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Abstract 

Student Majors Prediction and Classification Using Machine Learning Techniques 

Prepared By: Jihad Mousa Amin Shekh Musa 

Supervisor By: Prof. Mohammed Awad 

Predicting students' majors is very important in developing the performance of the 

Palestinian Ministry of Education, initial recovery plans for weak students, determining 

the future needs of the Ministry of Education system, contributing to building structures 

for the teachers' organization within the Ministry of Education and many others, all of 

the above mentioned are the result of early anticipation of the students' different 

specializations.  

This study represents the first of its kind in Palestine. This thesis is concerned with 

determining the students' future specializations in the scientific, literary, industrial and 

commercial branches. The classification of majors is based on machine learning 

techniques and their classification ability. Identifying the essential features and the size 

of the dataset collected is very important to enhance classification accuracy and 

classification matrices. 

So, Finding and examining the best machine learning algorithms and their ability to 

classify as accurately as possible and at reach, high rates in different classification 

matrices depending on the selected feature and the collected data are the core of this 

thesis. The first step to achieving classification as accurately as possible is features 

selection. Specialists in the field of education determine these features. Those features 

included required information about the student, required information about the 
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student's family, and other information about the student's community, in addition to his 

academic achievement in the tenth grade. This process is followed by creating a 

questionnaire judged by professionals, and then it is distributed to the various 

directorates of education after obtaining prior permission to do so. The collected dataset 

includes more than 1200 students in different branches; this dataset is subjected to the 

pre-processing process phase by cleaning, scaling, and encoding it to be ready for 

machine learning techniques. 

Sex classification learner algorithms are used, in addition to neural networks algorithms. 

The learner algorithms used are: k-nearest neighbors’ algorithm (KNN), Support vector 

machines (SVM), linear discriminant, decision tree, ensembled boosted tree, and 

ensembled bagged tree, while the neural network used is multiple-layer perceptron 

neural network (MLPNNs). 

Experiments show that neural networks significantly outperformed the rest of the other 

Machine learning techniques, as the classification accuracy reached 96.9%, Whereas the 

classification accuracy in ensembled algorithm id 93.8%, which is the best within the 

category of classification learner algorithms. The experiments also show poor accuracy 

when using marks in the curriculum alone for classification on all algorithm uses. This 

comparison shows the need to include other features that have been studied, the most 

important of these features are the student's and father's trends and the availability of 

specialization. 
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Chapter One 

Introduction 

1.1  Introduction 

Generally, improving the quality of education is a significant research problem. Many 

methods have been proposed to increase the quality of Palestinian learning and 

teaching. Researchers have focused on improving educational performance [1], 

especially in the advanced stages. Predicting students' future majors has a significant 

role in improving many factors, and it is undoubtedly one of the areas that strongly 

influence the quality of education. It is worth noting that predicting student majors is a 

complex matter, as many factors affecting the selection of a major underline it. 

Therefore, predicting student majors and classifying them in universities or schools is 

more difficult because of the many features that can be used to determine the 

appropriate major for students [2][3]. 

The Palestinian secondary education system includes several branches, and these 

branches are identified in the tenth grade. These branches are the scientific branch, the 

literary branch, the commercial branch, and the industrial branch. The scientific branch 

allows the student to join most specializations, especially the scientific ones. In most 

cases, students' degrees in this branch are high in scientific subjects such as 

mathematics, chemistry, and others. The literary branch is joined by students who wish 

to study literary branch and also allows them to study commercial branch, and among 

these disciplines, for example, the specializations of law, commerce, and art. Also, 
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educational courses such as history, geography, and others, When the student decided 

that his principal would be commercial only, he would join the commercial branch 

specialization so that he would be able to study the majors that support commercial 

sciences in the future. As for students who wish to study specific industrial disciplines 

such as engineering, as well as those who do not possess the scientific competence 

necessary to obtain high marks in the scientific branch, they can benefit from the 

industrial branch through which they can form a basic industrial knowledge based on 

the industrial curriculum. 

It is worth noting that the selection of majors for students is not necessarily based on 

their future inclinations. Some students enroll in one of the branches to increase 

academic achievement, some for friendship and kinship, and others for the 

unavailability of the branch in their area and other reasons. These reasons play an 

essential and influential role in students' enrollment in the different majors [2]. 

Identifying these reasons must be based on previous information and the opinions of 

specialists in the educational field [4]. 

Machine learning techniques have been used in educational issues, many machine 

learning techniques have been applied to enhance educational performance. The newest 

study, which concerns enhanced education, focused on machine learning techniques for 

prediction and classification because it has an excellent ability to classify and predict's 

performance with high accuracy and the least possible square error. Different domains 

of education benefit from machine learning techniques, such as expecting the student's 

graduation, courses marks, university average marks, the year of graduation, etc[4][5].  
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Various machine learning techniques have been used to classify academic performance, 

as they have had an influential role in measuring students' performance at university 

levels [5]. Machine learning techniques depend on datasets about students, their 

academic achievement, and other important information. It is found that MOE databases 

in schools in Palestine contain millions of records of data on thousands of students over 

the past years.  

Institutions can adopt machine learning techniques instead of traditional assessment 

mechanisms to enhance classification and forecasting; This helps decision-makers 

develop an appropriate strategy and policy in the educational fields [6]. Decision-

makers face annual challenges related to the expecting number of students in different 

disciplines, determining the capacity of schools in higher disciplines as well as 

universities, which the popular traditional methods did not contribute to the 

development of accurately and effectively long-term future visions, so the need to use 

modern forecasting mechanisms has become necessary. 

This study aims to anticipate and classify a student's major based on academic factors 

and surrounding circumstances. It will help the decision-makers set the best plans for 

education. In simple words, the intelligent system can help decision-makers get detailed 

statistics on the number of students, their performance, and the majors expected. As 

well as, it is contributing to the development of annual plans capable of adapting to 

developments on the one hand and improving educational performance on the other 

hand.  

Many factors affect a student's enrollment in a particular major. Determining these 

features requires research, and the opinions of specialists in the field of education, 
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especially since defining the student's majors is the first research of its kind in Palestine 

and perhaps rarely applied in the world due to the inability to find previous studies on 

the same subject specifically. Choosing a major depends mainly on the marks of the 

curriculums, and some curricula are essential for determining the major. The student's 

society, surrounding conditions, and competition among his relatives are vital factors in 

changing his future major. So, the dataset must include exclusive features on different 

fields that can affect the student's decision. Briefly, the student's major is predicted 

according to their academic history based on previous educational attainment and the 

student environment.  

Related works show the ability of machine learning techniques in classification. These 

techniques vary in their ability to classify based on the features determined [5][6]. It is 

noticed that machine learning techniques give more accurate classification results than 

traditional methods [6]. The accuracy of machine learning techniques is affected by the 

chosen features, the number of samples used, and the pre-processing mechanisms. From 

this point, specialists are hired to determine the features that affect the selection of 

majors, sufficient samples, and choosing appropriate preprocessing mechanism [6]. 

This work use curriculum marks in the tenth grade as features, in addition to this 

student’s environment and personality. These features are formed in a questionnaire and 

distributed electronically to Ministry of Education directorates from the north to the 

south. The dataset collected from those directorates reaches more than 1,200 records 

about students from different majors. These data are treated with the necessary 

techniques to be ready for classification. Collecting data from the Palestinian 

educational community is not an easy process, especially after the spread of the Corona 
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epidemic, which posed the most significant challenges that impeded obtaining official 

approval for data collection and the ease of collecting it. 

Our thesis uses machine learning techniques to classify students' majors. Many machine 

learning techniques are applied. These techniques are decision trees, ensembled 

algorithms, KNN, SVM, multi-layer perceptron neural networks, and others, so the 

capabilities of Different machine learning techniques for determining the majors of 

students in different branches are examined, as well as the most excellent accuracy that 

can be obtained after applying those techniques is determined. All classification 

algorithms supported by the MATLAB program are tested, and the most accurate 

classifications are selected according to the group to which it belongs. A neural network 

implemented by MATLAB software is also used for classification. 

Furthermore, a comparison between different machine learning is performed. The 

comparison shows which machine learning techniques can classify and give better 

results. For more tests, a dataset containing the students' marks is involved in 

classification. The best two algorithms in terms of accuracy and classification matrices 

are chosen. This test aims to check the dataset of student marks to classify student 

majors. These techniques have been applied to demonstrate the importance and 

effectiveness of the features that have been studied 

1.2  Objectives 

This study aims to establish an machine leering system capable of predicting 

educational outcomes related to students' majors through determining the essential 

features and collecting required information about students, then processing the 
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collected data by applying optimization tools such as removing outliers, cleaning data, 

preventing duplications, etc., which would provide more accurate and safe future 

predictions and identify the most critical factors that affect the outcome of the 

educational process and students majors—by applying different classification 

techniques, then designing and building the machine learning.  

The general summarizes the objectives in the following points: 

 Determining the most important features that affect a student decides to choose 

his future major. 

 Examining the strength of the machine learning technology used and which one 

is the best for educational data. 

 Establishing the foundation stone for changing the traditional methods used in 

the Ministry of Education to modern methods.  

 Showing the ability of machine learning techniques to predict the future, they 

could move forward in enhancing the country's educational level and 

developing plans for future adaptation. 

 Helping the students determine the future majors that fulfill their dreams and 

preferences. Moreover, giving them the essential instructions to impact and 

improve their educational behavior in a way that supports their goals. 

 Developing a general perception of the academic situation for the governments, 

colleges, and universities. 
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1.3  Contribution 

This study is built on the data of the educational institution of the Palestinian Ministry 

of Education. Through the Ministry of Education system and relying on professionals in 

this field, the most important feature that affects the student to determine his future 

majors is determined. Professionals in statistics can use these features to get high 

accuracy on future works that depend on classification. The best classification machine 

learning algorithms are chosen, and the best ones are determined. This is performed 

after using different machine learning algorithms in MATLAB software. MLP neural 

networks are also used to perform the classifications to compare the ability of the neural 

networks in the classification and their superiority over the machine learning 

classification learner algorithms. Forecasting students' majors help decision-makers in 

the Ministry of Education make appropriate decisions for the infrastructure needs and 

evaluate students' academic performance. It is worth noting that predicting the future 

specialization using machine learning is the first research of its kind in Palestine, and 

the specialized research sites in research prove this. 

1.4  Overview 

The rest of this thesis is arranged to start from the second chapter to the fifth chapter 

and place the appendices supporting it. Chapter 2 provides a background on the work of 

the study for the Palestinian educational field and mentions the literature review for 

previous participations relevant to the educational field. The third chapter explains the 

data collection, selection, processing, and normalization mechanism. And then an 

explanation of the techniques, the most general techniques of machine learning 
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specialized in the field of classification, which will be used, as well as methods for 

measuring the accuracy of classifications for the categories of multiple classifications. 

In the fourth chapter, the results of the algorithms that were used, presenting their 

results, analyzing them, and comparing the algorithms among themselves to show the 

accuracy of each algorithm besides the points of the superiority of each algorithm over 

another algorithm. In study procedures: official correspondence questionnaire forms 

were used. 
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Chapter Two 

Background 

2.1  Introduction 

The Palestinian high school exam represents the defining stage, the end of school life, 

and the beginning of university life. University acceptance rates are affected by 

students' grades and numbers in each branch separately. From this point of view, 

universities should know the number of students in each batch of branches to prepare 

their infrastructure to accommodate them. The prior knowledge of their numbers in each 

specialization also contributes to building an educational system to adapt to the 

increasing numbers in the Ministry of Education 

Based on the Ministry of Education statistics shown in figure 2.1 about this subject, it is 

found that the highest success rate is among students in the scientific branch and the 

lowest in the literary branch. 

 

Figure 2.1 The General Palestinian secondary exam 2021 chart 
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The number of students enrolled in each branch has been studied for a more authentic 

look. The required data is gotten from statistics of the Palestinian General Secondary 

Certificate for the year 2019, where the literary branch has the most extraordinary luck 

in the number of students, followed by the scientific branch, followed in relative 

proportions by the commercial and industrial branches, this is illustrated in figure 2.2. 

 

Figure 2.2 The number of students enrolled in each branch chart 

It is also noted that after comparing the success rates for four years against the other, it 

is found a large discrepancy between the year 2018 and the year 2021, and this is shown 

in figure 2.3  

 

Figure 2.3 The general Palestinian secondary exam comparison chart 
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Predicting the number of students in each branch is necessary because it significantly 

impacts decision-makers. As it is mentioned earlier, success rates vary from year to 

year. Accordingly, the Palestinian educational environment should be carefully studied 

to obtain accurate classifications of the exit expectation from the high school exam. 

Here, the need to adopt modern mechanisms appeared in the prediction that machine 

learning techniques are recently adopted in many studies and show their ability to 

classify educational data with high ability. This encourages performing this study to 

classify students' specialization in Palestine. 

This thesis deals with data on the education system in Palestine. It has not been 

conducted in advance; so many difficulties are determining the features that affect the 

student choosing his major, with the help of educational specialists in this field. These 

most critical features that affect the student in determining his specialization have been 

identified, and those features are placed in an electronic questionnaire. After obtaining 

approval, the questionnaire is published in several education directorates, see appendix 

A. It is published as follow: three directorates are selected in the north of Palestine, 

which are Jenin, Qabatiya, and Tubas, and three in the south, namely Hebron, North 

Hebron, Bethlehem, and the center, represented in the Directorate of Ramallah and Al-

Bireh and the suburbs of Jerusalem. In this section, the features adopted from specialists 

have been mentioned and discussed throw questionnaire statistics. Also, the related 

work which is closed to our studies has been discussed in this chapter. 

2.2  Data Description  

In the classification, the supervised learning approach is the one that depends. A 

questionnaire containing specific questions and answers for each student with the 
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current majors were created. The questionnaire was established with the assistance of 

educational experts. The questionnaire includes the students' academic marks in the 

tenth grade with other general information that affects the student's decision to choose 

his\her future major. The number of curricula taught by the student in the tenth grade is 

eleven; in addition to that, ten other classifications were taken related to the student's 

life, orientation, work of his\her relatives, and the field of their work, as well as the 

classifications that were carefully selected to obtain an effective classification in this 

field. 

The questionnaire was adopted and audited by specialists at the Arab American 

University and specialist educators outside the university. The Arabic language was 

adopted in the questionnaire. It was linguistically checked by specialists so that it would 

be easier for the student to answer the questions of the questionnaire quickly and 

conveniently. It is worth noting that some of the added features were omitted from the 

questionnaire to preserve the privacy of the student, which are related to family 

problems, health, and financial matters. Multiple-choice question forms is used for ease 

classification and the Ministry's platform were used to obtain correct academic 

information. 

The questionnaire was designed on four main parts, see appendix B, which are first 

information related to the student himself, second, information related to the student's 

family. Third, information related to the student community, Fourth, information related 

to the student's academic achievement in the tenth grade [2]. 

The following explains each of these parts with their features and discusses the general 

statistics resulting from each feature alone. 
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In the first part, the focus was on particular information about the student himself, 

demographically and behaviorally as well, as specialists approved these features, and 

some features were similar in some previous studies, which are as follows 

1- Academic level: This feature is suggested by experts, as some other features are 

related to this feature. This feature requires two answers, and he is either in the 

eleventh grade or in the twelfth grade. The voting rate of eleventh students is 

much higher than that of twelfth students, as shown in Figure 2.4. 

 

Figure 2.4 Academic level chart 

2- Gender :This feature to determine voter gender, either male or female. Figure 

2.5 shows that females are the most voted on the questionnaire. 

 
 

Figure 2.5 Gender chart 
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3- Current major: This feature will represent the output of the different machine 

learning algorithms, and this option has four possibilities, either scientific, 

literary, commercial, or industrial. As shown in Figure 2.6, the questionnaire's 

statistics showed that most students are enrolled in the scientific and literary 

branches, which is typical compared to their numbers. 

 

Figure 2.6 Current major chart 

4- The student tends to specialize: This feature tests the president's inclinations to 

enroll in one of the branches. It has four options: scientific, literary, commercial, 

and industrial. Inclinations to the scientific branch are the most popular among 

students, and this is what the statistic shows in Figure 2.7. 

 

Figure 2.7 The student tends to specialize chart 
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5- In terms of social relations, the student is classified as:  This feature tests the 

student's social relationships. The options were categorized into four sections, 

starting with effective social relationships and ending with a limited relationship. 

The questionnaire showed that almost half of the students have normal social 

relations. Note the Figure 2.8. 

 

Figure 2.8 In terms of social relations, the student is classified as a chart 

6- The student is full time to study: This feature show whether the student has 

enough time to study, the classification was divided into four groups, starting 

from one hour and ending with six hours and more, the questionnaire reveals 

that 60% of students have enough time to study, and this is shown in the 

following figure 2. 9. 

 

Figure 2.9 The student is entirely full time to study chart 
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7- The number of daily study hours: This feature shows the actual number of hours 

the student studies. The classification was divided into four groups, starting from 

one hour and ending with six hours and more. The questionnaire reveals that 

36% of students study between one to three hours per day, shown in Figure 2.10. 

 

Figure 2.10 The number of daily study hours chart 

8- The number of hours spent online and mobile daily :This feature shows the 

number of hours a student spends on mobile. The classification was divided into 

four groups, starting from one hour and ending with six hours and more. Most of 

the students voted that they use the Internet and the phone for a period ranging 

from one to three hours. Notice Figure 2.11. 

 

Figure 2.11 The number of hours spent online and mobile daily chart 
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9- The number of hours spent on playing and physical exercise per day: This 

feature measures a student's number of hours on physical exertion. The 

classification was divided into four groups, starting from one hour and ending 

with six hours and more. The questionnaire revealed that our students do not 

exercise, evident in Figure 2.12. 

 

Figure 2.12 Number of hours spend on playing and physical exercise per day chart 

And also include information about the family of the claimant within the approved 

features As the specialists admitted that there is also an influence for the student's 

family in determining their future major 

10- Father works: This feature tests whether the father is working or not. Where 

experts believe that the father's work is reflected in the student's choice, it may, 

directly and indirectly, affect the choice. The questionnaire shows that most 

fathers work. See figure 2. 13. 



18 

 

Figure 2.13 Father works chart 

11- Mother works: This feature tests whether the mother is working or not, Where 

experts believe that the mother's work is reflected in the choice of the student 

and the hours she frees up to educate her children, Most of the mothers are 

unemployed, as the questionnaire shows note the figure 2.14. 

 

Figure 2.14 Mother works chart 

12- Father specialization: This feature tests the father's specialty within the 

displayed academic branches. Some students are greatly affected by their father's 

work, and they like to join a specific specialty, following their father's example. 

The father's specialization was in line with the number of students in the literary 

branch, as most fathers enrolled in the literary branch. This is what the 

questionnaire revealed. See figure 2.15. 
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Figure 2.15 Father specialization chart 

13- Mother specialization: This feature tests the mother's specialty within the offered 

academic branches. There are some families where the mother is the role model, 

so specialists believe this is reflected in their children's choice of major. The 

results were somewhat similar between the specialization of the father and the 

specialty of the mother as well, note figure 2.16. 

 

Figure 2.16 Mother specialization chart 

14- Father tendency: This feature tests the father's tendencies for the branch he 

would like the student to join. If their father's opinion influences the student, 

their inclinations play a significant role in choosing a major. The questionnaire 
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shows that the father tends to the literary and commercial branches. Note figure 

2. 17. 

 

Figure 2.17 Father tendency chart 

15- Mother tendency: This feature tests the mother's preferences for the branch you 

would like the student to join. The mother's tendencies may influence the 

student's selection for a major, especially if the mother is the role model for that 

student. The questionnaire shows the mothers' tendency to the literary branch 

significantly. Perhaps the reason is the fear that their children will not succeed, 

shown in figure 2.18. 

 

Figure 2.18 Mother tendency chart 
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16- Father is dedicated to his children: This feature tests if the father is only devoted 

to his children and their affairs. The questionnaire confirms that half of the 

fathers are dedicated to their children. Note Figure 2.19. 

 

Figure 2.19 Father is dedicated to his children chart 

17- Mother dedicated to her children: This feature tests whether the mother is free 

for her children and their affairs only. Most mothers are entirely free for their 

children, which appears from Figure 2.20, representing the statistic of a 

questionnaire in this feature. 

 

Figure 2.20 Mother dedicated to her children chart 
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18- Competition of relatives: This feature tests if there is a competition to join 

specialties between relatives, more than 40% of parents are influenced by the 

specialties of their relatives' children, Note Figure 2. 21 

 

Figure 2.21 Competition of relatives chart 

It also included general information about the student's community, as follows. 

19- Availability of primary/specialization in his current place :This feature tests the 

branch's availability in the student's residence, and this feature impacts females 

more than males in some areas. Statistics show that 13% of students study 

outside their hometowns, as shown in Figure 2. 22. 

 

Figure 2.22   Availability of primary/specialization in his current place chart 
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20- Place of living :Here, the student's place is tested. Does he live in a city, village, 

or camp? About half of the students who voted live in a village. Note the Figure 

2. 23. 

 

Figure 2.23 Place of living chart 

21- Community orientation :The orientation of society, in general, is measured by 

this feature and whether society has industrial tendencies, for example. The 

statistics revealed that society's orientation agrees with the family's orientation in 

that the most popular specialization is the literary branch. Note the Figure 2. 24. 

 

Figure 2.24 Community orientation chart 
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Finally, the questionnaire included the students' tenth-grade grades, as in the eleven 

curricula of the tenth-grade studies. The number of features used to determine the 

student's tendencies is 31 features and one output bearing four options. It was 

emphasized in the curriculum marks that had to be filled must be depending on the 

electronic platform of the Ministry of Education E-School, curriculum names were as 

follows: Islamic education, Arabic, English, Maths, Physics, Chemistry, Life Sciences, 

Palestine history and geography, arts and crafts, Physical education and technology 

education. The statistics related to the questionnaire revealed that the average marks of 

students in the scientific branch are higher than the rest of the branches. Note the Figure 

2. 25. 

 
 

Figure 2.25 Average curriculums marks for each branch chart 

2.3 Related Work 

This study confirmed that the student's performance was one of the most important 

things that had to be worked on to increase the efficiency of education, and to improve 

the quality of education, according to the researcher's opinion, by identifying students 
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with low achievement and this was done by classifying the performance of students. 

The education system puts mechanisms to heal and move education towards the better. 

This study used two data sets to classify the low-performing students, the first 

containing 395 rows and the second containing 649 rows. This data set consisted of 33 

tribunes, and the assembled decision tree was also used, which is one of the machine 

learning techniques to obtain more accurate classifications. The researcher used three 

types to support this algorithm (C5.0, AdaBoost.M1, and AdaBoost.SAMME). Two 

models were also used in classification, binary classification, and multiclass 

classification. Note the table. 

Table 2. 1 Grade in binary classification 

Classification Goals Grade 

Pass 10-20 

Fail 1-9 

 

Table 2. 2 Grade in 5-levels classification 

Classification Goals Grade 

Very Good 16-20 

Good 14-15 

Satisfactory 12-13 

Sufficient 10-11 

Fail 1-9 
 

The study was categorized into three scenarios: the first is an increase in floods, where 

the two algorithms AdaBoost. SAMME and AdaBoost.M1 outperformed C5.0 in 

classification, and the second is a modification to a different number of training data, in 

which AdaBoost.M1 excelled in the third. The third is using specific training parameters 

and testing them with other training parameters. The study found that training 
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parameters can now be used and tested by other training parameters. The algorithms 

vary in strength according to the situation and system to which they are applied [9]. 

In this study, the researcher wants to increase the students' efficiency in the SSC exam. 

Machine learning techniques are applied to predict the students' achievement in this 

exam. As the researcher sees, the prediction of achievement helps the continent's 

adopters in the educational system develop a treatment plan for students with low 

achievement. The dataset used in machine learning consisted of data for 400 students. 

This data consisted of 31 characteristics, which included the marks of the most critical 

seven academic subjects, as shown in Table 2.1. In addition to his name and identity, 

the rest of the columns are the scientific background on some educational subjects and 

topics. The student's GPA in the SSC exam was placed in the last column, and This data 

is a summary of its processing operations normalization. The encoder was used to 

prepare the data for machine learning algorithms. 

Table 2. 3 Features description 

Feature name Description Values Data type 

English Marks of English in Exams 0-100 integer 

Bangla Marks of Bangla in Exams 0-100 integer 

General Math Marks of General Math in Exams 0-100 integer 

Physics Marks of Physics in Exams 0-100 integer 

Chemistry Marks of Chemistry in Exams 0-100 integer 

Biology Marks of Biology in Exams 0-100 integer 

BDS Marks of BDS in Exams 0-100 integer 
 

Many machine learning algorithms have been used to compare between them. Also, to 

determine which of these algorithms can give more high accuracy than others, the 

machine learning algorithms used are: Naive Bayes, K-nearest Neighbors, Support 
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Vector Machine, XG-boost, Multi-layer Perceptron, One of the most critical 

classification factors that the researcher used to judge the ability of these algorithms in 

predicting student outcomes is F 1 score. It showed the superiority of neural networks 

over others in classifying the exam outcomes. And the weaknesses of XGBoost in 

classifying the exam outcomes compared to other algorithms see Table 2.4 [10]. 

Table 2. 4 Performance evaluation for each classifier 

Classifier Precision Recall F1-Score Accuracy 

NB 0.83 0.82 0.82 82% 

KNN 0.84 0.82 0.81 82.5% 

SVM 0.82 0.81 0.81 81.25% 

XGBoost 0.82 0.81 0.81 81% 

MLP 0.87 0.86 0.86 86.25% 
 

This study was conducted on the learning management platform adopted by some 

education systems. This platform gives many management and evaluation features. The 

information collected by the platform aims to develop a complete picture of the 

functioning of the educational organization in that system. The learning management 

system contains many vital data related to students' academic performance and 

behavior. This prompted the researcher to adopt this platform to make an early 

prediction on the performance and behavior of students based on the information 

provided by this platform. This study was conducted on 480 students through which 

categorical and related features were used so that a total of 16 features was used. These 

features were divided according to the category to which they belong. Some are 

demographic, such as impurity, academic ones, such as the average, and some are 

behavioral as the classmates and raising the hands. The researcher's features in assessing 

students' performance from the two tables 2.5, 2.6 is noticed. 
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Table 2. 5 Summary statistic for continuous variable 

Raise Hand Visit Resources View Announcement Discussion Minimum 

1
st
 Quartile 1st Quartile 1st Quartile 1st Quartile 

Median Median Median Median 

Mean Mean Mean Mean 

3
rd

 Quartile 3rd Quartile 3rd Quartile 3rd Quartile 

 

Table 2. 6 Statistic for categorical variable 

Categorical Variable 

Gender Male, Female 

Nationality Kuwait, Jordan, Palestine, Iraq, Lebanon 

Birthplace Kuwait, Jordan, Palestine, Iraq, Lebanon 

Semester First Second 

Relation Father-Mother 

Parent answering  survey Yes No 

Parent satisfied with the school Good Bad 

Absent days Above seven days  Under seven days 

Subject IT French Science Arabic English 

StageID High School Lower level Middle school 

GradeID G-02 G-04 G-06 G-07 G-08 

SectionID A B C  

Class (response variable) High Low Medium 
 

The researcher used Learning Vector Quantization (LVQ) to reduce the dimensions of 

the features matrix. He found that increasing resources and raising hands are critical 

features in determining students' achievement and the most important. It also used 

multiple machine learning algorithms such as Linear Discriminate Analysis (LDA), 

Classification and Regression Tree (CART), k-Nearest Neighbor (KNN), Support 

Vector 

Machine (SVM) and Random Forest (RF) To check the accuracy and classify students' 

performance and compare and contrast the researcher's work with previous research in 

this field, see the attached table [11]. 
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Table 2. 7 Comparison study with previous work 

Algorithms 

[11] [12] [13] 

Accuracy 

(%) 

F-

measure 

Accuracy 

(%) 

F-

measure 

Accuracy 

(%) 
Kappa 

J48 75.8 75.9 75.8 75.9 - - 

Naïve Bayes 67 67.1 67.7 67.1 - - 

ANN 79.1 79.1 - - - - 

LDA - - - - 80 70 

CART - - - - 75 62 

KNN - - - - 71 56 

SVM - - - - 81 71 

RF - - 76.6 76.6 90 85 
 

Predicting the number of students who may not graduate from the bachelor's stage was 

the focus of this researcher's study. According to the statistics center in their country, it 

was found that half of the students who enroll at this stage do not graduate. Hence the 

problem of research in the future prediction of those dogs who are expected not to 

graduate helps the decision-makers in that university to develop appropriate treatment 

plans and guide students so that they do not face this problem in the future. In his 

research, the researcher focused on the most accurate machine learning algorithm in 

classification and prediction, where he applied group models in predicting students' 

graduation. In his research, the researcher used binary classification criteria and the flow 

matrix to study the prediction accuracy and the algorithm's accuracy in prediction. The 

researcher found that group models would increase prediction accuracy and improve the 

accuracy in the classification outputs [14]. 

This study used machine learning techniques to evaluate massive online courses, known 

as MOOCs. Assessments based on machine learning helped increase the efficiency of 

those training courses. Increasing the efficiency of training courses was important 

because these platforms constitute a source of income for their creators. Hence, 
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selecting coefficients to be collected from that cycle had an essential impact on 

increasing classification accuracy. In these transactions, the study aimed for any of these 

factors that significantly impact the quality of the course. The boosting trees model was 

used to assess the extent of students' satisfaction with the course. The boosting trees 

model was used because it was the strongest in classifying than other classification 

algorithms. He relied on the following classification criteria: recall, accuracy, and F1-

Score to select the best classification algorithm. He also used 10-fold in the random 

search method to test classification power. It was found through the analysis that the 

course teacher, the content of the instructional material, and the timetable play an 

essential role in increasing the efficiency of the course. At the same time, the duration 

of the video and the specialization of interaction on it do not significantly affect student 

satisfaction. Therefore, this study discussed the factors that affect student satisfaction at 

the learner and the course level, which can predict student satisfaction [15]. 

This study uses the MANTIS-S model in Student Academic Performance Prediction, 

which handles the training strategy. And the parameter set, the result showed increasing 

accuracy, enhanced the computational time, and achieved simplicity [16]. This study 

was conducted to assist in early intervention, and this is achieved by early prediction of 

students' performance. This study showed the superiority of deep learning over basic 

logistic regression, as the percentage of improvement increased by 10% [17]. The 

research aimed to measure using a learning management system on student 

performance. It was performed on 3518 university students. The neural network used 

homework score, time spent on the content, several entries to content, score, and gender 

in predicting student performance, 80.47% accuracy percent was achieved using this 

model [18]. This study was conducted in three colleges, and this study aimed to improve 
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students' performance by knowing their future performance expectations. The deep 

learning model was used to make the prediction. The Adam optimization method is used 

to carry out optimization processes, and other techniques are performed to make 

classifications, such as AdaBoost, to compare it with deep learning models [19]. This 

study aimed to compare conventional statistical evaluations to predict students' 

performance and the neural networks. Eleven variables are used. I'm modeling the 

neural network with two hidden layers. The results showed the superiority of neural 

networks over the traditional methods in the prediction process [20]. This Survey 

discusses the mechanism to increase the growth of education from another point of 

view. It studied the expectation of students' dropout from schools and the most general 

factors affecting this, and it was based on calculating the expectation on machine 

learning techniques. It also discussed the delay of developing countries in applying 

machine learning to improve their expectations [21]. In this work, semi-supervised 

learning algorithms have been applied for predicting student performance, this work 

reveals a new method that can be applied to make the system more reliable, and this can 

be achieved by using many unlabeled data and few labeled data the result show 

improvement in classification accuracy [22]. This study aims to overcome student 

prediction challenges: different in select course and background, depending on the 

course only does not give an accurate prediction, and the evolution of student must be 

implemented into prediction. The proposed new model supports a data-driven approach 

and a bilayered structure. The proposed method shows superior performance [23]. The 

feed-forward neural network is adopted in this study to analyze and establish the 

nonlinear relationship that exists between psychological and cognitive that affects 

academic performance [24] 
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Some models' employee another algorithm such as artificial bee colony (ABC), ABC 

algorithm is performed to enhanced radial basis function neural network for big data 

environments, the search strategy of ABC is replaced with mutation and crossover 

operator, this improves searching and optimal candidate food source [25] In this 

approach, the center is selected randomly from the calibration set, it aims to find the 

best position center depending on the score matrix from the whole space, this can be 

achieved by determining the generated scores of changing the location of a center which 

is taken from a genetic algorithm [26] In another study, inter-homogeneous and intra-

heterogeneous groups are achieved by applying a genetic algorithm approach, this 

method allowed to get a deep insight into the character of a student as desired [27]. 

From the above, previous studies close to our research revealed their adoption of 

additional criteria other than grades in their work and their use of different machine 

learning techniques in improving education progress. Many fields of education have 

been targeted in classification and prediction processes, such as expecting graduation, 

determining students' future grades, and other fields. In our study, machine learning 

techniques reveal the students' expected specializations in the future. The used features 

approve by specialists in this field, and it is found similarity of some features with some 

previous studies in this regard, such as gender, signs, country, etc. After that, the pre-

processing procedure is performed on the data set before it is used by machine learning 

techniques to support multiple classifications. 
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Chapter Three 

Methodology 

3.1 Introduction 

This chapter will discuss the mechanism used to collect data from the Palestinian 

community, how the collected data was processed, cleaning the data from unacceptable 

values, and applying data encoding operations with more than one option. The data is 

also arranged according to its similarity by applying the standard degree. After the data 

is ready for use, it is entered into the different machine learning platforms used for 

classification and MLP neural networks to classify the student majors, choose the best 

results, and compare the applied ML techniques.  

The following figure 3.1 illustrates the methodology used in this research. The process 

starts with Data collection from the ministry of education schools and databases. Then 

data pre-processing will be applied: The data 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, then the Feature 

scaling is being used, then cross-validation will be applied to divide the data into 

training and testing. Finally, ML models and Artificial neural networks will be applied. 
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Figure 3.1 The general method procedure flow chart 

3.2 Data Collection 

The data was collected from the ministry of education schools, which students filled on 

a Microsoft form after taking the required permission to do this from MOE, see 

appendix A. The questionnaire was distributed in each of the following directorates: 

Jenin, Nablus, Ramallah, Jerusalem, Bethlehem, and Hebron, as well as approximately 

1,300 random samples, were collected, the participants turnout in the North was the 

highest, reaching 45 %, in the middle, it was 20 %, whereas, in the South, 35 %, and the 

same was true for the eleventh grade. The electronic questionnaire was adopted as a 

compulsory, not a choice, and as a preventive measure in the wave of the new epidemic 
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spreading globally. Many problems were encountered in collecting data from the 

Ministry of Education, which lasted for more than three months due to health conditions 

and other administrative matters. The questionnaire was established with the assistance 

of educational experts. The questionnaire includes the students' academic marks in the 

tenth grade and other general information that affects the student's decision to choose 

his\her future primary, see appendix B. 

 The questionnaire was adopted and audited by specialist educators, and the Arabic 

language was adopted in the educational questionnaire. Specialists linguistically 

checked it to make it easier for the student to answer the questionnaires quickly and 

conveniently. It is worth noting that some of the added features were omitted from the 

questionnaire to preserve the privacy of the student, which is related to family problems, 

health, and financial matters. The principle of multiple choices has been adopted and 

not open answers in all classifications so that unification of all answers could be 

obtained. 

Collecting data from the principals took three consecutive weeks, and communication 

and coordination were made with each directorate separately. At the same time, students 

were encouraged to fill out the questionnaire with the help of their teachers and the 

Marks platform in the Ministry of Education School. Despite the absolute care for the 

integrity of the data, the mechanism of its collection, and the binding restrictions placed 

on the data model, some random entries were necessary to enter the second stage, which 

is the stage of data processing. 
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3.3 Preprocessing Phase 

3.3.1 Cleaning Data 

Data cleaning is an important step performed as the first stage of the pre-processing 

phase for machine learning algorithms [28]. In the stage of data processing, and after a 

deep examination of the data, it was found that some students entered failed marks in 

the questionnaire; data which was filled based on the promotion laws was omitted so 

that the dataset was only for the successful student in academic subjects. In addition to 

that, some data is also omitted, which is not completing the entry of marks logically if it 

was found that he \she entered the rest of the marks by placing the Curriculum mark 1, 

besides excluding in the total marks, all the student's marks have been 100 in all marks, 

and this could not be primarily in physical fitness and arts.  

3.3.2 Feature Scaling 

Feature scaling has to be applied to the data. This critical step in preparing data is 

necessary for classification algorithms and neural networks algorithms, and this phase 

helps machine learning handle the input data. 

 

There are many ways to scale the features: data normalization and standardization. In 

the normalization of the data, the standard technique used for this is the min-max model, 

in which the data is converted to values between 0-1. 

 

The standardization model treats scattering in the data, especially in random data, and 

the values are distributed between -3 and 3. This process is suitable for machine 

learning platforms and is widely used [29], as shown in equation 3.1. 

                                                         3.1 
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3.3.3 Data Encoding 

In our approved questionnaire, there are two options for answering one question in 

every existing feature, and there are also some questionnaires with more than two 

options, and it is also a string value. 

 These options are prepared to be suitable for machine learning by encoding those 

options. The value of the first option has a value of zero; the second is one, and so on. 

Specifically, in neural networks, data that includes two or more options must be 

encoded into an array of the binary number represent option index. For example, the 

first option has the value 001; the second option is 010, and so on [30]. 

3.4 Building Model Phase 

3.4.1 K-Nearest Neighbor (KNN) 

It is known that the KNN technique uses the space between two points in the 

classification process, this algorithm is easy to apply, but the classification results 

achieved are not satisfactory. This technique is affected by choosing K parameters; the 

technique becomes sensitive on small k. When k is large, the wrong classification may 

occur since the neighbor may include some points that belong to another class, which 

may directly impact the integrity of the classification [31].  

Technique Steps: 

 First, set the number of classes K. 
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 Generate initial point for centroids by rearranging the dataset first and second, 

choosing K point of data randomly without replacement focuses for the 

centroids  

 Do emphasis to achieve and make sure that no change cannot be achieved to the 

centroids. 

The following equation (3.2): is used in Computing the summation of the squared 

distance between all data points and centroid  

2

1 1

( ) ( )
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i i

i j

J V x v
 

                                  3.2 

Where i ix v is the Euclidean distance formula used to calculate the distance 

between a centroid iv and the point ix  , these operations repeated for all k points in 

the   classes, and also repeated for all n class. c Is represent the number of classes 

centers and  ic  represents the data points number in    classes[31]. 

Appropriating stage implemented using equation (3.3): it is to appropriate each data 

point to the closest classes, where ic  is represented the count of data points in    . 

1

(1/ )
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i i i

j

v c x


                                          3.3 

Take the average of all data points which belong to each cluster and then compute the 

centroids for the clusters. 
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A new approach is developed to overcome this issue called weighted KNN. This model 

uses a kernel function that gives the k parameter weight. This weight varies along with 

points distribution. In other words, the weight of the nearest point is larger than the far 

points, which helps determine the point which has to belong to the correct classes. This 

method depends on the majority vote. The results of this algorithm are more accurate 

unless the nearest neighbors do not differ significantly in their distance [32]. 

The technique is working according to the following procedure: 

 Let's assume the training set of the Xi observation with associated class Yi    

 Let X is a new observation that would be finding its classes 

 Calculate the distance using   Euclidean distance between xi and x for i=0 … n 

points 

 Select D' ⊆ D. This determined query point is nearest to the k set of the training 

data point.  

The voting technique is used to determine the predicted class which it is called weight 

technique as formula 3.4. 

          ∑            

 

         

 3.4  

This formula works according to the following procedure: Calculate the inverse of the 

distance. Hence, the distance the inverse = 1\d, then calculate the sum of the inverse, 

divide each item by the resulting sum. After that, calculate the generated value which 

belongs to its class. Finally, choose the max value to make this class the predictable 

class. 
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3.4.2 Support Vector Machine (SVM) 

In this technique, the data is divided by finding a plane that can separate the distributed 

elements in space based on the number of features each element has. Most importantly, 

the best level to distinguish those elements well is found [33]. This technique depends 

on determining the optimum plane to separate the data with the best separation distance 

between the plane and points with similar characteristics. The plane's most significant 

distance to the closed points is taken [34]. 

 

Figure 3.2 The SVM hyperplanes, margins, and support vectors 

It is worth noting that this technique can ignore outliers. For example, if a star appears 

in groups of circles, this feature achieved by this algorithm gives it strength against 

outliers .Also, this technique can develop new features to create planes capable of 

separating the elements distributed in the space with high efficiency, adding its ability to 

adapt to the data through the kernel technique, which allows it to handle complex and 

nonlinear functions. 
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As is mentioned earlier, in this technique, the most significant possible margin between 

the hyperplane and the closest points to the elements is tended to be found, and this can 

be applied using the loss function c(x,y,f (x))  that gives a relation between the training 

data  (Xj, Yj) for j = 1 ...N, with Xi   Rd and Yj   {−1, 1} on the one hand and learning 

a classifier f(x) on the other hand[35], see equations 3.5,3.6. 

 (        )  {
                                          

                      
                            3.5 

       (        )                                                                  3.6 

The cost will be zero when the result is similar for both the expected and actual values. 

Otherwise, the loss cost is calculated if the expected and actual values are not similar. 

Regularization parameters can be used in the cost function, which balances losses. See 

(3.22) where λ is regularization parameters, the input is Xj, and the weight is W   

     ‖ ‖  ∑      
 

   
〈    〉                               3.7 

In loss function, the weight has to be updated, this update can be achieved using a 

gradient, and this gradient comes from partial derivatives concerning the weights found 

for the data point, which this illustrated in equation 3.9, 3.10. 

 

   

  ‖ ‖                                                                                3.9 
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           〈    〉     
           3.10 
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In the loss function, the weight has to be updated as seen in equation 3.11, and this 

update can be achieved using gradient; this gradient comes from partial derivatives, 

which concern the weights found for the data point. 

                                                                            3.11 

When miss prediction occurs, this leads to miss classification, so one of the most 

solutions that could handle this issue is using equation 3.12, which includes loss and the 

regularization parameter.  

                                                                   3.12  

3.4.3 Decision Tree 

The decision tree is one of the most popular techniques because it has an effective and 

influential role in the prediction and classification process. This technique is similar in 

its construction to the tree model so that its nodes represent a test of the features so that 

their results appear on the branches and that each end sheet of it bears a name from the 

existing names of the categories [36]. The decision tree learns by dividing the data set 

into subsets based on the tests it performs at its internal contracts. These operations are 

repeated similarly in a process called recursive partitioning. When the values of the 

target variable are equal to the subset, the recursive partition process stops. There is 

another case in which recursive division stands, in which it is not possible to obtain new 

results for the predictions. The application of this model does not require the preparation 

of some parameters or prior solid knowledge in the domain, and it is also characterized 

by its ability to deal with high-dimensional data, see figure 3.3. The decision tree is 
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almost accurate. It is good and also characterized by its speed. Thus, it can be used in 

the rapid induction of classifications [37]. 

 

Figure 3.3 Decision tree two and three classes [37] 

The decision tree adopts a top-down approach to the data to collect similarities. 

Decision trees are based on layers to divide data. By dividing the data, it seeks to divide 

it into two or more groups to include elements similar to each other. The multi-

directional division that the decision tree adopts has an influential role in not repeating 

the traits within the decision tree, so the presence of repetitions of the traits within the 

decision tree is rarely noticed. The decision tree is characterized by creating easy-to-

interpret rules that divide the data with simple arithmetic operations and indicate the 

essential fields in classification and prediction  ،But an evident shortcoming in the 

various classifications in the decision tree is found, especially if the data for training is 

relatively few. 

The Decision Tree technique can be summarized as the following steps  

 The tree begins with a root node called R, and this node contains the whole 

dataset. 
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 Splitting the dataset into two main subtrees using the best attribute found in this 

level. 

 Iterate the previous step for all subtrees on the decision tree. 

 The best attribute is found on the decision node that is used for splitting  

 The splitting procedure iterates to reach the final node and reach a good result or 

when the splitting procedure doesn't give any value to the classification. 

3.4.4 Linear discrimination 

This technique is used to reduce the dimensions in supervised classifications. It can be 

used to classify two classes and also used to classify several classes. This model 

assumes that the classes it can be separated linearly, based on the several previous 

hyperplanes, can be constructed using multiple linear discrimination functions for the 

future space to distinguish between the classes wells. The LDA merges the two 

hyperplanes representing two lasses on one hyperplane, as shown in figure 3.4. The data 

points on each hyperplane are projected on the new hyperplane, considering that the 

separation between two classes is maximized and the variation is minimized as much as 

possible [38]. 

 

Figure 3.4 Linear discrimination dimension reduction 
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Hence, it is noted that this algorithm works efficiently from multiple classes. It is also 

used to reduce the number of features before introducing them to the learner. It is also 

used to extract valuable data in face recognition processes. But this technique may not 

work well with those not linearly separable classes. 

LDA technique general steps: 

 For different classes, find d-dimensional mean vectors. 

 The scatter matrices value have to be found within, in, and between classes 

 The eigenvectors and their corresponding have to be computed for the scatter 

matrices 

 Eigenvectors must be sorted decreasing depending on eigenvalues, also find the 

largest eigenvalues for choosing eigenvectors to construct matric d*k whose 

column represents the eigenvectors. 

 Use the previous vector to create the new space and transform the sample. 

3.4.5 Ensemble Techniques 

The ensemble technique is used more than one combined model instead of the 

individual model. This construction is used to obtain more accurate classifications 

compared to using one model alone, as it was found that more accurate classifications 

can be obtained if this construction is used. Undoubtedly, using a group of algorithms 

combined requires more complex mathematical operations and more mathematical 

operations in evaluating the model and checking the integrity of the prediction. This 

construction is suitable for improving those weak algorithms by merging them and 

increasing the calculations procedure to obtain high accuracy in classifications. Using 
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one model with increased complexity and resources may be an alternative to combining 

many algorithms. Still, it was found that the accuracy that resulted from the 

combination is better than using a single model. The application of this merging 

appeared in fast algorithms such as decision trees. It is also integrated with different 

machine learning platforms; this does not mean slow algorithms cannot be used [39]. 

To implement the Ensemble model, two basic methods are adopted. The first is a 

sequential assembly of algorithms. The base learner is used in sequential techniques 

implemented sequentially, and this sequence, constructed by the generation of base 

learners, aims to increase the relation and dependency between base learners. It gives 

higher weight for those not represented well to increase the model performance. It 

appears in figure 3.5. 

 

Figure 3.5 Ensemble algorithm sequential model 

The second technique is a parallel assembly of algorithms. In this technique, 

constructing the bases learning to work parallel like the implementation assembled 

model that combined decision trees to construct random forest trees encourages 

independence between models. It uses a slightly different partial training data set to 

learn the error generated by the previous model, see figure 3.6 [40]. 
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Figure 3.6 Ensemble technique parallel model 

The techniques mentioned above adopt scientific terminology as follows: 

Bagging 

The word bagging comes from bootstrapping and aggregation. Using the same data set 

to train models is likely to produce similar results, so bagging comes to overcome this 

problem by separating the dataset into sub-datasets with slight changes in bootstrapping. 

Bootstrap aggregating is carried out to understand the distribution of data, illustrated in 

figure 3.7. 

 

Figure 3.7  Ensemble algorithm bagging 
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Implementation Steps of Bagging: 

 Step 1:  Generate several subsets of the same size from the original dataset; the 

selected observation has replacement capability. 

 Step 2: Each subset creates a base learning model and assigns a base learning 

model. 

 Step 3: Every model is learned in an independent way and parallel. 

 Step 4: Combining the prediction generated from the models to get the final 

predictions. 

Random Forests Ensemble technique: This uses bagging techniques, decision tree 

technique is used for each data set, the final result is combined to construct an 

algorithm, the distribution of samples/features is distributed randomly in 

implementation, this called the Random Forests technique, the technique is executed 

through the following operation as follows: 

 Dividing the dataset into a subset with the same size then choosing several 

features after that creates a decision tree to handle and classify it. 

 Repeating the previous procedure using different variables covering the whole 

data set, the chosen variable could be used in several trees  

 Doing a test for each tree after completing the procedure.  

 Choosing the result from the generated results from the above steps. 

Boosting 

The boosting ensemble technique is a sequential procedure, and it is designed for a 

weak leaner algorithm such as a decision tree, which aims to decrease error in 
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classification. This algorithm decreases the error in classification by increasing the 

weight for misclassification data points and repeating this procedure to obtain the 

desired classification [41], note figure 3.8. 

 

Figure 3.8 Ensemble algorithm boosting 

Technique steps: 

 Generate dataset and give an equal weight for whole data points 

 Feed the model by the generated dataset above with corresponding's 

weights 

 When the classification of some data point is wrong, increase its weight 

 If suitable result -> end , else -> go to step 2 

3.4.6 Multi-Layer Perceptron Neural Networks (MLPNNs) 

The idea of neural networks came in machine learning to simulate the work of the 

neural networks in the human brain. It was found that the human brain depends on 
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responding to the events taking place around it by referring to the previous information 

that is previously stored in its memory and how it responded to it previously or how 

other people responded to it or how it can respond to it without prior knowledge; that 

what was previously mentioned represents the different machine learning methods in 

neural networks, some of them are learned through a supervising teacher, and others 

need to use mechanisms without the need for previous information about the field of 

event that you want to decide a process called Learning without supervision [42]. 

Neural networks have been employed in many fields, including medicine, industry, 

agriculture, education, and many others. It plays a significant role in predicting many 

fields, such as forecasting the cost of production, academic disciplines, their names, 

diagnosing diseases, etc. 

It is worth noting that neural networks are learning techniques that can calibrate 

themselves based on the difference between actual output and predicted outputs to 

balance their networks until they come out with a firm structure capable of accurate 

prediction and classification, and not a computer program that cannot be calibrated and 

controlled. 

 

 

 

 

 

Figure 3.9 MLPNNs Topology 
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Figure 3.9 shows that the neural networks depend on a primary nucleus called the 

neuron; neural networks contain many neurons, and many connections between the 

neurons. These connections have weights based on the neural network's learning 

algorithms. These weights are adjusted by knowing the error resulting from the 

prediction.  

The algorithms used in neural networks depend on errors between the predictable output 

and the actual output to adjust the weights to get the least possible error in predicting the 

output. The neurons are distributed over layers, some neural networks contain one layer, 

and others consist of many layers. The algorithms differ depending on the number of 

layers and the application [43]. 

Here the layers in multi-layer neural networks will be explained; these networks contain 

three main layers: 

 Input layer: The input layer represents the source of nutrition for the neural 

network. This network is responsible for entering data into the neural network 

without performing any operations. It should be noted that the number of these 

cells represents the number of features that have been developed to study a 

particular field 

 Output layer: The layer on which the prediction results predicted through the 

neural network processes appear. The outputs from this layer are used to 

compare them in the actual output. Through this comparison, the error resulting 

from the prediction for the output is calculated in the supervised learning 

process. This is used the mistake is made later to adjust the neural network's 

weights to predict more accurately. The number of neurons is the number of 
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outputs that the neural network predicts. This is taken from the domain study to 

which the neural network is being applied. 

 The hidden layer is the layer between the input and output layers, which is used 

to re-adjust the weights in the neural network down to the weights between the 

hidden network and the neurons in the input layer. 

Neural networks depend on prediction accuracy on adjusting the weights between their 

neurons. These weights are mathematically multiplied in the classes entered through the 

input layer. The output from this process enters into an arithmetic chain inside the 

hidden layer. It is processed until it goes out to the output layer to form the expected 

results from applying neural networks to them. This stage in the learning process of the 

network is called the forward propagation stage, as, during this stage, the outputs are 

predicted and compared with the accurate outputs that it is sought to reach. At this 

stage, the error resulting from the previous prediction process is taken advantage of to 

reflect its effect within the neural networks. The weights are adjusted through 

mathematical operations to reach the adjustment process for weighting between the 

hidden and the input layers. This process is repeated in a loop to reach the least possible 

error in prediction operations. The repetition of the process is sometimes stopped if it is 

found that it does not reduce the error and reach the desired prediction. It is worth 

noting that, at the beginning of the formation of the neural network, the weights are set 

randomly as starting values to be calibrated through the processes mentioned above 

[44]. 

Many mathematical equations are used on neural networks to calculate the network 

output for the aforementioned operations. The following equation3.13 is implemented: 
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  : called the bias node  

 

3.13 

 

Where    : is the weight of the connection between neuron ith neuron exists in the input 

layer and the jth neuron exists in the hidden layer, and   : is the ith input features. 

As mentioned previously, the results produced by neural networks are compared with 

the accurate output data sought to reach. This comparison is made by finding the 

difference between the output from the network and the actual output, which is called 

the error, which is symbolized with the symbol   and it is rented using the following 

mathematical equation 3.14 

                                                            3.14 

   is a predictive output and    is the actual output 

A mechanism is also used to measure the error in the neural networks called the least 

square error. Note the equation 3.15, that the result of this equation is the least error it 

can be strived to reach. 

 
    

 

 
∑       

 

 

 

 3.15 

The process of teaching the neural network enters into a loop. The error resulting from 

the prediction process is calculated, and the weights are reset to reach the lowest 

possible error [45]. The process of adjusting the weights is done through the following 

equation 3.16: 

                                                    3.16 
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When the training phase is fed to the input layer, the sum of weights from input to the j
th

 

node in the hidden layer is given by: 

                                                 3.17 

Inside the neuron, there is a function called an activation function. In multi-layer neural 

networks, the sigmoid function is known to be used. The output from the j
th 

neuron is: 

      
 

                                           3.16 

 k: The error signal can be easily calculated on the output layer by multiplying the ∆k 

with the derivative of the sigmoid function used on the activation function. 

               )                                3.17 

The weight is tuned depending on the generated error; it was decreased or increased by 

delta weight which is calculated using equations 3.18 

                                               3.18 

    : The delta weight calculated depends on the weight between neuron j and k, which 

could be controlled using the learning rate. The weights between neurons are updated 

depending on the delta weight generated in the previous equation by implementing 

equations3.19. 

                                          3.19 

The equation 3.20 is used to calculate the partial error    that used in pack propagation 

stage  

                                            3.20 
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wij: is the weights between two neurons i,j that is updated using the equations  3.21 and 

3.22 so 

                                                   3.21 

                                              3.22 

Forward and backward propagation is frequently used to reduce the error rate or if there 

is no significant improvement in forecast accuracy. 

3.5 Classification Metrics Selection 

One of the most important things that should be taken into consideration in measuring 

the effectiveness and strength of the model applied in machine learning, so it was 

necessary to adopt criteria for the judge and measure the feasibility of applying the 

machine learning model and its ability to predict the outputs with high efficiency [46]. 

Many criteria are applied to know the efficiency of the model applied to the data and the 

accuracy of the prediction. The most famous criteria here will be reviewed, which must 

be implemented on each machine learning model [47]. 

The classification has two options in binary classification processes, either a favorable 

option or a negative one. If the classification is correct, the classification is positive. If 

the classification is incorrect, the classification is negative. Still, some classifications are 

correct, but the model mispredicts them, and some classifications are false while the 

model predicts them correctly. The best mechanism for studying the classifier's 

performance is to apply the confusion matrix to understand those mentioned above. The 

diagonal line represents the correct prediction, showing the number of correctly 
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predicted samples. At the same time, the rest of the cells include the number of 

incorrectly predicted samples, whether they were positive first or negative [48]. 

Table 3. 1  Confusion matrix 

 Predicted Class 

 

Actual Class 

 Class = Yes Class = No 

Class = Yes TP (N) FN(N) 

Class = No FP(N) TN(N) 

 

N: Number of data points that are predicted according to the status of the cell 

TP: It represents the correct classification for the positive class classified as actual. 

FP: It represents the wrong classification for the positive class that is not classified as 

actual. 

TN: It represents the correct classification for the negative class classified as actual. 

FN: It represents the wrong classification for the negative class that is not classified as 

actual. 

The previous classifications and the number of data in each class are used in special 

mathematical equations to measure the different machine learning models' tools. 

Accuracy: The accuracy scale is one of the most widespread measures that expresses 

the ratio of healthy observations expected by the learning model to the sum of all 

observations. It is worth noting that if the accuracy is very high, this does not mean that 

our model works correctly or ideally.  Hence, other measuring tools to check the 

model's integrity must be used. The following equation is applied to measure the 

prediction accuracy from applying a particular learning model. 
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 3. 23 

 

Precision (Positive Predictive value): This scale is used to find the ratio of the positive 

observations correctly predicted to the total positive observations. Hence, the accuracy 

is high and satisfactory if the number of false-positive observations is low. Note the 

following equation. 

           
  

     
 3. 24 

       (Sensitivity or true positive rate): This scale is used to find the ratio of correctly predicted 

positive observation to the total of all actual positive observations represented by that class 
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The question here arises, which is more important, precision or recall. It is impossible to 

answer this question because each of them has a field in which it is used, so employing 

one of these measures depends on the type of field applied to it. To understand the 

difference, note the following questions. In the case of precision, the question is, for 

example, how many students have succeeded out of those who were classified as 

successful. As for the recall, the question is, for example, how many successful students 

have been labeled as successful of the total of the actual successful people. 

Specificity: This is the ratio between true negative predictions to the sum of all false 

positive and true negative observations. 

             
  

     
 3. 26 
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F1 score :This scale represents the weighted average for precision and recall. This scale 

considers false positives and false negatives as well. The strength of this scale appears 

in the unequal distribution of the category. The accuracy criterion is well suited to cases 

where the false positives and false negatives are equal. If false positive and false 

negative are not equal, it is more suitable to use these matrices to understand the 

efficiency of the learning model and to judge it.  
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Receiver-Operating Characteristic ROC:  

One of the most important things that must be studied is the mechanisms of judging our 

learned model and its ability to predict. Here it was necessary to address another 

measuring tool to have a deep understanding of the efficiency of the learned model. 

ROC is a graphic curve that helps understand and visualize the quality of our machine 

learning model. It is designed to work efficiently on binary models, and it is worth 

noting that it can be used to work on multi-class models. It is a curve capable of 

depicting and evaluating errors in binary models. It is drawn based on the true positive 

rate (TPR) versus the false positive rate (FPR), obtained from equations 3.28,3.29,3.30. 

In other words, it separates the signal to be received from the noise. The ability of a 

particular classifier to distinguish between classes can be measured using the area under 

the curve. Also, it can be used as a summary of the ROC curve [48]. 

                                            3.28 

                                        3.29 

                                        3.30 
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Suppose the system’s ability to distinguish between negative and positive categories is 

high. In that case, the value of the area under the curve AUC is high, and this indicator 

can be used to know the system’s ability to distinguish based on the value of the area 

under the curve AUC. According to the values of the area under the rocker coupling 

curve. These values carry logical significance as follows: 

Suppose the value of the area under the curve is equal to one. In that case, the classifier 

can distinguish between all positive points and all negative points, which is the ideal 

case. But suppose the area under the curve is equal to zero. In that case, this indicates 

the inability of the classifier to differentiate between negative points and positive points, as 

shown in figure 3.10 A. But in the case in which the area under the curve is greater than 

half and less than the ideal position, this classifier can distinguish between positive 

points and negative points in a satisfactory manner and according to the value of this 

area as shown in figure 3.10 B. If the value of the area under the curve is equal to half, this 

indicates the inability of the classifier to distinguish between positive points and 

negative points. In this case, the classifier predicts random categories or fixed categories 

for all observations, as shown in figure 3.10 C. 

 

Figure 3.10 A : ROC With AUC =1, B: ROC With AUC >0.5, C:ROC With AUC =0.5 
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From the above, it is concluded that the value of the area under the curve, if it increases, 

the classifier’s ability to predict and separate between positive and negative values 

increases. In this case, the measurement in multi-class measurement issues is done 

similarly, and the question is transformed from a multi-class to a binary class. The error 

in anticipation is only a unit group complementing the correctness in the prediction for 

all the sets of observations. For the sake of clarity, note the following table 3.2 and the 

equations that follow: 

Table 3. 2 Confusion matrix multiclass 

  Predicted Class 

Actual Class 

 Class 1 Class 2 Class 3 Class 4 

Class 1 TP FN0 FN1 FN2 

Class 2 FP0 TN0 TN1 TN3 

Class 3 FP1 TN4 TN5 TN6 

Class 4 FP2 TN7 TN8 TN9 
 

The following equation can be used to calculate the confusion matrix's precision.  

                                             3.31 

Where the recall can be calculated by using the following equation. 

                                          3.32 

A macro represents the arithmetic mean of all classes within the same matrices. 

                                               3.33 
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While the weight represents each classes matrices multiplied by the number of its 

repetitions (class weight) divided by their number 

                                                  

               3.34 

Where c: class and W: weight. This strategy is called one-vs-rest, which seeks to 

transform the system from a multi-class problem to a binary one [49]. 
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Chapter Four 

Experiments and Result 

4.1 Introduction  

This chapter will review a simple statistical summary of the dataset according to 

students' responses, including the number of participants in each field classified by 

students on each branch to overview the dataset used. After the preprocessing phase, 

different machine learning techniques were applied for classification and applied to the 

collected data. The classification techniques provided by MATLAB were used, and 

techniques were selected according to their working mechanism to compare them and 

which were most appropriate for classification. 

MATLAB 2018b program was run on a computer from a hp zbook 8th generation 

processor, 1.8 GHz, 16 GB RAM, and 512 SSD m2 hard disk. The previous device with 

the mentioned specifications gave the results in good time which is less than 5 minutes 

and is suitable for the techniques used for classification. Six techniques were applied: 

KNN, SVM, linear discriminant, Tree, ensembled boosted tree, and ensembled bagged 

tree, suitable for multi-category classifications. , The classification result of this 

algorithm will be discussed separately. Also, the results will be compared with each 

other’s to determine which of these algorithms is suitable for our classification. 

MLP neural networks were also used for classification, and the classification was 

applied by changing the number of neurons used by the neural network each time. The 

outputs will be displayed with accurate results. This result helps determine the 
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suitability, and the least neuron has to be used on classifications. A comparison will also 

be made between neural networks with the previous classification methods to determine 

who excels in the classification process, the most important results, and the criteria for 

excellence in each of them. 

4.2  Data Analysis 

The statistical data has been filled into a table. This procedure aims to review the data 

and important observations in them quickly. See the following table 4.1. 

Table 4. 1 Students dataset overview 

# Scientific Branch Literary Branch Commercial Branch Industrial Branch 

1 316 171     292 272     38 45     64 36     

2 117 370     118 446     5 78     66 34     

3 475 4 4 4 51 213 29 33 0 5 78 0 4 0 0 96 

4 88 267 121 11 158 278 113 15 18 39 24 2 28 66 6 0 

5 49 80 274 84 41 85 334 106 5 7 69 2 0 20 64 16 

6 49 155 197 86 98 247 160 59 10 34 27 12 22 36 30 12 

7 143 206 113 25 198 195 122 49 33 33 8 9 38 34 12 16 

8 390 89 5 3 449 89 19 7 63 19 0 1 88 4 8 0 

9 43 444     48 516     7 76     8 92     

10 349 138     491 103     47 36     68 32     

11 158 185 22 122 64 273 44 183 2 42 21 18 12 44 12 32 

12 128 278 18 63 58 358 15 133 6 49 18 10 32 56 0 12 

13 195 135 43 114 86 245 55 178 6 22 38 17 8 26 16 80 

14 177 232 12 66 85 328 18 133 5 33 30 15 32 38 4 26 

15 238 249     292 272     41 42     40 60     

16 87 400     82 482     9 74     16 84     

17 283 204     296 268     61 22     54 46     

18 63 424     66 498     12 71     50 50     

19 263 38 137   288 30 246   50 2 31   66 0 34   

20 320 107 9 51 75 375 14 100 30 19 26 8 42 4 0 54 

21 94       79       79       86       

22 91       75       78       80       

23 87       67       72       71       

24 90       67       79       73       

25 89       63       69       74       

26 92       68       79       78       

27 92       72       81       78       

28 93       80       80       84       

29 93       89       92       96       

30 93       90       92       95       

31 92       79       83       78       
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Where the numbers at the first columns refer to the following terms: 

1 Academic level 12 Father specialization 22 Islamic education 

2 Gender 13 Mother specialization 23 Arabic 

3 Current major 14 Father tendency 24 English 

4 The student tends to specialize: 15 Mother tendency 25 Math 

5 
In terms of social relations, the 

student is classified as 
16 

Father is dedicated to his 

children 

 

26 Physics 

6 
The student is fully full time to 

study 
17 

Mother dedicated to her 

children 
27 Chemistry 

7 Number of daily study hours 18 Competition of relative 28 Life Sciences 

8 
Number of hours spent on 

online and     mobile daily 
19 

Availability of major / 

specialization in his current 

place 

26 
Palestine history 

and geography 

9 

Number of hours spent on 

playing and physical exercise 

per day 

20 Place of living   30 Arts and crafts 

10 Father works 21 Community orientation 31 Physical education 

11 Mother works   32 
Technology 

education 
 

After analyzing the questionnaires, it is found that most of the students in all branches 

have normal social relationships. Also, the percentage of voting for eleventh-grade 

students is greater than for twelfth-grade students which are more than 55%. 

Furthermore, the percentage of females voting is more than males in all branches except 

for the industrial branches which is more than 70%, as seen in figure 4.1. 

 

Figure 4. 1 Representation of the student's gender among the majors 
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As noted, too, there is a little and normal difference in the voted rate in some features. 

For example, the mother's preferences play an important role in selecting the students’ 

majors. The same goes for the rivalry between relatives. On the contrary, some features 

differed in some branches. For instance, the highest percentage of study students 

between three and six hours are scientific and industrial branches students. 

The questionnaire revealed important observations about the industrial branch. It is 

found that half of the students do not specialize in their town, as illustrated in figure 4.2. 

Female participants from this major are much less than males. Adding to this, the 

students of this major are never inclined to study the literary and commercial majors. 

 

Figure 4. 2 Availability of major 

Furthermore, the students' fathers in the industrial branch remarkably encouraged their 

children to study and noted that none of the students among the participants lived in a 

camp. At the same time, it is found that students of the commercial branch are never 

inclined to study the scientific or industrial branch, and also that the percentage of male 

participants in the commercial branch is much lower than females. 
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Figure 4. 3 Father tendency 

4.3  Machine Learning Classification Learner Result and Comparison 

In this section, the results are reviewed from the machine learning techniques used to 

classify students' majors. The different measurement parameters mentioned in the 

previous chapter are used to judge classification techniques. The judgment progress is 

essential for determining the technique's capability for these types of classification. 

Furthermore, the classification matrices are used to ensure the strength and safety of the 

machine learning techniques classification. Also, to help choose the suitable one for our 

case 

4.3.1 Machine Learning Classification Learner Result 

This section reviews the results produced from the application of machine learning 

classification learning algorithms. 

4.3.1.1 KNN Experiment Result 

The KNN technique is used to classify a student’s major. The number of clusters used is 

10, the inputs variables are 31, and the number of observations is 1234. 5-fold cross-
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validation is implemented, with several classes equaling four. After applying this 

technique, the result appears in the following table 4.2. 

Table 4. 2 KNN confusion matrix 

 Class 1 Class 2 Class 3 Class 4  Recall 

 Predict Count TP/Actual 

Actual 

445 41 0 1 487 0.91 

74 485 2 3 564 0.86 

1 47 34 1 83 0.41 

0 4 0 96 100 0.96 

Count 520 577 36 101 1234  
 

This table shows that this technique failed to predict the third classifier because the true 

positive is 34 and the actual is 83. This gives 0.41 TP/actual. At the same time, it 

succeeds strongly in the fourth classifier, which appears from TP/actual, which is 0.96. 

To take a deeper look at the results, different classification matrices are calculated as 

shown in the following table 4.3. 

Table 4. 3 KNN classification matrices 

  Class 1 Class 2 Class 3 Class 4 

TP 445 485 34 96 

TN 672 578 1149 1129 

FP 75 92 2 5 

FN 42 79 49 4 

(Recall) 0.913758 0.859929 0.409639 0.96 

False Negative Rate 0.086242 0.140071 0.590361 0.04 

(Precision) 0.855769 0.840555 0.944444 0.950495 

False Discovery Rate 0.144231 0.159445 0.055556 0.049505 

Specificity 0.899598 0.862687 0.998262 0.995591 

FPR = (1-Specificity) 0.100402 0.137313 0.001738 0.004409 

Accuracy  85.90% 

   F1 score 0.883813 0.850131 0.571429 0.955224 

Macro-F1 0.815149 

   Macro-(Recall) 0.785831 

   Macro-(Precision) 0.897816 

   weighted-f1 0.853195 

   weighted-Recall 0.858995 

   weighted-Precision 0.862456 
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As seen from the previous table 4.3, each of the measurement matrices for each class is 

calculated separately. Since it is a multi-class problem, the system's accuracy is 85.9%, 

the F1-score reveals that class 3 has the worst result on the classification model. Also, 

the Macro-F1, which gets the mean of each class of F1-score, is equal to 0.81. 

Furthermore, the weighted-F1 measurement factor is used because it considers the 

weight for each class that impacts the F-score result. Because the number of 

observations in the third and fourth class is few compared with the first and second 

categories, this, in turn, makes the impact of the error in classification on the system 

less. This explains the high value of the weighted-f1 compared with Macro-F1 as the 

results shown above. 

 
 

Figure 4. 4 KNN ROC curve 
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The ROC curve illustrated in figure 4.4, which is drawn between sensitivity vs. 

specificity for each class, is constructed for each class and makes it a positive and the 

rest of the classes as a negative, the area under the curve value is calculated and labeled 

using abbreviation AUC on the middle for each graph, this area appears under the dark 

blue line in light blue color. By looking at the graph, it is found that the value of the 

area under the curve in the first class is 0.96, and this indicates that the classification in 

the first-class falls under the excellent estimate. Also, the sensitivity of the current 

classifier is 0.91, and 1- specificity is 0.1. The second-class classification also showed 

excellent results, as the area under the curve reached 0.93, and the sensitivity and 1-

specificity values for the current classification reached the values 0.86,0.14, 

respectively. For the third class, the value of the area under the ordeal was less valuable, 

it is 0.86, and the sensitivity value for this classifier is 0.4, while the 1-specificity was 

zero. In the fourth class, the value of the area under the curve is perfect, and this means 

the AUC reached 1, and the value of sensitivity and 1-specificity is 0.96,0, respectively. 

Hence, it is noted that the third classification had a fewer classification matrix, as the 

ROC graph shows. Still, this impact on the whole system is less if weighted-AUC is 

taken as a classification matrix due to considering the observation weight for each class 

on his calculations. 

4.3.1.2 Linear Discrimination Experiment Result 

The linear discriminant technique is used to classify students’ majors using the 

following parameters; the inputs variables are 31, the number of observations is 1234, 

the validation is 5-fold cross-validation, and the number of classes is 4. After applying 

this technique, the result appears in the following table 4.4. 
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Table 4. 4 Linear discrimination confusion matrix 

 Class 1 Class 2 Class 3 Class 4 
 

Recall 

 Predict Count TP/Actual 

Actual 

470 11 1 5 487 0.965092 

45 481 21 17 564 0.852837 

0 31 52 0 83 0.626506 

4 0 3 93 100 0.93 

Count 519 523 77 115 1234 

 
 

This technique is better than the KNN technique because there is an enhancement in 

class 3, the TP is 52, and the actual is 83. This gives 0.62 TP/actual. At the same time, it 

succeeded strongly in the first classifier. This appears from TP/actual, which is 0.97. 

Different classification matrices are calculated to take a deeper look at the results, as 

shown in table 4.5. 

Table 4. 5 Linear discrimination classification matrices 

  Class 1 Class 2 Class 3 Class 4 

TP 470 481 52 93 

TN 698 628 1126 1112 

FP 49 42 25 22 

FN 17 83 31 7 

(Recall) 0.965092 0.852837 0.626506 0.93 

False Negative Rate 0.034908 0.147163 0.373494 0.07 

(Precision) 0.905588 0.919694 0.675325 0.808696 

False Discovery Rate 0.094412 0.080306 0.324675 0.191304 

Specificity 0.934404 0.937313 0.97828 0.9806 

FPR = (1-Specificity) 0.065596 0.062687 0.02172 0.0194 

Accuracy  88.82%    

F1 score 0.934394 0.885005 0.65 0.865116 

Macro-F1 0.833629    

Macro-(Recall) 0.843609    

Macro-(Precision) 0.827326    

weighted-f1 0.887078    

weighted-Recall 0.888169    

weighted-Precision 0.888695    
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As seen from the previous table 4.5, each of the measurement matrices for each class is 

calculated separately. Since it is a multi-class problem, the system's accuracy is 88.8%. 

The F1-score reveals that class 3 has the worst result on the classification model. Also, 

the Macro-F1, which is getting the mean of each class of F1-score, is equal to 83%, 

which is better than the KNN technique. Furthermore, the weighted-F1 classification is 

88.8%. 

From figure 4.5, it is found that the value of the area under the curve in the first class is 

0.99, which indicates that the classification in the first class falls under the excellent 

estimate. Also, the sensitivity of the current classifier is 0.97, and 1- specificity is 0.07. 

This class is the best classification AUC result. The second-class classification also 

showed excellent results. The area under the curve reached 0.96, and the sensitivity and 

1-specificity values for the current classification reached 0.85 0.06, respectively. The 

FPR in this classification becomes better than the KNN technique value. 

 

 

 

 

 

 

 

 

 

 

 

Figure 4. 5 Linear discrimination ROC curve 
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For the third class, the value of the area under the ordeal was less valuable. It is 0.92, 

this due to enhanced recall value, but the FPR increases since the number of samples 

classified on class 3, and it does not belong increased, and the sensitivity value for this 

classifier is 0.63, while the 1-specificity was 0.02. In the fourth class, the value of the 

area under the curve value decreases, and the value of sensitivity and 1-specificity is 

0.93 0.02, respectively. Hence, it is noted that the third classification had fewer 

significant values, as the ROC graph shows. Still, this impact on the whole system is 

less if weighted-AUC is taken as classification matrices due to considering the 

observation weight for each class on his calculations. 

4.3.1.3 SVM Experiment Result 

Classifying students' specialization on an SVM algorithm is also applied to check the 

quality of different machine learning techniques. The inputs variables are 31 with 1234 

observations, the validation is 5-fold cross-validation, and the number of classes is 4. 

After applying this technique, the results appear in the following table 4.6. 

Table 4. 6 SVM confusion matrix 

 Class 1 Class 2 Class 3 Class 4 
 

Recall 

 Predict Count TP/Actual 

Actual 

466 18 0 3 487 0.956879 

38 513 6 7 564 0.909574 

0 49 34 0 83 0.409639 

4 10 2 84 100 0.84 

Count 508 590 42 94 1234 
  

This technique is worse than the KNN technique on class 3 classification. Based on its 

result, the TP is 34, and the actual is 83. This gives 0.40 TP/actual. At the same time, it 

succeeded strongly in the first classifier, this appears from TP/actual, which is 0.95, 
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which is better than KNN, and it is worse than Linear discriminant, and for more details 

appears in table 4.7. 

Table 4. 7 SVM classification matrices 

  Class 1 Class 2 Class 3 Class 4 

TP 466 513 34 84 

TN 705 593 1143 1124 

FP 42 77 8 10 

FN 21 51 49 16 

(Recall) 0.956879 0.909574 0.409639 0.84 

False Negative Rate 0.043121 0.090426 0.590361 0.16 

(Precision) 0.917323 0.869492 0.809524 0.893617 

False Discovery Rate 0.082677 0.130508 0.190476 0.106383 

Specificity 0.943775 0.885075 0.99305 0.991182 

FPR = (1-Specificity) 0.056225 0.114925 0.00695 0.008818 

Accuracy 88.90%    

F1 score 0.936683 0.889081 0.544 0.865979 

Macro-F1 0.808936    

Macro-(Recall) 0.779023    

Macro-(Precision) 0.872489    

weighted-f1 0.882785    

weighted-Recall 0.888979    

weighted-Precision 0.88629    
 

 

The accuracy of the SVM technique is 88.9%, the enhancement is different from 

previous techniques, which are 0.1, the F1-score for class 3 remains the worst result. 

Also, the Macro-F1 81%, which is worse than the previous techniques despite accuracy, 

is better, while weighted-F1 classification is still the same as a linear discriminant 

technique with an 88.2% value. 
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Figure 4. 6 SVM ROC curve 

THE SVM ROC curve in figure 4.6 shows that the value of the area under the curve in 

the first class is 0.99, and this indicates that the classification in the first-class falls 

under the excellent estimate. Also, the sensitivity of the current classifier is 0.96, and 1- 

specificity is 0.06. This class is the best classification AUC result. The second-class 

classification also showed excellent results. The area under the curve reached 0.96, and 

the sensitivity and 1-specificity values for the current classification reached 0.91 0.11, 

respectively. The FPR in this classification becomes better than the value of the 

previous techniques. 

For the third class, the value of the area under the ordeal was less valuable. It is 0.93 

due to an enhanced recall value, but the FPR increases since the number of samples 

classified in class 3 and does not belong increased, and the sensitivity value for this 

classifier is 0.41, while the 1-specificity was 0.01. In the fourth class, the value of the 

area under the curve value is 0.98, and the value of sensitivity and 1-specificity is 0.84 
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0.01, respectively. Hence, it is noted that the third classification had a fewer 

classification matrix, as the ROC graph shows. Still, this impact on the whole system is 

less if weighted-AUC is taken as classification matrices due to considering the 

observation weight for each class on his calculations. 

4.3.1.4 Decision Tree Experiment Result 

This technique is similar in its construction to the tree model so that its nodes represent 

a test of the features so that their results appear on the branches, and that each end of 

leaf of it bears a name from the existing names of the class, it has 31 input features with 

1234 observation, the validation is 5-fold cross-validation, and the number of classes is 

4. after applying the algorithm, the result appears on the following table 4.8. 

Table 4. 8 SVM confusion matrix 

 Class 1 Class 2 Class 3 Class 4 
 

Recall 

 Predict Count TP/Actual 

Actual 

452 30 2 3 487 0.928131 

31 488 24 21 564 0.865248 

0 8 75 0 83 0.903614 

2 2 0 96 100 0.96 

Count 485 528 101 120 1234 
  

This algorithm produces better results than all previously implemented techniques, 

especially for class 3. This appears on its result, the true positive is 75, and the actual is 

83, this gives 0.9 TP/actual, while it succeeded strongly in the fourth classifier, this 

appears from TP/actual which is 0.96, for more detail see the table 4.9 below. 
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Table 4. 9 DT classification matrices 

  Class 1 Class 2 Class 3 Class 4 

TP 452 488 75 96 

TN 714 630 1125 1110 

FP 33 40 26 24 

FN 35 76 8 4 

Recall 0.928131 0.865248 0.903614 0.96 

False Negative Rate 0.071869 0.134752 0.096386 0.04 

Precision  0.931959 0.924242 0.742574 0.8 

False Discovery Rate 0.068041 0.075758 0.257426 0.2 

Specificity 0.955823 0.940299 0.977411 0.978836 

FPR = (1-Specificity) 0.044177 0.059701 0.022589 0.021164 

Accuracy  90.03%    

F1 score 0.930041 0.893773 0.815217 0.872727 

Macro-F1 0.87794    

Macro-(Recall) 0.914249    

Macro-(Precision) 0.849694    

weighted-f1 0.901097    

weighted-Recall 0.900324    

weighted-Precision 0.905    
 

The accuracy of the decision tree is 90.03%, the F1-score for class 3 jumps to 0.8. also, 

the Macro-F1jamp to 87%, while weighted-F1 classification reached 0.9, these results 

of classification matrices judge that decision tree classification succeeds to classify 

system compared with all previous techniques, and this appears on ROC  curve graph 

and agrees with these results, for more detail see figure 4.1. 

As shown in the illustrated ROC in figure 4.7, the values of the area under the curve in 

the first class is 0.96, the sensitivity of the current classifier is 0.93, and 1- specificity is 

0.04. For the second-class classification, the area under the curve reached 0.94, and the 

sensitivity and 1-specificity values for the current classification reached 0.87 0.06, 

respectively. 



77 

The third class shows a good enhancement in AUC value compared with all previous 

results. The value of the area under the curve is 0.97, which is due to enhanced recall 

and specificity values. The sensitivity value for this classifier is 0.90, while the 1-

specificity was 0.02. In the fourth class, the value of the area under the curve value is 

0.97, and the value of sensitivity and 1-specificity is 0.96 0.02, respectively 

 

Figure 4.7 DT ROC curve 

4.3.1.5 Ensembled Boosted Tree Experiment Result 

Undoubtedly, using a group of combined algorithms requires more complex 

mathematical operations and more mathematical operations in evaluating the model and 

checking the integrity of the prediction. This construction improves tree algorithms by 

merging them to obtain high accuracy in classifications. To check the quality of this 

machine learning, classifying students' majors on an Ensembled boosted tree algorithm 
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was also applied. Its inputs are 31 with 1234 observations, the validation is 5-fold cross-

validation, and the number of classes is 4. After applying the algorithm, the result 

appears on the following table 4.10 

Table 4. 10 ES boosted tree confusion matrix 

 Class 1 Class 2 Class 3 Class 4 
 

Recall 

 Predict Count TP/Actual 

Actual 

463 18 3 3 487 0.950719 

34 497 22 11 564 0.881206 

0 8 75 0 83 0.903614 

2 3 0 95 100 0.95 

Count 499 526 100 109 1234 
  

Appears that this technique has better matrices classification values for the whole 

classes. Class two is the worst because the TP is 497 and the actual is 564, and this 

gives 0.88 TP/actual. At the same time, it succeeded strongly in the first and fourth 

classifiers. This appears from TP/actual, which is 0.95 for both. To take a deeper look at 

the results, different classification matrices are calculated, as shown in the table. 4.11 

Table 4. 11 ES boosted tree classification matrices 

 Class 1 Class 2 Class 3 Class 4 

TP 463 497 75 95 

TN 711 641 1126 1120 

FP 36 29 25 14 

FN 24 67 8 5 

(Recall 0.950719 0.881206 0.903614 0.95 

False Negative Rate 0.049281 0.118794 0.096386 0.05 

(Precision  0.927856 0.944867 0.75 0.87156 

False Discovery Rate 0.072144 0.055133 0.25 0.12844 

Specificity 0.951807 0.956716 0.97828 0.987654 

FPR = (1-Specificity) 0.048193 0.043284 0.02172 0.012346 

Accuracy  91.57%    

F1 score 0.939148 0.911927 0.819672 0.909091 

Macro-F1 0.894959    

Macro-(Recall) 0.921385    

Macro-(Precision) 0.873571    
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weighted-f1 0.916235    

weighted-Recall 0.915721    

weighted-Precision 0.919106    
 

The accuracy of the ensembled boosted tree technique is 91.57%, the F1-score remains 

the worst result for class 3 .this return to miss prediction for this class. It appears on the 

number of predicted observations which is 100, which is too high compared to the 

actual, which is 83, also, the Macro-F1 89% which is better than previous techniques. In 

comparison, weighted-F1 classification is still the same as the previous algorithm with a 

91.2% value, so from previous, it is seen that the ensembled technique enhanced 

classification matrices. 

 

Figure 4. 8 ES boosted tree ROC curve 

As shown in figure 4.8, it is found that the value of the area under the curve in the first 

class is 0.99, and this indicates that the classification in the first class falls under the 

excellent estimate. Also, the sensitivity of the current classifier is 0.95, and 1- 
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specificity is 0.05. This class is the best classification AUC result. The second-class 

classification also showed excellent results. The area under the curve reached 0.98, 

sensitivity and 1-specificity values for the current classification reached 0.88 0.04, 

respectively. The FPR in this classification becomes better than the previous algorithm 

results. For the third class, AUC is 0.98, and the sensitivity value is 0.90, while the 1-

specificity was 0.02. In the fourth class, the area value under the curve value is 0.97, 

and the sensitivity and 1-specificity are 0.96 0.02, respectively. The worst AUC class is 

class 4, but it is accepted since the AUC value is 0.97. 

4.3.1.6 Ensembled Bagged Tree Experiment Result 

As mentioned before in chapter 3, bagging separates the dataset into sub-datasets with 

slight changes in bootstrapping. Bootstrap aggregating is carried out to understand the 

distribution of data. This experiment will check this algorithm's capability to classify 

students' majors. The inputs are 31 with 1234 observations, the validation is 5-fold 

cross-validation, and the number of classes is 4. After applying this technique, the result 

appears in the following table 4.12. 

Table 4. 12 ESbagged tree confusion matrix 

 Class 1 Class 2 Class 3 Class 4 
 

Recall 

 Predict Count TP/Actual 

Actual 

469 17 0 1 487 0.963039 

29 528 3 4 564 0.93617 

0 21 62 0 83 0.746988 

0 0 1 99 100 0.99 

Count 498 566 66 104 1234 

 
 

This technique produces a result worse than the ensembled boosted tree on class 3 

classification. Based on its result, the TP is 62, and the actual is 83. This gives 0.74 
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TP/actual. At the same time, it succeeded strongly in the second classifier. This appears 

from TP/actual, which is 0.93, better than Decision tree and boosted tree, and for more 

details, look to table 4.13. 

The accuracy of the ensembled boosted tree is 93.84%. This result is the best, but the 

F1-score remains bad for class 3. Also, the Macro-F1 92%, which is worse than the 

previous algorithm despite accuracy, is better.Weighted-F1 is still the same as ES 

Bagged tree techniques with 93.7% value, this technique also has the best f1-score value 

for both Macro-F1 and weighted-F1. 

Table 4. 13 ES bagged tree classification matrices 

  Class 1 Class 2 Class 3 Class 4 

TP 469 528 62 99 

TN 718 632 1147 1129 

FP 29 38 4 5 

FN 18 36 21 1 

Recall 0.963039 0.93617 0.746988 0.99 

False Negative Rate 0.036961 0.06383 0.253012 0.01 

Precision  0.941767 0.932862 0.939394 0.951923 

False Discovery Rate 0.058233 0.067138 0.060606 0.048077 

Specificity 0.961178 0.943284 0.996525 0.995591 

FPR = (1-Specificity) 0.038822 0.056716 0.003475 0.004409 

Accuracy  93.84%    

F1 score 0.952284 0.934513 0.832215 0.970588 

Macro-F1 0.9224    

Macro-(Recall) 0.909049    

Macro-(Precision) 0.941487    

weighted-f1 0.937569    

weighted-Recall 0.938412    

weighted-Precision 0.93836    
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Figure 4. 9 ES bagged tree ROC curve 

From the ROC figure 4.9, the FPR rate is less for whole classes, which means they miss 

prediction decreases, it is found that the value of the area under the curve in the first 

class is 0.99, and this indicates that the classification in the first-class falls under the 

excellent estimate. Also, the sensitivity of the current classifier is 0.96, and 1- 

specificity is 0.04. for the second-class classification, it also showed excellent results. 

The area under the curve reached 0.98, and the sensitivity and 1-specificity values for 

the current classification reached 0.94,0.06, respectively. The FPR in this classification 

becomes better than the value of the previous techniques. For the third class, it is 0.98, 

and the sensitivity value for this classifier is 0.75, while the 1-specificity was 0.0. In the 

fourth class, the area value under the curve value one and the value of sensitivity and 1-

specificity is 0.99 0.0, respectively. 
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4.3.2 Machine Learning Classification Learner Comparison 

This section compares the machine learning techniques with what is previously 

reviewed. A comparison is made between these techniques depending on the 

classification matrices, and also the important classification matrices were visualized 

using charts that give a clearer picture of the most important differences and what 

distinguishes each technique, as a result of comparing the results, the technique that is 

the most successful in classifying students’ majors is determined. 

To make a fair comparison, a table containing the most important classification matrices 

for each technique is created; this makes the comparison procedure easy and fair. See 

Table 4.14. 

It is noted from the above table 4.14 that the accuracy value of the Ensembled bagged 

tree algorithm is the highest, as shown in the following figure 4.10. 

Table 4. 14 Classification learner comparison 

 
KNN 

Linear 

Deterministic 
SVM DT 

Ensembled 

boosted tree 

Ensembled 

bagged tree 

Accuracy 85.90% 88.82% 88.90% 90.03% 91.57% 93.84% 

 F1 score class 1 0.88381 0.93439 0.93668 0.930041 0.939148 0.952284 

F1 score class 2 0.85013 0.88501 0.88908 0.893773 0.911927 0.934513 

F1 score class 3 0.57143 0.65 0.544 0.815217 0.819672 0.832215 

F1 score class 4 0.95522 0.86512 0.86598 0.872727 0.909091 0.970588 

Macro-F1 0.81515 0.83363 0.80894 0.87794 0.894959 0.9224 

Macro-(Recall) 0.78583 0.84361 0.77902 0.914249 0.921385 0.909049 

Macro-(Precision) 0.89782 0.82733 0.87249 0.849694 0.873571 0.941487 

weighted-f1 0.8532 0.88708 0.88279 0.901097 0.916235 0.937569 

weighted-Recall 0.859 0.88817 0.88898 0.900324 0.915721 0.938412 

weighted-

Precision 
0.86246 0.8887 0.88629 0.905 0.919106 0.93836 
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Figure 4. 10 Classification learner comparison chart 

The rating values differed among the techniques, note figure 4.11. It is noted that the 

values of the recall parameter are improving in the weight-recall of the macro-recall. 

This is reflected in the values of the Weight-f1 because the weights of the observation 

are taken into account, see figure 4.12. 

 

Figure 4. 11 F1-score classification learner comparison chart 
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Figure 4. 12 Weight classification learner comparison chart 

The difference between the weight values in the classification matrices in some 

classification’s values has to be discussed. It is noticed that the difference between 

Weighted-f1 and Macro -F1 in the SVM technique is large, and this is due to the error in 

the classification of the third class. While the difference between Weighted-f1 Macro -

F1 in the Ensembled bagged tree technique is small, this returns to the high 

classification matrices on whole classes, note figure 4.13. 

 

Figure 4. 13 Macro learner classification comparison 
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If it is assumed that the weights of the samples Neglected and the classification 

coefficients are the same, the macro-F1 is the most accurate. Still, if the weights of the 

samples are important in the classification, the weight-F1 is the closest to reality and the 

fairest. Note the following figure 4.14. In our case, the weight-F1 is more suitable for 

classification.  

.  

Figure 4. 14 Macro vs. weight learner classification comparison chart 

4.4  Multi-Layer Perceptron Neural Networks (MLPNNs) 

 Neural networks are one of the virtual machine learning techniques, and they are 

characterized by their high ability to classify, so they are also used in classification. The 

classification results using NNs were the best from all classification models whose 

results were previously reviewed. In this section, the results are reviewed that are 

obtained from the application of neural networks to the different number of different 

NNs, which are in the order of 5, 10, 15, and 20, and then compare the results to 

determine the number of neurons needed to obtain the best classification to predict the 

students’ majors. When five neurons were used, the result that appeared is 

unsatisfactory, and it is noted that the classification in the industrial class is terrible. 
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When ten neurons were used, the results are entirely different. In the third stage, when 

15 neurons were used, all classification algorithms were the best. The tests are still 

performed to ensure that if 20 neurons are used, can the best accurate results be 

obtained?  

Unfortunately, the system's accuracy decreased, so a comparison is made for a fair 

judgment and differentiation between applying the number of different neurons, as 

shown in the following table 4.15. 

Table 4. 15 MLP 5,10,15,20 neuron.comparison 

classification 

Matrices 

5 

Neuron 

10 

Neurons 

15 

neurons 

20 

neurons 

Accuracy  88.41% 95.22% 96.92% 94.17% 

Macro-F1 0.697241 0.955789 0.963855 0.937248 

Macro-(Recall) 0.915272 0.960298 0.963601 0.939851 

Macro-(Precision) 0.716511 0.952006 0.964474 0.935237 

weighted-f1 0.919212 0.952183 0.969283 0.941728 

weighted-Recall 0.884117 0.952188 0.969206 0.941653 

weighted-Precision 0.959219 0.953162 0.969495 0.942656 
 

A graph is created to compare the accuracy of changing the number of neurons in neural 

networks to clear the difference. The superiority of the fifteen-neuron neural network is 

noticed by looking closely, as illustrated in figure 4.15. 

 

Figure 4. 15 Accuracy comparison between different MLP neuron 
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Also, a graph is made on weighted-F1 to compare the neural networks. The weighted-

F1 is taken because it considers each class's weight separately, and as it is seen in figure 

4.16, the superiority of 15neuron neural networks over other neural networks. 

 

Figure 4. 16 Weight-F1 comparison between different MLP neuron 

If the weight of each class in the classification is neglected, then the use of the macro-

F1 is ideal in this case. Checking figure 4.17 below, it is noted the weakness of neural 

networks with five neurons for classification and the superiority of neural networks with 

fifteen neurons. 

As evident below, the best values of the classification matrices are when applying a 

neural network with 15 neurons. 

To highlight the most successful neural network in classification, the neural network 

consisting of 15 neurons is discussed in detail; the figure 4.18 shows the classifications 

for classes accurately. 
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Figure 4. 17 Macro comparisons between different MLP neuron 

To have a comprehensive view of the outputs of classification matrices, the total result 

of the confusion matrices is used from each of the training, valid, and test confusion 

matrix, and calculation operations are carried out. Note table 4.16. 

 

Figure 4.18 MLP 15 neuron confusion matrix 

  



90 

Table 4.16 MLP 15 neuron classification matrices 

  Class 1 Class 2 Class 3 Class 4 

TP 477 543 76 100 

TN 733 654 1147 1130 

FP 10 21 7 0 

FN 14 16 4 4 

Recall 0.971487 0.971377 0.95 0.961538 

False Negative Rate 0.028513 0.028623 0.05 0.038462 

Precision  0.979466 0.962766 0.915663 1 

False Discovery Rate 0.020534 0.037234 0.084337 0 

Specificity 0.986541 0.968889 0.993934 1 

FPR = (1-Specificity) 0.013459 0.031111 0.006066 0 

Accuracy  96.92%       

F1 score 0.97546 0.967053 0.932515 0.980392 

Macro-F1 0.963855       

Macro-(Recall) 0.963601       

Macro-(Precision) 0.964474       

weighted-f1 0.969283       

weighted-Recall 0.969206       

weighted-Precision 0.969495       
 

Note that the classification accuracy is 96.92%, and when looking at other classification 

matrices, it is seen that the Macro-F1 value is 0.963, and the result of weighted-f1 is 

0.969. it is noticed here that the classification values of weighted-f1 returned to rise 

from the value of classification Macro-F1. This indicates that the system succeeded in 

classifying the first class, representing more weight than the third and fourth class. 

The following ROC curve shows the ability of this system to classify the students' 

majors well, as the values of the area under the curve were more than ninety-five 

percent. In contrast, the importance of sensitivity and 1-specificity were as follows: The 

value of sensitivity and 1-specificity for the first category is 0.97, 0.013, for the second 

class it is 0.971,0.031, for the third class, the value is 0.95,0.006, and for the fourth 

class, the value sensitivity and 1-specificity is 0.96,0.0 
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Figure 4.19 MLP 15 neuron ROC curve 

4.5  MLPNNs VS Ensembled Bagged tree on Classification 

This section compares the classification results produced by MLPNNs with the learner 

classification methods. The best neural network that gives results is selected; the best 

classification result is obtained when the neural networks consist of 15 neurons. Also, 

according to the results of the learner classification algorithm, the best one is the 

ensembled bagged tree. 

The following table 4.17 shows the essential accuracy to classify the results accurately. 

It shows the superiority of neural networks in all learner classification algorithms 

chosen. 
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Table 4. 17 ES VS MLP 15 neuron 

Classification Matrices MLP 15 Neurons ES 

Accuracy 96.92% 93.84% 

Macro-F1 0.963855 0.9224 

Macro-(Recall) 0.963601 0.909049 

Macro-(Precision) 0.964474 0.941487 

weighted-f1 0.969283 0.937569 

weighted-Recall 0.969206 0.938412 

weighted-Precision 0.969495 0.93836 

 

Furthermore, there is a significant difference in the values of classification coefficients, 

which appears clearly on weighted-F1 and macro-F1. These matrices emphasize the 

superiority of neural networks. 

4.6  Specialist Dataset VS Marks Dataset Result and Comparison 

In this section, a dataset consisting of students’ marks only is adopted. The best 

algorithms are used in the same conditions that give a high-accuracy rating for 

classification when the input data is the dataset that specialists approve. The ensembled 

bagged tree algorithm is used to classify students’ majors. The inputs are 11, the number 

of observations is 1234, the validation is 5-fold cross-validation, and the number of 

classes is 4. after applying the algorithm, the result appears in table 4.18. 

Table 4. 18 ES confusion matrix for marks dataset 

 Class 1 Class 2 Class 3 Class 4 
 

Recall 

 Predict Count TP/Actual 

Actual 

415 65 1 6 487 0.852156 

57 501 3 3 564 0.888298 

4 54 24 1 83 0.289157 

18 14 2 66 100 0.66 

Count 494 634 30 76 1234  
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This algorithm failed to predict the third classifier well from the first look because the 

true positive is 24 and the actual is 83. This gives 0.41 TP/actual, and to take a deeper 

look at the results, different classification matrices are calculated, as shown in Table 

4.19 below. 

As seen from the previous table, each of the measurement matrices for each class is 

calculated separately. Since it is a multi-class problem, the system's accuracy is 81.52%. 

The F1-score reveals that class 3 has the worst result on the classification model. Also, 

the Macro-F1, which gets the mean of each class of F1-score, is equal to 0.71. 

Furthermore, weighted-F1 is equal to 0.81. Because the number of observations in the 

third and fourth class is few compared with the first and second categories, this, in turn, 

makes the impact of the error in classification on the system less. Also, the area under 

the curve gives lower values than it is previously 

Table 4. 19 ES classification matrices for marks dataset 

  Class 1 Class 2 Class 3 Class 4 

TP 415 501 24 66 

TN 668 537 1145 1124 

FP 79 133 6 10 

FN 72 63 59 34 

Recall 0.852156 0.888298 0.289157 0.66 

False Negative Rate 0.147844 0.111702 0.710843 0.34 

Precision 0.840081 0.790221 0.8 0.868421 

False Discovery Rate 0.159919 0.209779 0.2 0.131579 

Specificity 0.894244 0.801493 0.994787 0.991182 

FPR = (1-Specificity) 0.105756 0.198507 0.005213 0.008818 

Accuracy 81.52%    

F1 score 0.846075 0.836394 0.424779 0.75 

Macro-F1 0.714312    

Macro-(Recall) 0.672403    

Macro-(Precision) 0.824681    

weighted-f1 0.805528    

weighted-Recall 0.815235    

weighted-Precision 0.816893    
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By looking at figure 4.20, it is found that the valueof the area under the curve in the first 

class is 0.95, and this indicates that the classification in the first-class falls under the 

excellent estimate. Also, the sensitivity of the current classifier is 0.85, and 1- 

specificity is 0.1. the second-class classification also showed results, as the area under 

the curve reached 0.92, and the sensitivity and 1-specificity values for the current 

classification reached 0.89,0.2, respectively. 

 

Figure 4.20 ES ROC curve for marks dataset 

For the third class, the value of the area under the ordeal was less valuable, it is 0.82, 

and the sensitivity value for this classifier is 0.29, while the 1-specificity was zero. In 

the fourth class, the value of the area under the curve is 0.96, and the value of sensitivity 

and 1-specificity is 0.66,0.1, respectively.  

Also, MLPNNs are used, 15 neurons are used, and the result is unsatisfactory. See 

figure 4.21. 
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To have a comprehensive view of the outputs of classification matrices, the total result 

of the confusion matrices is used from each of the training, valid, and test confusion 

matrix, and calculation operations are carried out. Note table 4.21. 

 

Figure 4. 21 MLP 15 neuron confusion matrix for marks dataset 

Table 4. 20 MLP 15 neuron confusion matrix for marks dataset 

  Class 1 Class 2 Class 3 Class 4 

TP 418 497 0 0 

TN 619 479 1151 1134 

FP 69 67 83 100 

FN 128 191 0 0 

(Recall) 0.765568 0.722384 Unknown Unknown 

False Negative Rate 0.234432 0.277616 Unknown Unknown 

Precision  0.858316 0.881206 0 0 

False Discovery Rate 0.141684 0.118794 1 1 

Specificity 0.899709 0.877289 0.932739 0.918963 

FPR = (1-Specificity) 0.100291 0.122711 0.067261 0.081037 

Accuracy  74.15%    
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F1 score 0.809293 0.79393 Unknown Unknown 

Macro-F1 Unknown    

Macro-(Recall) Unknown    

Macro-(Precision) 0.43488    

weighted-f1 Unknown    

weighted-Recall Unknown    

weighted-Precision 0.871078    
 

Note that the classification accuracy is 75.41%, and also looking at the other 

classification factors are as follows: In terms of Macro-F1, the value is unknown, and 

the result of weighted-f1 is unknown. This is due to failed MLPNNs to classify the third 

and fourth classes, and this gives a bad result from an ensembled bagged tree on the 

same dataset, which is also worse compared with the dataset used in the previous test all 

students information. 

From the ROC curve shown in figure 4.22, in which the classification of each class with 

a special color appeared in it as indicated in the key of the graph, the fourth class shows 

a weakness in the ability to classify properly, to look deeper at a result. It is noticed that 

the sensitivity and 1-specificity for each class is obtained as follows: The value of 

sensitivity and 1-specificity for the first category is 0.76, 0.1, for the second class it is 

0.72,0.12, for the third class the value is unknown,0.08, and for the fourth class which is 

the least fortunate, the value sensitivity and 1-specificity is unknown,0.06. 
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Figure 4. 22 MLPNNs 15 neuron ROC curve for marks dataset 

From the above, the neural networks fail to classify the third and fourth categories and a 

sharp drop in the value of accuracy compared to the precision obtained when applying 

the dataset under the same conditions. It is concluded that relying on the grade marks 

alone is impossible to predict their future majors. 

4.7  Challenges and Limitation 

One of our goals, when this research was established, was to predict the student 

specialization in universities. Unfortunately, the needed features from the universities 

cannot be gotten because the necessary information does not exist. the following 

features are planned to be used: Place of residence - in terms of distance from the 

university, Branch - industrial science, Nationality, Date of Birth, Chronological age for 
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obtaining a high school diploma, Gender, Specialization cost/hour, Current 

Specialization, The date of issuance of the general secondary certificate  (to calculate 

the time difference between the date of issuance of the available secondary certificate 

and enrollment in the university), Date of registration at the university, High school 

average, The country of the secondary school, and High school transcripts 

The universities do not have all the required information on their database, especially 

the marks for each curriculum on the high school certificate. The average impact of the 

high school certificate was only entered into their database. These matters prevented 

obtaining the information for the classification of majors. 
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Chapter Five 

Conclusion and Future Work 

5.1 Conclusion  

Early classification of students' enrollment in the literary, scientific, industrial, and 

commercial academic branches in Palestine would assist decision-makers in setting 

successful plans. The early category of students' enrollment in the literary, scientific, 

industrial, and commercial major would assist MOE decision-makers in developing 

successful strategies. Such as anticipating the necessary infrastructure in education and 

the number of human cadres from the academic staff needed to adapt to developments 

and also helps in developing recovery plans to increase numbers in a particular branch 

and also helps the student to anticipate his future specialization based on the data of his 

current situation. 

Dataset is collected from several directorates and distributed to 3 main divisions: North, 

Central, and South. The voter turnout in the North was the highest, reaching 45 %, in 

the middle, it was 20 %, whereas, in the South, 35 %, and the same was true for the 

eleventh grade. The questionnaire statistics showed that females voted the most. In 

contrast, students in the eleventh grade voted more than the students of the twelfth 

grade, and the tendencies of parents and society were for the literary branch. It also 

showed that now most students spend their time playing and few of them in sports 

activities. It is noted that 13% of Students study outside their hometowns, and most 

have enough time to study. 
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In Palestine, no previous research collects datasets directly from the participants and 

uses machine learning techniques to classify the student major. The poor information 

made identifying the necessary features suitable for classification one of the essential 

stages implemented accurately. As is known, careful selection of the features 

significantly affects the machine learning technique's ability to classify with high 

efficiency. The features selection process based on previous studies and 

recommendations of professionals in this field must be referred. 

Different machine learning techniques have proven their ability to categorize disciplines 

of student majors. Several machine learning algorithms have been used: KNN, SVM, 

linear discriminant, decision tree, ensembled boosted tree, and ensembled bagged tree 

and MLPNNs. It is concluded that the ensembled bagged tree shows an excellent 

classification ability and has a good result compared to the learner classification 

algorithm. The classification accuracy for this algorithm reached 93.8%, the weight-F1 

is 0.93, the precision is 0.94, and the recall is 0.90. In comparison, the power of neural 

networks to classify was more robust than all learner classification algorithms, where 

the classification accuracy reached 96.9%, the weight-F1 is 0.96, the precision is 0.96, 

and the recall is 0.96. The experiments also showed a return in the classification 

accuracy if only the students' marks were approved, as the classification accuracy in the 

ensembled bagged tree algorithm reached 81.52%. In comparison, the classification 

accuracy in the MLPNNs algorithm reached 74.15%. 
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5.2  Future Work 

The future view of this thesis is directed only to increase the efficiency of classification, 

so future efforts are directed towards establishing a hybrid system. The developed 

hybrid system should be able to give more accurate classifications. 

 Attention is also directed to developing a system capable of predicting the future grades 

of students in high school. Student Grade prediction depends on determining all 

required features, Especially since many factors affect the student's achievement. 

Furthermore, sufficient educational data should be collected for more accurate results to 

achieve the required goals before applying newer prediction algorithms. 

One of the future visions is to complete the expectation of the student’s major at the 

university by making every effort to find mechanisms for integrating the databases in 

the Palestinian Ministry of Education and universities so that our research can be 

completed in this field 
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Appendix 

In this part, official papers are drawn from the books of the Ministry of Education, in 

addition to the arbitrator questionnaire 

Appendix A: 

Below is an image of the official books to facilitate the researcher's tasks by the 

Ministry of Education and Higher Education 
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Appendix B: 

Here, a sample questionnaire was drawn up, which was distributed to the students 

تحديد ميهل الطالب استبانة  

 ة،/الطحترم/ة الطالب حضرة
 إجخاءحاسهب، بالتخرص عمم بفي الجامعة العخبية الأمخيكية  الساجدتيخ مخحمة فيطالب  وهه الباحث، يقهم

              وذلك استكسالا   .التظبؤ بالتخصصات الطلابية وتصظيفها باستخدام تقظيات التعلم الآلي ن:بحث تحت عشها
 عذخ والثاني عذخ الحادي الرفين طمبةالسدتهجفة من هحه الاستبانة هم  الفئةو . الساجدتيخ أطخوحةلستطمبات 

هحه الجراسة  تبحث حيثالتي تهفخها وزارة التخبية والتعميم،  والسهشية الأكاديسية فخوعفعميا بأحج ال التحقهاالحين 
 أربعةالاستبانة والسكهنة من  هحه عج الباحثأ  لحا ، الفخوع هحه إحجى اختيارالتي دعت الطالب الى  التأثيخات

                        عمسا  بأن البيانات التي  ،جقة ومهضهعيةب عميهاعجد من الفقخات الهاجب الاجابة عمى محهر يحتهي كل  ،محاور
 .وستدتخجم لأغخاض البحث العمسي فقط ،سخية ستكهن سيتم جسعها 

 وتفزمها بقبهل فائق الاحتخام

مهسىجهاد مهسى أمين الشيخ   :الباحث  
 يرجى رحذيذ ٍب يْطجق عييل فيَب ييي:

 طىباش - 3قباطٍت                      -2جنٍن                 -1 مذٌرٌت انخربٍت وانخعهٍم 

 اىصف اىذراسي
ثانً  -2حادي عشر     -1

 عشر
 أنثى -2 ركر -1 جْس اىطبىت

 مهنً -4حجاري          -3أدبً          -2عهمً         -1 رخصص اىطبىت

 

الإجبثخ عِ اىفقراد اىزبىيخ ثىضع دائرح حىه الإجبثخ اىَْبسجخ: يرجى  

  مْذ أٍيو ىذراسخ اىزخصص اىزبىي:

1- -2 عهمً   أدبً 

3- -4 حجاري   مهنً 

 

  اعزجر ّفسي في ٍجبه اىعلاقبد الاجزَبعيخ:

1- -2 اجخماعً جذا   اجخماعً 

3- -4 محذود انعلاقاث   انعسانً 

 

ىيذراسخ ثشنو:                   اعزجر ّفسي ٍزفرغب     

1- -2 مشغىل جذا   مشغىل 

3- -4 مخىسط الانشغال   مخفرغ بشكم كامم 

    

  عذد سبعبد دراسزي اىيىٍيخ:

1- -2 أقم  أو ٌساوي  ساعت   أكثر من ساعت وأقم أو ٌساوي  ثلاد ساعاث 

3- سج ساعاث ٌساويأكثر من ثلاد ساعاث وأقم أو    4-  أكثر من سج ساعاث 
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                 واىَحَىه يىٍيب : الإّزرّذعذد اىسبعبد اىزي أقضيهب عيى 

1- -2 أقم  أو ٌساوي  ساعت   أكثر من ساعت وأقم أو ٌساوي  ثلاد ساعاث 

3- -4 أكثر من ثلاد ساعاث وأقم أو ٌساوي سج ساعاث   أكثر من سج ساعاث 

  

 عذد اىسبعبد اىزي أقضيهب في اىيعت واىَجهىد اىجذّي يىٍيب

1- ٌساوي  ساعت أقم  أو   2-  أكثر من ساعت وأقم أو ٌساوي  ثلاد ساعاث 

3- -4 أكثر من ثلاد ساعاث وأقم أو ٌساوي سج ساعاث   أكثر من سج ساعاث 

 

 

 أخي اىطبىت/ح أرجى رعجئخ اىجْىد اىلاحقخ ثبىزعبوُ ٍع وىي أٍرك.

 لا نعم عَو الأة

     

 لا نعم عَو الأً

     

 مهنً حجاري أدبً عهمً رخصص الأة

     

 مهنً حجاري أدبً عهمً رخصص الأً

     

 مهنً حجاري أدبً عهمً ٍيىه الأة

     

 مهنً حجاري أدبً عهمً ٍيىه الأً

     

 لا نعم الأة ٍزفرغ لأثْبئه اىطلاة

     

 لا نعم الأً ٍزفرغخ لأثْبئهب اىطلاة

     

 لا نعم هْبك ٍْبفسخ ٍِ أقبرثي ىذراسخ ّفس رخصصي

     
 

 يرجى رعجئخ اىَعيىٍبد اىزبىيخ ثبىزعبوُ ٍع ٍذير ٍذرسزل:

 لا ّعٌ رىفر اىزخصص / اىفرع في اىجيذ 

   

 قرٌت مخٍم مذٌنت ٍنبُ سنِ اىطبىت

   

 مهنً حجاري أدبً عهمً رىجه اىَجزَع 

 

      يرجى مزبثخ علاٍزل أٍبً مو ٍبدح دراسيخ فيَب ييي: 

 اىعلاٍخ  اىَبدح اىذراسيخ

  اىزرثيخ اىذيْيخ

 

  اىيغخ اىعرثيخ

 

  اىيغخ الإّجييزيخ

 

  اىريبضيبد

 

  اىفيزيبء
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  اىنيَيبء

 

  اىعيىً اىحيبريخ

 

  ربريخ فيسطيِ وجغرافيزهب

 

  اىفْىُ واىحرف

 

  اىزرثيخ اىجذّيخ

 

  اىزرثيخ اىزنْىىىجيخ

 
 

 ملاحظت: انرجاء الاسخعانت ( بمنصت انعلاماث انرقمٍت انخابعت نىزارة انخربٍت وانخعهٍمE-School نهخأكذ )

 من دقت انعلاماث انمذخهت.
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0011    

.

 k- (KNN) 

(SVM) 
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.(MLPNNs) 

9..9    

9..9    

. 


