consumption 

Alcohol 

consumption 

Alcohol consumption 
Alcohol consumption 

4 

Had used IUD 

hormonal 

Had used IUD 

hormonal 

Had used IUD 

hormonal 

Had used IUD 

hormonal 

5 
age group 

Previous Chest 

x-ray 

Previous Chest x-ray 
age group 

6 

Previous Chest x-

ray 
age at first child 

age at first child 
Previous Chest x-ray 

7 
age at first child 

 family history 

of the disease 

 family history of the 

disease 
age at first child 

8 

 family history of 

the disease 

Lumpectomy 

Remove the 

small mass only 

Lumpectomy Remove 

the small mass only 
 family history of the 

disease 

9 

Lumpectomy 

Remove the small 

mass only 

Previous Heart 

Previous Heart 
Lumpectomy Remove 

the small mass only 
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10 

Previous Chest 

CT scan 

Previous Chest 

CT scan 

Previous Chest CT scan Previous Chest CT 

scan 

11 
Previous Heart 

Previous 

Mammogram 

Previous Mammogram 
Previous Heart 

12 BMI GROUP BMI GROUP BMI GROUP BMI GROUP 

13 

Previous 

Lumpectomy 

Previous 

Smoking status 

age group Previous 

Lumpectomy 

14 

Occupational 

hazard 

Occupational 

hazard 

Previous Smoking 

status 
Occupational hazard 

15 

Previous Smoking 

status 
age group 

Occupational hazard Previous Smoking 

status 

16 

Previous 

Mammogram 

Used Birth 

control Implant 

Used Birth control 

Implant 

Previous 

Mammogram 

17 
Type of locality 

Previous 

Lumpectomy 

Previous Implants Previous complain of 

any chronic diseases 

18 

Previous complain 

of any chronic 

diseases 

Previous 

Implants 

Previous Lumpectomy 
Previous 

Hypertension 

19 

Previous 

Hypertension 

Previous 

complain of any 

chronic diseases 

Previous complain of 

any chronic diseases 
MM_PRFRChem4ap

y 

20 

Previous 

Chemotherapy 

Had used 

Hormonal 

injection every 3 

months 

Had used Hormonal 

injection every 3 

months 

Used Birth control 

Implant 

21 

Used Birth control 

Implant 
 

Previous Cyst aspiration 
Marital Status 

22 Previous Implants  Previous Hypertension Previous Implants 

23 

Marital Status  

Marital Status Had used Hormonal 

injection every 3 

months 

24 

Had used 

Hormonal 

injection every 3 

months 

 

Type of locality 

Previous Hormonal 

therapy 

25 
  

Duration of BF breast 

feeding 

Previous Hormonal 

therapy 

26 

Previous 

Hormonal therapy 
 

Previous Hormonal 

therapy 

Duration of BF breast 

feeding 

27 

Duration of BF 

breast feeding 
 

Previous Hormonal 

therapy 

Previous Cyst 

aspiration 

28 

Previous Cyst 

aspiration 
 

Had used Oral 

contraceptives 
Type of locality 

29 Menarche age  Menarche age Menarche age 

30 

Had used Oral 

contraceptives 
 

MM_PRFRChem4apy Had used Oral 

contraceptives Had 

used Oral 

contraceptives 

. 
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However, to identify critical features as risk factors for prediction breast cancer expert 

physician was consulted. The expert is Dr. Abla Fawaz Al-fari specializes in breast cancer 

She works in the Palestinian Ministry of Health in the Jenin Department. 

The order of risk factors according to the doctor’s opinion was arranged in the following 

table. 

Table 5: Expert opinion on risk factors for breast cancer 

Id feature 

1 History of personal breast cancer 

2 Age  

3 Genetic BRCA1/BRCA2 

4 Marital status 

5 A family member had cancer 

6 Menarche early 

7 First child (35-40) 

8 Density 

9 Occupation Hazard 

10 Radiation X-ray CT 

11 Hormones therapy 

12 Oral contraption 

13 implants 

14 Obesity BMI 

15 Alcohol  

16 Chronic disease 

   

We conclude that used feature selection in addition of   PCA increase the performance of the 

models. 

3.6.2 Data Partitioning 

There are several ways to partition data for experimentation in machine learning. 

Training/test partitioning and cross-validation are two of the most common approaches.  

Data is typically partitioned into a training set and a test set in a specific ratio during  

training/test partitioning [36]. In the study, 70% of the data was used as the training set, 

while 30% of the data was used as the test set. This data partitioning was done either at 
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random or in a predetermined order. The first 70% of the data set's instances are assigned 

to the training set, while the rest are assigned to the test set. The instances were randomly 

assigned to training and test sets. Cross-validation is the process of testing a model against 

data that it hasn't been trained to estimate out-of-sample error. It is accomplished by first 

dividing data into folds. The data was divided into five folds for the study. After that we 

trained a model on the first- four folds and tested it on the fifth fold in the first iteration. 

The study was then trained on fold 3,4,5 and tested on fold 1 in the second iteration. After 

that, alternate which fold is the test fold until all of the folds are test folds (i.e. we train and 

test 5 times in total). Finally, we calculate the average performance of the models and 

compare them to each other shown Figure 3.3. 

Cross-validation is regarded as an effective measure of an algorithm's learnability, or the 

degree to which the algorithm is capable of learning a high-quality model from supplied 

training data. This allows for the proper use of relevant learning algorithms to produce 

predictive models based on existing data  

 

Figure 3.3:  5-fold cross-validation 
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  3.6.3 Building Models Phase 

The objective of the data mining stage is the search and discovery of unsuspected and 

hidden patterns by applying discovery tasks such as classification and prediction.  Different 

data mining models were applied such as neural networks, Decision Tree (DT), Support-

Vector Machine (SVM), and Decision forest. The final model is a classification of cancer 

into malignant, benign, and healthy cases. 

  3.6.3.1 Artificial Neural Network Multiclass Classifier 

Artificial neural networks are types of neural networks (NNs) that are used in deep learning 

techniques. Their name and structure are inspired by the human brain, and they function 

similarly to organic neurons. It is comprised of a large number of simple, well-connected 

processing elements [37].  NNs contain a node layer containing an output layer, an input 

layer and, one or more hidden layers. Each node, or artificial neuron, is linked to the others 

and has its threshold and weight. If a node's output exceeds a certain threshold value, the 

node is activated, and data is sent to the next layer of the network. Aside from that, no data 

is sent on to the next layer of the network Figure 3.4 describes  the Neural network [38]. 

 

Figure 3.4: Neural network structure    
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So, every node has its linear regression model, which includes weights, input 

data, threshold (or a bias), and an out. The formula would look something like this: 

NNs have two stages: the first stage is feed forward. In this stage, the output is predicted 

and it calculates the error then sent the error back to the backward prorogation stage. The 

second stage is backward propagation, through this stage; the error is propagated back 

through the network to modify the values of the weights and to make reduce the error value 

in the output layer. We can explain how NN works clearly through these main steps: 

1. Input Data: In the first step we enter the training data for which we already know the correct 

output, after which it is processed through the hidden layers of the neural network. 

2. Data processing by neurons (weights): At first, the input values are multiplied by the 

weights, according to this equation: 

⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡𝑌𝑖𝑗 = 𝑓 (∑𝑋𝑖 ∗ ⁡𝑤𝑖𝑗

𝑛

𝑖=1

⁡) ⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡3.2 

Where⁡⁡⁡𝑤𝑖𝑗⁡: is the connection weight between the ith node in the input layer and the jth   

node in the hidden layer, and⁡𝑥𝑖: is the ith input, and f is the activation function. It is worth 

noting that in each cell the layer is connected to all the cells in the next layer. The activation 

function f calculated as in the following equation: 

⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡𝑌𝑗 =
1

1+𝑒−𝑦
⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡ 3.3 

Where Xk is the input to the next layer’ node. 

3. Repeat the process with the other hidden layers: These operations are repeated with the 

other layers in the NNs until the last layer, which is the output layer. 

4. Determine the output of the NN: The output values are ultimately determined by the type 

and function of the NNs, so we get the results and compare them with the real output. 
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5. Calculate the error: To break the process of training, there is a certain threshold θ is set 

depending on the error of the NN which represents the difference between the desired and actual 

output. The error is calculated using the following equation: 

⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡𝐸 =
1

2
∑(𝑦𝑑 − 𝑦𝑗)

2

𝑛

𝑖

⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡3.4 

Where yd is desired output, yj is the actual output. So, by comparing the output with the results we 

already know.  

6. Modify the weights to obtain more accurate results using the following equation: 

⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡𝑤𝑗𝑘 =⁡𝑤𝑗𝑘 +⁡∆𝑤𝑗𝑘⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡3.5 

∆𝑤𝑗+1 = 𝛼. 𝐸. 𝑥𝑖 

𝛼 is the learning rate, which is a constant value between 0.01 to 1.  The back-propagation 

algorithm repeats until the error on the output node is minimize 

   3.6.3.2 Random Forest 

Random Forests (DF) is a supervised machine learning algorithm used for regression, 

classification, and other tasks that works by training a large number of decision trees. For 

classification tasks, the random forest's output is the class chosen by the majority of trees. 

The mean or average prediction of the individual trees is returned for regression tasks. 

Random Forests address the problem of decision trees overfitting their training set. 

Random forests outperform decision trees in most cases. However, data characteristics can 

influence how well they perform shown in Figure 3.5 the DF diagram [39].  
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Figure 3.5: Random Forest 

 

   3.6.3.3 Multiclass Logistic Regression Classifier 

In machine learning, logistic regression is a classification method. The dependent variable 

is represented by a logistic function. The dependent variable is dichotomous, which means 

that only two classes are conceivable. the observation can be categorized into one of two 

or one of many classes.  

The purpose of binary logistic regression is to train a classifier that can determine the class 

of a new input observation using a binary choice.  To compute p(yk = 1jx), the multinomial 

logistic classifier employs a generalization of the sigmoid . The sigmoid function transfers 

a vector of K arbitrary values z = [z1;z2;:::;zK] to a probability distribution, with each 

value in the range (0,1) and all values adding up to 1. It's an exponential function, like the 

sigmoid shown in figure 3.6 [40]. 
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Figure 3.6: Logistic Sigmoid Function 

 

3.6.3.4 Support Vector Machine Classifier 

The "Support Vector Machine" (SVM) is a supervised machine learning technique that can 

solve classification and regression problems. however, mostly employed to solve 

classification issues. Each data item is plotted as a point in n-dimensional space (n 

meaning number of features in the dataset), also with the value of each feature becoming a 

value of a certain coordinate in the SVM algorithm. Then we accomplish classification by 

locating the hyper-plane that clearly distinguishes the two classes [41]. 

 

Figure 3.7: SVM hyper-plane 
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 Supporting vectors are the data points closest to the hyper-plane and are the points that, if 

removed from the data set, will change the location of the hyper-plane that divides the data. 

So, these points can be considered the important elements in the data set. So, we want the 

points to be as far from the hyper-plane as possible keeping in mind that they stay on the 

right side of the dividing line. So, when we add new data to test it will be categorized based 

on which side it is on for the hyper-plane. The distance between the hyper-plane and the 

nearest point of any data set is known as the margin. The goal is to choose a hyper-plane 

with the largest margin between it and any point in the training data set, increasing the 

likelihood that any new data will be correctly classified. Figure (3.4-4) shows the margin, 

which is the distance between the hyperplane and its nearest points.  

To understand hyper-plane equations and how to create them, given the training dataset:  

                          (x1,y1), …, (xn,yn), xiϵ Rd and yi ϵ (-1,1)                                           3.6                                                  

Where Xi is the symbol of the feature vector and Yi is the class label (1 or 0) of training 

compound i. Hence, to express the optimum hyperplane equation: 

                                                 wxT+ b =0                                                                  3.7                                                                      

Where W is the weight vector, X is the feature vector and b is the bias. 

The objective of the training dataset on SVM is to determine the suitable b and w to 

separate the data with optimum hyperplane and the max-margin distance [42]. SVM The 

Precision, works well on small and refined data sets. In contrast, SVM is not suitable for 

large datasets [43].  
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3.6.3.5 Boosted Decision Trees 

Boosted decision trees are algorithms for improving a model's predictive value by 

iteratively improving its predictive value. The values mean weights, the coefficients, 

or biases. It is applied to each of the input features used to predict the output value. The 

output is adjusted in each iteration of the decision tree. The algorithms measure of the 

difference between the actual target and predicted values [44]. 

3.6.4 Models Evaluation 

The performance of the model was tested using many criteria after machine learning 

algorithms implemented various strategies. The goal of evaluation is to have a better 

knowledge of the patterns by interpreting the data. The technique is accuracy, sensitivity, 

and specificity, which are concluded by the confusion matrix. 
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   Predicted Class 

Positive  negative 

Positive 

(malignant or benign) 
True Positive 

436 

False 

Negative 

9 

Negative 

(Healthy) 

False Positive 

34 

True Negative 

378 

 

Figure 3.8: Confusion matrix 

The measures used to evaluate classification techniques are as follows: 

3.6.4.1 Accuracy  

The model's accuracy is defined as the proportion of correct predictions to total predictions. 

The accuracy formula is given in: 
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Accuracy = 𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + ⁡𝑇𝑁 + ⁡𝐹𝑃 + ⁡𝐹𝑁
 

 3.8 

         

Table 6:  Terms used to utilize Performance [45]. 

 

The abbreviations of terms are: 

• Positive (P): Observation is positive (positive cancer diagnosed or cancer). 

• Negative (N): Observation is not positive or negative (for example: negative cancer 

diagnosed or healthy). 

• True Positive (TP): Observation is positive, and is predicted to be positive. 

• False Negative (FN): Observation is positive, but is predicted negative. 

• True Negative (TN): Observation is negative, and is predicted to be negative. 

• False Positive (FP): Observation is negative, but is predicted positive. 

3.6.4.2 Sensitivity 

 Sensitivity known as the True Positive Rate, is the proportion of positive classes correctly 

classified as positive in comparison to all positive classes in the data. The formula in 

Equation 3.2 is used to calculate sensitivity: 

Sensitivity 

= 

𝑛𝑢𝑚𝑏𝑒𝑟⁡𝑜𝑓⁡𝑡𝑟𝑢𝑒⁡𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑛𝑢𝑚𝑏𝑒𝑟⁡𝑜𝑓⁡𝑡𝑟𝑢𝑒⁡𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝑛𝑢𝑚𝑏𝑒𝑟⁡𝑜𝑓⁡𝑓𝑎𝑙𝑠𝑒⁡𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠
 

 3.9 

    

= 
𝑛𝑢𝑚𝑏𝑒𝑟⁡𝑜𝑓⁡𝑡𝑟𝑢𝑒⁡𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑡𝑜𝑡𝑎𝑙⁡𝑛𝑢𝑚𝑏𝑒𝑟⁡𝑜𝑓⁡𝑠𝑖𝑐𝑘⁡𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙⁡𝑖𝑛⁡𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛
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(𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦⁡𝑜𝑓⁡𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒⁡⁡𝑡𝑒𝑠𝑡⁡𝑔𝑖𝑣𝑒𝑛⁡𝑡ℎ𝑎𝑡⁡𝑡ℎ𝑒⁡𝑝𝑎𝑡𝑖𝑒𝑛𝑡⁡ℎ𝑎𝑠⁡𝑑𝑖𝑠𝑒𝑎𝑠𝑒⁡)  

3.6.4.3 Specificity 

Specificity known as the False Positive Rate is the ratio of the negative classes that are 

wrongly classified as positive concerning all the negative classes in the data. Specificity is 

calculated with the formula given in Equation below[45]: 

 

Sensitivity 

= 

𝑛𝑢𝑚𝑏𝑒𝑟⁡𝑜𝑓⁡𝑡𝑟𝑢𝑒⁡𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠

𝑛𝑢𝑚𝑏𝑒𝑟⁡𝑜𝑓⁡𝑡𝑟𝑢𝑒⁡𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠 + 𝑛𝑢𝑚𝑏𝑒𝑟⁡𝑜𝑓⁡𝑓𝑎𝑙𝑠𝑒⁡𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠
 

 3.10 

    

= 

𝑛𝑢𝑚𝑏𝑒𝑟⁡𝑜𝑓⁡𝑡𝑟𝑢𝑒⁡𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠

𝑡𝑜𝑡𝑎𝑙⁡𝑛𝑢𝑚𝑏𝑒𝑟⁡𝑜𝑓⁡𝑤𝑒𝑙𝑙⁡𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙𝑠⁡𝑖𝑛⁡𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛
 

 

 

 

 

  

(𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦⁡𝑜𝑓⁡𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒⁡⁡𝑡𝑒𝑠𝑡⁡𝑔𝑖𝑣𝑒𝑛⁡𝑡ℎ𝑎𝑡⁡𝑡ℎ𝑒⁡𝑝𝑎𝑡𝑖𝑒𝑛𝑡⁡𝑖𝑠⁡𝑤𝑒𝑙𝑙⁡)  

 

3.6.4.4 Precision 

Precision is the total number of correctly classified positive samples divided by the total 

number of actual positive samples. 

 

Precision= 
𝑇𝑃

(𝑇𝑃 + 𝐹𝑃)
 

                       3.11 
 

3.6.4.5 Recall 

The recall is the ratio of the total number of correctly classified positive samples divided 

by the predicted total number of positive samples. 

Recall = 𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

3.12 
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3.6.4.6 F-score 

The F1 score is the harmonic mean of precision and recall. It can be used as a single 

measure of performance of the test for the positive class.  F1 score can be defined as the 

harmonic mean of recall and precision. It is used as a single indicator of test performance 

for the positive class. F1 score  calculated based on the following Equation:[46]  

 

F1 Score= 
2 ∗

Precision ∗ Recall

Precision + Recall
 

 

                           3.13 

 

3.6.4.7 Area Under Curve (AUC) 

AUC is the measure of the ability of a classifier to distinguish between classes and is used 

as a summary of the ROC curve.  The AUC indicates how well the model distinguishes 

between positive and negative classes. The greater the AUC, the better model. So, plots the 

true positive rate (Sensitivity) against the false positive rate (100-Specificity) as its 

discrimination threshold is varied. All the points on the ROC curve can be regarded as a 

sensitivity/specificity pair corresponding to a particular decision threshold. 

3.7  Ethical Consideration 

Written approval was obtained from the Arab American University to conduct the study 

shown in Appendix 1.  After that Approval was obtained from the Ministry of Health to 

get the risk factors dataset of breast cancer from the MOH database shown in Appendix 2. 

3.8 Limitation Of The Study  

The study has several limitations. First, because the dataset was derived using an 

observational study approach, selection bias cannot be ignored. Deriving the dataset from 

a big cohort study with enough breast cancer patients would be a preferable option. 
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However, given the high frequency of breast cancer, utilizing such a dataset would result 

in unbalanced classes, which would need the use of statistical approaches. Second, owing 

to the dataset's restrictions, only 20 breast cancer risk variables were selected to develop 

the model, and certain crucial risk factors such as a history of other breast illnesses were 

left out, which might have altered the models' performance. Furthermore, because our 

machine learning models were trained on cases and nonaccess in the West Bank, they may 

not be applicable elsewhere such as in Jerusalem and Gaza. Third There is no integration 

between the mammography electronic Registry system and his system or cancer system so 

can’t, so inability to acquire medical tests and link risk variables to the patient's medical 

examinations to predict disease. Fourth Many attributes were reused some values were lost 

during the data entering procedure in the health directorates. Fifth Full medical information 

about the results of biopsy or Fine-needle aspiration tests is not recorded in the tissue 

department and therefore maybe it is difficult to use this feature in our study, which leads 

us to be satisfied with predicting cancer by risk factors attributes. 

In addition, the mammogram images were not used for patient privacy, as the patient's ID 

number is on the mammogram images and it is not possible to remove it from the 

mammography company. In addition to the scarcity of full-time doctors to evaluate and 

diagnose mammogram images. 

3.9 Summary 

This chapter discussed the study's settings, population and sample size, data management 

and ML Framework, feature selection, study methods, data collection techniques, data 

management and analysis framework, machine learning models’ ethical issues, and study 

limitations 
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Chapter Four: Results and Discussion 

4.1  Introduction 

The results of the various analytic techniques conducted on the BC dataset are presented 

in this chapter. This study used descriptive analysis and data mining techniques. In 

addition, the results of the ML algorithms were presented and discussed. 

The results obtained with data mining techniques explore data, make sense of it, into 

knowledge to interpret a phenomenon and make decisions according to the needs. 

4.2  Descriptive Statistics and Visualization 

In this section, descriptive dataset analysis and visualization were implemented Using 

SPSS version-20. The study analysis all variables to summarize the frequency and 

percentage for each variable. Table 7 shows the frequency of benign, malignant, and 

control cases for each risk factor.  The analysis of data was applied to balanced dataset. It 

contains 570 out of 1794 (31.8%) Healthy cases, 589(32%) benign and 635(35%) 

malignant (table 7 and figure 4.1). 

Table 7: the frequency of benign, malignant, and control cases. 

 Frequency Percent Cumulative Percent 

Valid 

healthy 570 31.8 31.8 

benign 589 32.8 64.6 

malignant 635 35.4 100.0 

Total 1794 100.0  

 

. 



50 
 

 

 
Figure 4.1: Classification of cases by diagnosis (BIRADS) 

 

4.2.1 Sociodemographic Characteristics 

 

The study found 63.27% cases from the villages, 31.22% the from cities, 5.24% from 

camps, 1 (and (0.28%) from another locality show Figure 4.2.  

 

Figure 4.2:  Distribution of cases across the type of locality. 

 

Overall, 556 malignant cases were of married women, while 75 malignant cases were of 

widows, separated, and divorced women. As the study found 509 benign cases were of 

married women, while 80 benign cases were of widows, separated and divorced women 

shown in figure 4.3. 
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Figure 4.3:  Distribution of cases across the type of marital status. 

 

The study included women aged 24 to more than 94, these ages were divided into groups, 

each and group containing 10 ages. In this study, the highest age-group frequency for 

women who underwent cancer screening in 2021 and 2020 were 44-54, 54-64, and 44-43, 

respective shown in figure 4.4. 

 

 
Figure 4.4: age group of the study 
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During 2020-2021, the median age at the time of breast cancer diagnosis of women in the 

study was 51.3 years. This means that half of the Palestinian women have malignant breast 

cancer are below of 51.3 years. Show figure 4.5 the age distribution depending on diagnosis 

cases. 

 
Figure 4.5: age of women in study dataset. 

In the study, malignant breast cancer is concentrated in the ages ranging from 44-54, where 

there was 299 out 6 of 35 malignant cases, while there are 147 out 635 in  the age group 

54-64 years. Also, benign breast cancer is concentrated in the ages ranging from 44-54 

where there were 186 malignant cases, while there are 147 in the age group 54-64 years. 

Therefore, the highest incidence of malignant cancer was in the age group 44-54 then 54-

64 years show in figure 4.6. 
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Figure 4.6: the women’s age distribution on the diagnosis. 

 

There are 493 patients with malignant breast cancer who were age is >= 30 at the time of 

their first birth, 419 with benign breast cancer, and 376 with a healthy diagnosis. There 

were 142 malignant cases, 170 benign cases, and 194 benign cases among women under 

the age of 30 figure 4.7. This is confirmed by previous studies that the younger a woman 

is when she begins childbearing, the lower risk of breast cancer [47].. 

 

Figure 4.7: First birth of women 
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4.2.2 Density of Breast  

The density is one Factor of BC, the study analyzed the density as shown in Figure 4.8. 

There are 95 cases of heterogeneous dense and 18 cases of extremely dense from malignant 

cases. While 34 cases of heterogeneous dense and 2 cases of extremely dense from benign 

cases. Also, 10   cases of heterogeneous dense and 0 cases of extremely dense from healthy 

cases shown in Figure 4.8. This confirmed study that high density increases the incidents 

of BC [48]. 

 

Figure 4.8: result of density breast cancer 

4.2.3 Menarche Age 

Previous studies confirmed that early menarche is known to increase women's risk of 

developing breast cancer. Early age at menarche is associated with a 4% per-year increase 

in the relative risk of breast cancer[49]. In our study, 60 percent of malignant breast cancer 

patients had a menstrual age of fewer than 13 years, while 39.69 percent had a menstrual 

age of more than 13 years shown in figure 4.9. 
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Figure 4.9: Menarche age of malignant cases 

 

Especially among women of childbearing age, masses are extremely common. Over 25% 

of all women will develop breast disease at some point in their lives, and the massive 

majority of cases will display as a new breast mass in primary care [14]. In the study that 

202 malignant cases contain one mass, 34 cases contain two masses, 10 cases contain three 

masses, 6 cases contain four masses, and five cases contain 5 masses. While 36 benign 

cases contain one mass and 6 cases contain two masses. However, there are no masses in 

healthy cases shown in Figure 4.10 number of masses in benign and malignant. 

 

Figure 4.10: Mass of breast 
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4.2.4 Occupational Hazard 

 

In the study, occupations were divided based on occupational factors and the risks arising 

from work Based on a previous study evaluating occupations according to exposure to 

radiation, pesticides, or others. Occupations are divided into occupations with risk factors 

and occupations with no risk factors. The study found that those who worked in professions 

with risk factors were more likely to develop malignant breast cancer [50]. In the study, 

107 cases of malignant breast cancer and 9 cases of benign breast cancer in people who 

worked in professions with risk factors show Figure 4.11 

 
Figure 4.11: Occupational hazard 

 

4.2.5 BMI Risk Factors 

When looking at the link between breast cancer and weight, most current  research employ 

BMI [14][10]. However, it is possible to have a normal BMI and a high amount of body 

fat. Women with excess body fat, even if their BMI is acceptable, have an increased risk 

of breast cancer, according to new research. A BMI of less than 18.5 is underweight. 

Between 18.5 and 24.9, you fall into the normal range for your BMI for your height. A 



57 
 

 

BMI above 25 is considered overweight, and over 30 is considered obese. In the study, 

BMI was divided into more than 25 to be considered overweight and less than 25   no 

obesity or overweight. the result was 547 BC malignant and 542 BC benign that BMI over 

25 shown in figure 4.12 

 
Figure 4.12: BMI risk factor 

 

4.2.6 Previous Using Mammogram 

The study showed that there are 240 (13.3%) malignant cases and the mammogram was 

used previously. While 201 (11.2%) of the data set were benign cases show figure 4.13. 

 

Figure 4.13: Previous mammograms 
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4.2.7 Family history 

The study shown that 265 cases malignant breast cancer history. While 220 cases benign 

had breast cancer family history shown Figure 4.14. 

 

 
Figure 4.14: Family had history 

4.2.8 Other Risk Factors 

There are other risk factors such as oral contraceptive use. Figure 4.15 shows that there is 

approximately the same percentage for diagnosis and use of oral contraceptives. 

 

 

Figure 4.15: oral contraceptives risk factor 
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On another side, the data analysis for all variables (30 feature risk factors) table 6 show 

Frequencies distribution of 30 risk factors among malignant and benign cases and controls. 

Also, the correlation between the dependent variables (diagnosis) and the independent 

variables (risk factors). Table 8 shows the frequencies distribution of 30 risk factors among 

malignant and benign cases and controls. 

 

Table 8: Frequencies distribution of 30 risk factors among malignant and benign cases and 

controls. 

 

 

Diagnosis  

healthy benign malignant 

Count Column 

N % 

Count Count Colum

n N % 

Count 

Hormonal therapy 
No 96.3% 559 549 96.3% 559 96.1% 

Yes 3.7% 30 21 3.7% 30 3.9% 

Duration of breastfeeding 
Less  or 6 months 9.8% 71 56 9.8% 71 10.6% 

More than 6 months 90.2% 518 514 90.2% 518 89.4% 

Density 

almost entire fatty tissue 21.2% 123 121 21.2% 123 10.4% 

Scattered fibro glandular Density 77.0% 430 439 77.0% 430 71.8% 

Heterogeneous Dense 1.8% 34 10 1.8% 34 15.0% 

Extremely Dense  2   2 2.8% 

Have family members had 

cancer 

No 70.5% 369 402 70.5% 369 58.3% 

Yes 29.5% 220 168 29.5% 220 41.7% 

Marital Status 

Single 0.5%  3 0.5%  0.2% 

married 88.4% 509 504 88.4% 509 88.0% 

Widowed-Separated-Divorced 11.1% 80 63 11.1% 80 11.8% 

Occupational hazard 
Not Working 87.5% 486 499 87.5% 486 83.1% 

Working 12.5% 103 71 12.5% 103 16.9% 

Type of locality 

City 31.9% 174 182 31.9% 174 32.1% 

Village 63.5% 386 362 63.5% 386 60.9% 

Camp 4.2% 28 24 4.2% 28 6.6% 

other 0.4% 1 2 0.4% 1 0.3% 

Smoking status 
Non smoker 83.0% 486 473 83.0% 486 87.2% 

smoker 17.0% 103 97 17.0% 103 12.8% 

No 63.3% 336 361 63.3% 336 59.7% 
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Complain of any chronic 

diseases 
Yes 36.7% 253 209 36.7% 253 40.3% 

    used IUD hormonal 
No 69.1% 346 394 69.1% 346 49.3% 

Yes 30.9% 243 176 30.9% 243 50.7% 

 Had used Birth control 

Implant 

No 100.0% 588 570 100.0% 588 99.5% 

Yes  1   1 0.5% 

GOHRhadusedHormonalinject

ionevery3months 

No 98.4% 584 561 98.4% 584 99.1% 

Yes 1.6% 5 9 1.6% 5 0.9% 

Had used Oral contraceptives 
No 96.8% 568 552 96.8% 568 96.7% 

Yes 3.2% 21 18 3.2% 21 3.3% 

mass 

0 100.0% 543 570 100.0% 543 59.4% 

1  36   36 31.8% 

2  6   6 5.4% 

3  3   3 1.6% 

4  1   1 0.9% 

5      0.8% 

10      0.2% 

Alcohol consumption 
No 71.1% 494 405 71.1% 494 90.6% 

Yes 9.4% 95 60 9.4% 95 28.9% 

Previous Chemotherapy 
No 94.9% 545 541 94.9% 545 94.6% 

Yes 5.1% 44 29 5.1% 44 5.4% 

Previous Chest CT scan 
No 96.8% 536 552 96.8% 536 92.6% 

Yes 3.2% 53 18 3.2% 53 7.4% 

Previous Chest x-ray 
No 74.4% 396 424 74.4% 396 61.9% 

Yes 25.6% 193 146 25.6% 193 38.1% 

Previous Cyst aspiration 
No 99.3% 586 566 99.3% 586 99.7% 

Yes 0.7% 3 4 0.7% 3 0.3% 

Previous Heart 
No 98.6% 568 562 98.6% 568 94.3% 

Yes 1.4% 21 8 1.4% 21 5.7% 

Previous Hormonal therapy 
No 96.3% 559 549 96.3% 559 96.1% 

Yes 3.7% 30 21 3.7% 30 3.9% 

Previous Hypertension 
No 73.9% 405 421 73.9% 405 71.3% 

Yes 26.1% 184 149 26.1% 184 28.7% 

Previous Implants 
No 99.8% 589 569 99.8% 589 100.0% 

Yes 0.2%  1 0.2%   

Previous Lumpectomy 
No 98.2% 560 560 98.2% 560 96.9% 

Yes 1.8% 29 10 1.8% 29 3.1% 

No 98.6% 559 562 98.6% 559 93.5% 
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There was a significant relationship (p-value <=0.05) between the features of multiple risk 

factors and diagnosis of breast cancer such as; density, family members had cancer, 

Occupational hazard, Type of locality, Smoking status, had used IUD hormonal, used 

Hormonal injection every 3months, first birth. However, there are no relation between the 

Complain of any chronic diseases, had used, Birth control Implant, had used Oral 

contraceptives, Previous Chemotherapy, previous Cyst aspiration, previous Hormonal 

therapy, Implants, BMI, Hypertension the p-values for these variables are more than 0.05 

shown in table 9. 

Table 9: P-value for BC risk factors 

No Variable P Value 

1 density 0.0000 

2 family members had cancer 0.0000 

3 Occupational hazard 0.031842 

Previous  Lumpectomy 

Remove the small mass only 
Yes 1.4% 30 8 1.4% 30 6.5% 

Previous Mammogram 
No 68.9% 388 393 68.9% 388 62.2% 

Yes 31.1% 201 177 31.1% 201 37.8% 

Age group 

24-34 0.7% 4 4 0.7% 4 1.1% 

34-44 17.2% 82 98 17.2% 82 18.1% 

44-54 40.9% 222 233 40.9% 222 47.1% 

54-55 29.8% 186 170 29.8% 186 23.1% 

64-64 10.2% 75 58 10.2% 75 8.7% 

74-84 0.9% 19 5 0.9% 19 1.7% 

84-94 0.4% 1 2 0.4% 1  

more than 94      0.2% 

BMI_GROUP 
<=25 10.0% 47 57 10.0% 47 13.9% 

>25 90.0% 542 513 90.0% 542 86.1% 

Menarche age 
<=13 60.7% 349 346 60.7% 349 60.3% 

>13 39.3% 240 224 39.3% 240 39.7% 

First child 
<30 34.0% 170 194 34.0% 170 22.4% 

>=30 66.0% 419 376 66.0% 419 77.6% 
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4 Type of locality 0.032 

5 Smoking status 00.037378 

6 Complain of any chronic diseases 0.194 

7 Had used IUD hormonal .000  

8 Had used Birth control Implant 0.1 

9 usedHormonalinjectionevery3months 0.32 

10 Had used Oral contraceptives 0.883834 

11 mass 0.0000 

12 Previous Alcohol consumption 0.000 

13 Previous Chemotherapy 0.835554 

14 Previous Chest CT scan  0.01 

15 Previous Chest Xray  0.000 

16  

Previous Cyst aspiration  
 

0.341 

17 Previous Heart 0.000 

18 Previous Hormonal therapy 0.819 

19 Previous Hypertension  0.328 

20 Implants 0.291006 

22 Previous Lumpectomy  0.121 

23 Previous Lumpectomy Remove the small mass only  0.0000 

24 Previous Mammogram  0.014 

25 Age group 0.053070 

26 BMI group 0.13 

27 Menarche age  0.891 

28 First child  0.0000 

 

 

4.3  Experimental Results 

The study used Microsoft Azure ML. Azure Machine Learning can be defined as a cloud 

service that helps you manage and accelerate machine learning projects. It may be used by 

machine learning specialists, data scientists, and engineers in their daily workflows: 
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Models are trained and deployed, and ML operations are managed [51]. This section 

discusses the three models developed in Azure ML tools. 

4.3.1 Machine Learning Algorithms on Three Classes Model 

The dependent variable (diagnosis of BC) contains three values; malignant, benign, and 

healthy. After applying multiple machine learning algorithms, the results for the three-class 

model were as follows: 

4.3.1.1 Random Forest 

After applying the 5-folds cross-validation of Random Forest model for three-classes 

(malignant, benign, and healthy) The Accuracy was 95.8 %. the performance metrics 

Precision, Recall and F1 score was 0.93.9%, 93.7%, 93.8% respectively shown in Table 

10. 

Table 10: Evaluation of Random Forest Three classes 

Model Accuracy Precision Recall F1 Score 

 

AUC 

 

Random 

Forest 

0.958 0.938956 0.93757 

 

0.938 

 

0.998 

 

 

In the matrix below the three class models that used random forest it is shown that, the true 

positive scored 94.9%, while the false negative scored is 5.6%. However, false positive 

11%. So, the Sensitivity was 94.6% and specificity was 94.5% shown in Figure 36, which 

includes the confusion matrix produced after applying the Random Forest algorithms on 

three classes, where o is healthy ,1 is benign, and 2 malignant.  
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Figure 4.16: confusion matrix of Random Forest three classes 

4.3.1.2 Neural Network Multiclass Classifier 

Neural Network Multiclass Classifier was used on a three-class dataset for this thesis. Two 

tests were used in this model, with 50 and 100 hidden nodes, respectively. Table 4.10 shows 

that a Neural Network with 100 hidden nodes has a good testing accuracy, hence 100 

hidden nodes were chosen for comparison with other ML models. Furthermore, the F1 

score for 100   hidden nodes was 0.951, which is a reasonable result. The Precision, Recall, 

and F1 Score calculated in the Confusion Matrix Figure 4.17 were 0.951793, 0.951277, 

0.951535 and, 0.923, respectively shown in table 11. 

 

Table 11: Neural Network Multiclass-Classifier Evaluation Results 

Algorithm 

 

# Nueones Accuracy Precision Recall F1 Score 

neural 

network 

50 0.960609 0.942014 0.941848 0.94193 

100 0.967298 0.951793 0.951277 0.951535 
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Figure 4.17: Confusion matrix for NN, where hidden node =50 ,100 respectively. 

4.3.2 Machine Learning Algorithms on Two Classes (Malignant and 

Control Cases (Healthy)) 
 

In this section, machine learning is applied to two classes: one malignant and the other 

control (healthy cases). The best algorithms were as follows after applying Machin learning 

algorithms: 

4.3.2.1 Random Forest for Healthy-Malignant 

On a malignant and healthy dataset created specifically for this study, the DF algorithm was used. 

DF algorithms require changing a number of parameters when using the model. The number of 

decision trees is 8, while the maximum depth of the decision trees when applied to the model was 

32. The Resampling Method was Bagging and Random Split Count was 128. The result of DF with 

Appling the setting on DF algorithms. Accuracy, Recall, F1 Score and AUC were 0.942, 0.942, 

0.971, 0.917, 0.943, and 0.988 respectively. table 12 shows the result of DF. 

Table 12: Result of DF tool. 

 
algorithm 

 

Accuracy Precision Recall F1 Score AUC 

Random 

Forest 

0.942 0.971 0.917 0.943 0.988 
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In the confusion matrix, there are 408 true positives and 387 true negatives shown in figure 

4.18. Further, the true positive number was 408, while the false-positive number was 12. 

However, the true negative percentage scored 387 and the false-negative scored 37, as 

shown in figure 4.19. Thus, the sensitivity for DF is 1 and the specificity is 0.96. 

 
Figure 4.18: Confusion matrix for Random Forest (malignant and healthy) 

 Predicted Class 

A
ct

u
a
l 

cl
a
ss

  True Positive 

408 

False Negative 

37 

False Positive 

12 

True Negative 

387 

 
             Figure 4.19: Confusion matrix for Random Forest (malignant and healthy) 

 

4.3.2.2 Two Class Neural Network  

Two class neural network was used on a two-class dataset for this thesis. 100 Hidden nodes 

were used in this model. Table 11 shows that a Neural Network with 100 hidden nodes 

with high accuracy can be achieved, hence 100 hidden nodes were chosen for comparison 

with other ML models. Furthermore, the F1 score for 100   hidden nodes was 0.986, which 

is a reasonable result. The accuracy, Precision, Recall, and F1 Scores calculated in the 

Confusion Matrix shown Figure 4.20 were 0.985, 0.978, 0.993, 0.993, and 0.986, 

respectively shown in Table 11. While the AUC was calculated sensitively and the 
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sensitivity was 0.999 shown in figure 4.21 AUC chart. Table 13: Result of NN two class 

(malignant and healthy) 

Table 13: Result of NN two class (malignant and healthy) 

 
algorithm 

 

Accuracy Precision Recall F1 Score AUC 

neural network 0.985 0.978 0.993 0.986 0.999 

 

 

 

 Predicted Class 

A
ct

u
a

l 

cl
a
ss

  True Positive 

442 

False Negative 

3 

False Positive 

10 

True Negative 

389 

 

Figure 4.20: Confusion matrix for neural network (malignant and healthy) 

 

 
 

Figure 4.21: AUC of neural network (malignant and healthy) 

 

4.3.2.3 Boosted Decision Tree  

The BDT used the same dataset of (malignant and healthy cases). When applying the 

boosted decision to the model, used multiple parameters: the maximum number of leaves 

per tree and the minimum number of samples per leaf node and, when applied to the model, 
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were 32, and 20 respectively. The accuracy, Precision, Recall, and F1 Score calculated in 

the Confusion Matrix Figure 4.22 were 0.975, 0.980, 0.973, and 0.976, respectively shown 

in table 14. While the AUC was calculated from sensitivity and sensitivity was 0.997 

shown in figure 4.23 AUC chart. 

Table 14:  Result of Boosted Decision two class (malignant and healthy) 

algorithm 

 

Accuracy Precision Recall F1 Score AUC 

Boosted 

Decision 

0.975 0.980 0.973 0.976 0.997 

 

       

 

  Predicted Class 

A
ct

u
a
l 

cl
a

ss
  True Positive 

433 

False Negative 

12 

False Positive 

9 

True Negative 

390 

 
                                      Figure 4.22: Confusion matrix for Boosted Decision (malignant and healthy) 

 

 
             Figure 4.23: AUC chart (malignant and healthy) 

 

 

4.3.2.4  Support Vector Machine Classifier 

 Support Vector Machine Classifier used the same dataset of (malignant and healthy cases). 

When applying the support vector machine classifier to the model. The Accuracy, 

Precision, Recall, and F1 Score calculated in the Confusion Matrix Figure 4.24 were 0.959, 
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0.968, 0.953, and 0.960, respectively shown in table 15. While the AUC calculated from 

sensitively and sensitivity was 0.997 shown in figure 4.25 AUC chart. 

Table 15:  Result of Support Vector Machine Classifier two class (malignant and healthy) 

 
algorithm 

 

Accuracy Precision Recall F1 Score AUC 

Deep Support 

Vector Machine 

0.959 0.968 0.953 0.960 0.987 
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ss
  True Positive 

424 

False Negative 

21 

False Positive 

14 

True Negative 

385 

 

Figure 4.24: Support Vector Machine Classifier 

 

 

Figure 4.25: AUC chart (malignant and healthy) 
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4.3.3 Machine Learning Algorithms on Two Class (Malignant and 

Benign Class) 

In this section, machine learning is applied to two classes: malignant and benign cases. The 

best algorithms were as follows after applying machine learning algorithms: 

4.3.3.1 Neural Network 

Two class neural network was used on a two-class dataset for this thesis. 100 Hidden nodes 

were used in this model. Table 14 shows that a Neural Network with 100 hidden nodes 

with high accuracy can be achieved, hence 100 hidden nodes were chosen for comparison 

with other ML models. Furthermore, the F1 score for 100 hidden nodes was 0.986, which 

is a reasonable result. The Accuracy, Precision, Recall, and F1 Score calculated in the 

Confusion Matrix Figure 4.26 were 0.095 0.928, 0.980, 0.950, and 0.953 respectively 

shown in table 16. While the AUC calculated using sensitivity and specificity was 0.995 

shown in figure 4.27 AUC chart. 

Table 16: the result of Neural Network for malignant and benign class 
 

algorithm 

 

Accuracy Precision Recall F1 Score AUC 

Neural Network 

 

0.950 0.928 0.980 0.953 0.995 
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  Predicted Class 

True Positive 

436 

False 

Negative 

9 

False Positive 

34 

True Negative 

378 

 

Figure 4.26: confusion matrix of Neural Network for malignant and benign class 
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Figure 4.27: AUC OF Neural Network for malignant and benign class 

 

 

4.3.3.2 Random Forest 

On a malignant and benign dataset created specifically for this study, the DF algorithm was used. 

DF algorithms require changing several parameters when using the model. The number of decision 

trees is 8, while the maximum depth of the decision trees, when applied to the model, was 32. The 

Resampling Method was Bagging and Random Split Count was 128. The result of DF with Appling 

the setting on DF algorithms. Accuracy, Precision, Recall, F1 Score and AUC were 0.949, 0.965, 

0.935, 0.950 and 0.988 respectively. show table 17 the result of DF show table 15 the result of the 

ML tool and show the figure 4.29 confusion matrix for this tool. 

Table 17: the result of Random Forest for malignant and benign class 

 
algorithm 

 

Accuracy Precision Recall F1 Score AUC 

Random 

Forest 

0.949 0.965 0.935 0.950 0.988 
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  Predicted Class 

True Positive 

424 

False Negative 

21 

False Positive 

14 

True Negative 

385 
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               Figure 4.28: confusion matrix of Random Forest for malignant and benign class 

 

Figure 4.29: AUC for malignant and benign class 

4.3.4 Machine Learning Algorithms on Two Class (Healthy and Benign 

Class) 

 In this section, machine learning is applied to two classes: healthy and benign cases. The 

best algorithms were as follows after applying machine learning algorithms. 

4.3.4.1 Random Forest 

On a healthy and benign dataset created specifically for this study, the DF algorithm was used. DF 

algorithms require changing several parameters when using the model. The number of decision 

trees is 8, while the maximum depth of the decision trees, when applied to the model, was 32. The 

Resampling Method was Bagging and Random Split Count was 128. The result of DF with Appling 

the setting on DF algorithms. Accuracy, Precision, Recall, F1 Score and AUC were 0.894, 0.909, 

0.939, 0.924 and 0.961 respectively. Table 16 shows the result of DF show table 18 the result of 

the ML tool and show the figure 4.30 confusion matrix for this tool. Also, show Figure 4.31 the 

result of AUC. As mentioned previously, benign refers to a tumor or noncancerous development. 

It does not spread to other sections of the body in this way. It does not spread to neighboring tissues. 

As a result, having this model with such performance is good. 
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Table 18: the result of Random Forest for healthy and benign class 

 

algorithm 

 

Accuracy Precision Recall F1 Score AUC 

Random 

Forest 

0.894 0.909 0.939 0.924 0.961 
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  Predicted Class 

True Positive 

805 

False Negative 

52 

False Positive 

81 

True Negative 

318 

 

Figure 4.30: confusion matrix of Random Forest for healthy and benign class 

 
Figure 4.31: AUC of for healthy and benign class 

4.3.4.2 Neural Network  

Two class neural network was used on a two-class dataset for this thesis. 100 Hidden nodes 

were used in this model. Table 19 shows that a Neural Network with 100 hidden nodes 

with high accuracy can be achieved, hence 100 hidden nodes were chosen for comparison 

with other ML models. Furthermore, the F1 score for 100 hidden nodes was 0.986, which 

is a reasonable result. The Accuracy, Precision, Recall, and F1 Score calculated in the 

Confusion Matrix Figure 4.32 were 0.877, 0.86, 0.968, 0.950, and 0.915 respectively 
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shown in table 14. While the AUC calculated sensitively and specify was 0.961. As 

previously stated, benign refers to a tumor or noncancerous development. It does not spread 

to other sections of the body in this way. It does not spread to neighboring tissues. As a 

result, having this model with such performance is good. 

Table 19: the result of Neural Network for healthy and benign class 
 

Algorithm 

 

Accuracy Precision Recall F1 Score AUC 

Neural 

Network 

0.877 0.867 0.968 0.915 0.961 
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Predicted Class 

True Positive 

830 

False 

Negative 

27 

False Positive 

127 

True Negative 

272 

 

Figure 4.32: confusion matrix of NN for healthy and benign class 

4.4  Experimental Result Summary 

After completing the deployment of all machine learning algorithms for breast cancer 

detection using the Palestinian dataset, the results may be compared from the table using 

the performance metrics.  

4.4.1 Three Classes 

The neural network and Random Forest models outperform other algorithms that used in 

three classes. From Table 20, it is clear that the neural network has the best performance 
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result in all metrics than other algorithms for this data set with 96.7% accuracy, 95.2% 

Precision, 95.1%Recall, 95.2% F1 Score, and 97% AUC. 

Table 20: Comparison of Scores of Various Models  

Algorithms  Accuracy Precision Recall F1 Score AUC 

Random Forest  0.958 0.93896 0.93757 0.938 0.968 

Neural network  0.9673 0.95179 0.95128 0.95154 0.97 

 

 

Figure 4.33: Comparison between machine learning for malignant, benign and healthy models. 

 

4.4.2  Two Classes Malignant and Control Cases (Healthy) 

The Boosted Decision, Support Vector Machine, neural network, and Random Forest 

models outperform other algorithms in two classes malignant and control cases (healthy). 

From Table 21, it is clear that the neural network has the best performance result in all 

metrics than other models for this data set with 98.5% accuracy, 97.8% Precision, and 

99.3% Recall which means very low false negative, 98.6% F1 Score and 99.9% AUC. 
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achieved high performance. The boosted decision has a perfect Precision score (98.0%) 

and perfect AUC (99.7%). 

Table 21: Comparison of results of two classes malignant and control cases (healthy) 

Algorithms Accuracy Precision Recall 
F1 

Score 

AUC 

Random Forest 0.942 0.971 0.917 0.943 0.988 

neural network 0.985 0.978 0.993 0.986 0.999 

Boosted Decision 0.975 0.980 0.973 0.976 0.997 

Deep Support Vector Machine 0.959 0.968 0.953 0.960 0.987 

 

 

Figure 4.34: Comparison of results of two classes malignant and control cases (healthy) 

 

4.4.3 Two Classes Malignant and Benign  

The Random Forest and neural network models outperform other algorithms in two classes 

malignant and benign. From Table 22, it is clear that the neural network and decision 
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0.942

0.971

0.917

0.943

0.988

0.985

0.978

0.993

0.986

0.999

0.975

0.98

0.973

0.976

0.997

0.959

0.968

0.953

0.96

0.987

0.86 0.88 0.9 0.92 0.94 0.96 0.98 1 1.02

Accuracy

Precision

Recall

F1 Score

AUC

Deep Support Vector Machine Boosted Decision

neural network Decision forest



77 
 

 

Precision score (96.5%) and a high of 94.9% Accuracy, which are more important in terms 

of cancer detection. While the Neural network has high-performance metrics of 95.0% 

Accuracy, 98.0% Recall, and 99.5 % AUC. 

Table 22: Comparison of results of two classes malignant and benign 

Algorithms Accuracy Precision Recall F1 Score AUC 

Neural Network 

 

0.950 0.928 0.980 0.953 0.995 

Random Forest 0.949 0.965 0.935 0.950 0.988 

 

 

Figure 4.35: Comparison of results of two classes malignant and benign 
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Table 23: Comparison of results of two classes healthy and benign class 

Algorithms Accuracy Precision Recall 
F1 

Score 

AUC 

Random Forest 0.894 0.909 0.939 0.924 0.961 

neural network 0.877 0.867 0.968 0.915 0.961 
         

 

Figure 4.36: Comparison of results of two classes malignant and benign 
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performance of other breast cancer prediction models. This is because benign (changes) 

fibrous tissue are thought to be natural, so generally no treatment is 

needed unless they are causing discomfort [52]. Figure 4.37 shows the top performance 

results for three models based on the type of class used. 

 

 
 

 
Figure 4.37: shows the results of the top three models based on the type of class used. 
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Chapter Five: Conclusion and Recommendations 

5.1  Introduction 

In this chapter, the study conclusion and recommendations are presented. Future work and 

planned studies for future work, as well as the study strengths are presented. 

5.2  Conclusion and Recommendation 

The fact that breast cancer, the most common cancer among women, is responsible for 69% 

of cancer-related deaths (WHO). However, the early detection of BC can increase the 

probability of survival for a large number of BC patients by early treatments on time.  This 

thesis compared the effectiveness of various machine learning algorithms in predicting 

breast cancer depending on a variety of risk factors. The primary goal of this research is to 

find a model that can accurately detect BC in patients. The research is based on the 

Palestinian dataset. Then, four machine learning models were applied, and the performance 

metrics score was used to assess the performance of the models. The result shows that the 

best four models were applied for predicting breast cancer.  

The First model (NN model) for detection of BC for three classes (malignant, benign, and 

healthy) with 96.7% accuracy, 95.2% Precision, 95.1%Recall, 95.2% F1 Score, and 97% 

AUC. While the performance of the second model (NN model) for prediction of the BC 

(Discrimination between malignant and healthy cases) was 98.5% accuracy, 97.8% 

Precision, 99.3% Recall which means very low false negative, 98.6% F1 Score, and 99.9% 

AUC. The third model (was developed to detect that BC (Malignant and benign) has 

performance with 95.0% Accuracy, 98.0% Recall, and 99.5 % AUC. Finally, the Random 

Forest model of prediction of BC (healthy and benign class) was developed with 89.4% 

accuracy, 90.9% Precision, 93.9% Recall which means very low false negative, 92.4% F1 
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Score, and 96.1% AUC. The fact that the models achieved high accuracy on data for 

Palestinian women leads us to use a system that has the ability to predict breast cancer with 

an accuracy close to a doctor's diagnosis. So, it can be said that the models can be used for 

diagnosis and to assist doctors in determining whether or not a large number of women 

require early detection via mammography or others. This allows women who are suspected 

of having breast cancer to be given priority for appointments at breast cancer clinics.  

A large number of variables relating to patient risk factors were missing, so these features 

were removed, unfortunately, they may be important in BC prediction. This is necessary 

to attention to the quality of data through health directorates. also, recommend developing 

the system to force the introduction of important features by reviewing them. In addition, 

must publish BC prediction application for all Palestinian women to use and predict breast 

cancer. One of the great difficulties that arise in this kind of study is the poor quality of the 

data that many times, after the cleaning process, causes certain variables to be discarded 

due to the impossibility of obtaining their values , and that somehow influences the results 

of the data mining.  

5.3  Future Works 

With increased data availability and, most importantly, data growth, the model can be 

perfected in the future. Deep learning models perform well in proportion to the amount of 

data available, indicating that there is room for improvement with the availability of a large 

dataset. This research investigates the field of machine learning to incorporate it into the 

medical profession as a means of early breast cancer identification, which could eventually 

lead to a complete clinical system that saves lives. In the future will be developed the 

system data mining to predict cancer by images from a mammogram. It is necessary to 
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repeat the analysis using more data, preferably integrating them from a computerized 

medical record system. Finally publish web application prediction system for Palestinian 

women on internet. 

5.4  Strengths of the Study 

This is the first study in Palestine that uses machine learning techniques to predict breast 

cancer. The use of a large balanced dataset for model training and repeated k-fold cross-

validation for model evaluation are both strengths of our research. Thirty features risk 

factors for breast cancer were used, and this number led us to discover new risk factors that 

cause this disease. Real data from the Palestinian dataset were used in BC prediction. 

Which enhances the ability to extract new features for Palestinian women with risk factors. 
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Appendices  

Appendix 1: Arab American University approval for Data collection. 
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Appendix 2: Ministry of health approval for Data collection 
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 الملخص

سرطان الثدي هو أكثر أنواع السرطانات شيوعا بين النساء في جميع أنحاء العالم. بسبب زيادة  

المتوقع ، فإن حالات الإصابة بسرطان الثدي آخذة في الارتفاع في البلدان النامية.  العمرمتوسط 

المبكرة.  يُعد التنبؤ بسرطان الثدي وتصنيفه من القضايا المهمة للكشف عن السرطان في مراحله 

هناك العديد من عوامل الخطر للإصابة بسرطان الثدي. بسبب المشاكل البيئية العالمية، وطريقة  

ياة، وزيادة عدد سكان العالم، من الممكن أن يزداد عدد الأشخاص المتضررين في السنوات الح

الأشعة  القادمة. هناك مشكلة في غالبية النساء  عدم التوجه لإجراء فحوصات تصوير الثدي ب

 السينية المتكررة الا بعد انتشار المرض وظهور الأعراض عليها. 

التنقيب عن البيانات للتنبؤ بمرض السرطان، وتصنيفه ، وذلك  في هذه الدراسة  تم استخدام  تقنية

من خلال مجموعات بيانات للنساء الفلسطينيات  التي تحتوي على تشخيص للحالات )الخبيثة ،  

 وعوامل الخطر. الصحية ، الحميدة(

حالة صحية و   570حالة سرطان ثدي خبيث  635سجلًا ؛  1794تحتوي مجموعة البيانات على 

الة حميدة. تم جمع حالات سرطان الثدي من خلال نظام التسجيل الإلكتروني للتصوير  ح 589

لى  سمة )متغيرات( بالإضافة إ 30يحتوي كل سجل على  الشعاعي للثدي في مديرية وزارة الصحة. 

 سمات الفئة. تتشكل الفئة كحالات صحية أو خبيثة أو حميدة.

بيانات مثل الشبكات العصبية وشجرة القرار المعززة  يتم استخدام خوارزميات متعددة لاستخراج ال 

وغابة القرار وآلة المتجهات الداعمة. أداء النماذج مقارنة مع الخوارزميات لبعضها البعض وبالطرق  
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أفضل نموذج لاستخراج البيانات في التنبؤ بسرطان الثدي لمجموعة البيانات الإحصائية لتحديد 

 الفلسطينية. 

( NNالنموذج الأول )نموذج  م تطوير أفضل أربعة نماذج للتنبؤ بسرطان الثدي.تظهر النتيجة أنه ت 

 بالنتائج التالية :   لثلاث فئات )خبيثة ، حميدة ، صحية(  BCللكشف عن 

96.7% accuracy, 95.2% Precision, 95.1%Recall, 95.2% F1 Score, 

and 97% AUC. 

  )التمييز بين الحالات الخبيثة والصحية( BCلتنبؤ بـ ( لNNبينما كان أداء النموذج الثاني )نموذج 

 كالتالي: فكانت النتائج 

98.5% accuracy, 97.8% Precision, 99.3% Recall which means very 

low false negative, 98.6% F1 Score, and 99.9% AUC. 

 نتائج كالتالي: فكانت ال حميد الخبيث و سرطان الثدي الالنموذج الثالث تم تطويره لاكتشاف 

95.0% Accuracy, 98.0% Recall, and 99.5 % AUC. 

فكانت النتائج    حميدةالصحية و ين حالات المرض الأخيرًا ، تم تطوير نموذج مجموعة القرار للتنبؤ بـ

 :كالتالي  

89.4% accuracy, 90.9% Precision, 93.9% Recall which means very 

low false negative, 92.4% F1 Score, and 96.1% AUC. 

يمكن استخدام النماذج للتشخيص ولمساعدة الأطباء في تحديد ما إذا كان عدد كبير من النساء بحاجة  

التصوير الشعاعي للثدي أو غيره من الوسائل. يتيح ذلك إعطاء الأولوية  إلى الكشف المبكر عن طريق  

 ي عيادات سرطان الثدي. للنساء المشتبه في إصابتهن بسرطان الثدي في المواعيد ف


