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Abstract

Predicting student performance is becoming more challenging due to large amount of

data in the educational databases. Data mining tools could be used to explore academic

databases with the objective of extracting knowledge about student’s performance. Ma-

chine learning (ML) teaches computer to learn and make decisions, ML tools may include

but not restricted: Decision Trees (DT), Artificial Neural Networks (ANN), Support Vec-

tor Machines (SVM)...etc.

The academic databases at Palestine Polytechnic University (PPU), contain millions of

records of data about tens of thousands of students over the last 40 years. In this thesis,

we decided to extract a subset of this huge data, and build our own data set which con-

tains the most important features about engineering students according to expert advice

at PPU. Then, we have built our model using SVM as a classifier and the Radial Basis

Function (RBF) with linear kernels as a pre-processor for feature selection.

The proposed model is used to predict student performance at PPU. The data set of

students in the engineering discipline is used as a benchmark. Results of our model

show excellent classification accuracy and AUC for the student’s performance, highest

obtained accuracy and AUC is 96% for optimized RBF-SVM model using the genetic

algorithm and grid search method, these results make the model a reliable one to be

generalized for the university students from other disciplines. Furthermore, it could be

developed to be used by instructors, academic supervisors and students to take proactive

steps to improve learning strategies.
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Chapter 1

Introduction

Predicting students performance is an important issue for students, instructors, and

academic leaders. Depending on the results of a prediction model could be helpful for

teachers to discover the level of their current students and take proactive steps in their

teaching strategies. Also, it could be helpful in applying the suitable academic strategies

at the academic program level, and in assessing factors of weakness level of students.

The fast improvement of technology during the last years, facilitates the collection of

huge amounts of data, like students data, alumni data, courses data and much more

all collected in data bases. To extract useful information from databases we need Data

mining or what called ’Knowledge Discovery in Databases’.

Data mining could be used in academic manner to improve developing methods that dis-

cover academic databases and called ’Educational Data Mining’ [3, 12, 13], many tools

and algorithms could be used in Data mining like decision trees, artificial neural network,

naive base, support vector machine, and many others.

Support vector machine (SVM) is a popular classification technique in data mining, this

task involves separate data set into a training set and testing set, each set has a target

value called ’class’. Our class in this thesis is GPA. Label ’A’ mapped to students who

have GPA equals to 90% and greater, ’B’ for students who have GPA equals to 85% and

greater, ’C’ for students who have GPA equals to 78% and greater, ’D’ for students who

have GPA equals to 71% and greater,’E’ for students who have GPA equals to 68% and

greater,’F’ for students who have GPA less than 68%, and ’O’ label for students who did

not have a bachelor degree in Engineering. In this thesis we used a benchmark data set

collected from Palestine Polytechnic university then used to test build predicting models

ones with ’O’ label, and ones without.

SVM algorithm is used as binary classifier to find separating linear hyperplane between

different classes, also to find a non-linear separator called kernel function like linear and

radial basis function will be used in this research[14].

1



CHAPTER 1. INTRODUCTION 2

The aim of this thesis is to use Radial Basis Function (RBF) and linear kernels, under

SVM classifier to build a prediction model that predicts students academic performance

at Palestine Polytechnic University at engineering discipline.

1.1 Thesis objectives and hypothesis

Predicting academic performance for students from different disciplines is an important

research topic for both students and teachers[15]. This thesis aims to:

• Predict the student’s performance based on the student’s GPA. The training data

is collected from Palestine Polytechnic University databases over more than ten

years.

• Based on the results obtained from the prediction model, teachers and instructors

can take proactive decisions and steps to improve academic performance for weak

students before getting fail.

• The model is also important for students, where low performance students can

develop their way of learning and use different learning strategies. Results can

make poor students rethink about their academic level and learning ways.

1.2 Thesis methodology

Many algorithms and techniques are employed in predictive models, including regres-

sion, classification, and clustering. This research aims to classify engineering students

depending on their academic performance after five years of engineering study.

Two classification scenarios are presented and tested in this thesis using the support vec-

tor machine algorithm. Two models build using RBF-SVM and linear-SVM depending

on data set that collected from Palestine Polytechnic University data base for engineering

students to predict their academic performance after five years of study.

After building model of prediction, an optimization task is done using two ways: First

way is using grid search method, Second using genetic algorithm in order to optimize

algorithm parameters and to have a better predictive model.
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1.3 Thesis contributions

• Build our own data set from PPU data base about engineering students who joined

university from 1994 to 2017 that contains personal, pre-university, and university

information about students. Then make some preprocessing to be useful for use.

• Create a classifier model based on a Support Vector Machine algorithm, that clas-

sifies students performance at PPU based on two kernels: radial basis function and

linear to build two prediction models.

• Make a comparison between two models, then try to enhance RBF-SVM model

using genetic algorithm and grid search method.

1.4 Thesis structure

This thesis is composed of five chapters. Chapter 1 gives an introduction, problem

statement, methodology and contribution. Chapter 2, Background and Related Work,

brief historical background and explains some fundamental concepts related. . Following,

Chapter 3 introduced proposed data set, how is collected and prepossessed, then show

system architecture , describes the proposed architecture of the developed system, and

the implementation of the theoretical model used on the matter; methodology already

addressed to the present problem, showing some existing solutions in this field of studies.

Chapter 4 presents experiments and results that describe the several case studies made,

showing result analysis and the solutions obtained. Finally, chapter 5 gives a conclusion

which summarizes the respective work done and the following conclusions about the

results obtained and the approaches used, together with several future work propositions.



Chapter 2

Background and Literature Review

This chapter has two sections, background that presents a theory explanation about

academic performance, data mining and prediction algorithms, support vector machine

and our data set, each topic in sub section, literature review that make a caparison

between our research and previous work.

2.1 Background

2.1.1 Academic performance.

In our recent days and technology revolution, education is the first and most important

step in humans life. Education develop opportunities and links between people, it also

increase productivity and level of lives [16].

Academic performance is a combination of two words, academic is a well known special-

ized in education and research. Performance is a measurement word, that means how

someone or something performs, so academic performance measures how someone do

well or bad in academic manner.

Someone level in academic manner often reflected in grades and exams scores, but there

are many key factors that affect students performance also [17]. In this thesis a predic-

tion model will be build to measure engineering students performance after five years of

studying by predicting students GPAs category.

2.1.2 Data mining and prediction algorithms.

Urban’s book "Decisions support systems and intelligent systems" data miming is a

term that used to describe knowledge discovery in databases and its a process that use

4
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mathematical statistics to extract knowledge from large data bases [18].

One of the most popular question asked by most people about particular machine learning

algorithms whether is a supervised or unsupervised algorithm. Supervised algorithms

are algorithms that need a training set to learn, or labeled data set, where unsupervised

algorithms do not need any labeled training data set to work properly [19].

The following are the main types of algorithms [20]:

• Classification: classification algorithms use existing data as training sets, and put

a class based on some attributes for each sample in training data set.

• Regression: regression algorithms use existing data to build a mathematical model.

The most important difference between classification and regression is the output

type. Regression predicts numeric values output, where classification predict a

class label.

• Clustering: clustering algorithms divide existing data set into groups or clusters,

depending on properties similarity.

• Association: between different features or attributes there is a relation called cor-

relation. association algorithms finds this correlation, by find items that frequently

occur together.

• Sequence analysis: sequence analysis algorithms find a frequent sequence in dataset.

• Time series: output of theses algorithms is numeric values, but in an ordered series.

• Dimensional Reduction Algorithms: these algorithms identify the most important

variables in datasets.

Data mining is a discipline or process that aims to extract knowledge and finds correla-

tions from large datasets, since data growing fast and numerous.

2.1.3 Support Vector Machine algorithm.

Next step in data mining is to determine which prediction technique to use, here classi-

fication task is applied to build a prediction model.

Classification task predict categorical labels of classes, so it is a supervised learning task

that consists of two points: First to build a classifier or model based on training set, and

second to use classifier or model for classification [21].

Classification technique consists of many algorithms like decision trees, Bayesian classi-

fier, Rule-based, Support Vector Machines and others. This thesis presents a prediction
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model that predict the academic performance of engineering students at PPU. The model

is an SVM algorithm that uses linear and RBF kernels, then finds accuracy of each ker-

nel, then make some optimization using grid search and GA.

Support Vector Machine or SVM is a useful supervised learning algorithm used for clas-

sification or regression type.

SVM as classification algorithm attempt to classify data into target classes with the

widest possible margin, while SVM as regression algorithm tries to find a continuous

function where the maximum number of data points are within an epsilon-wide tube

around those data elements.

This subsection will explain SVM briefly. This classification algorithm involves separat-

ing data into ’training’ and ’testing’ sets. Each sample in the training set has a ’target

value’ called ’class label’ or ’label’ and has also several ’attributes’ or ’features’. SVM

algorithm used to produce a model depends on training data set to predict classes of test

set.

SVM is a binary classifier but in this research SVM used as multi class classifier. Multi

class classification is a major requirement in engineering and science fields because of

discrimination of objects in these fields. It is more complex than binary classification

since each decision boundary for some class is known so that rest or complement of first

class is second class, where in multi class classification there are several boundaries and

probability of errors will increase also.

Support Vector Machine is a machine learning tool based on supervised learning, used to

classify data samples into two distinct classes, that what called "binary classification".

Two diff rent classes divides by hyperplane that separate samples belongs to some class

from other samples belong to another class [22]. This was the case when data is linear

separable but mostly we find data is non-linear separable and data set needs then to use

kernels like linear, RBF, polynomial...etc.

SVM gives accuracy almost equal to neural networks (ANN). Support vector machine is

used for many applications such as text categorization, pattern recognition, face recog-

nition, handwriting analysis but especially for classification applications. Support vector

machine is the most accurate algorithm compared to others [23]. Support vector machine

benefits are:

1. Scales well to high dimensional data and explicitly controls trade off between com-

plexity and error.
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2. SVMs and kernel methods used for a particular problem and also applied directly

to the data.

3. Used in problems that have a lot of structure of the data that loses by the feature

extraction process.

The limitations of SVM are:

1. Speed, size both in training and testing [24].

2. High algorithmic complexity and extensive memory requirements.

3. How to select the kernel function parameters.

For binary classification problems, the idea behind SVM is to split the data set classes.

Binary classification is used when we need to classify to two classes. There are many

examples of binary classification like success or fail in exams, go to play outside or not.

Support vector machines are designed for two binary classification problems [25] and

consider two topics:

1. LINEAR SEPARATION.

2. NON-LINEAR SEPARATION.

Let us consider first case (LINEAR SEPARATION). There are many linear decision

boundaries that divide the data. But one of them gives maximum margin. Support vec-

tors are the data points that lie closest to the decision boundary and they are the most

difficult samples to classify [26]. Thr problem here is to find a hyperplane that margin is

not too large, also not too small in order to obtain the lowest misclassification errors [22].

A cost parameter "C" allow flexibility, that controls trade off between errors and how

much is margins by creating soft margin.

Multiclass classification means "Each training point belongs to one of N different

classes. The goal is to construct a function which, given a new data point, will correctly

predict the class to which the new point belongs." [27].

Numerous approaches suggested to solve the problem of multi class classification using

SVMs, but (one-versus-all or OVA classification) is the best where each category is

split out and all other categories merged to be as one category. Its just like having "n"

binary problems.
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Suppose that samples (xi, yi) , i = 1, ....., l where xi ∈ Rn and y ∈ {1,−1}l, then SVM

requires to solve the following optimization equation [28]

minw,b,ε
1

2
wTw +

l∑
i=1

εi (2.1)

Tofind : yi
(
wTΦ (xi + b)

)
≥ 1− εi, εi ≥ 0. (2.2)

Where Φ is a function that maps training samples wi into higher dimensional space.

C > 0 is an error parameter, b is bias, εi is epsilon variable that determines the level

of accuracy of the approximated function in linear SVM. Φ (xi)
T Φ (xj) is called kernel

function and denoted as K (xi, xj), there are four famous or basic kernels:

• Linear:

K (xi, xj) = xTi xj (2.3)

• Polynomial:

K (xi, xj) =
(
γxTi xj + r

)j
, γ > 0 (2.4)

• Radial Basis Function RBF:

K (xi, xj) = exp (−γ ‖xi − xj‖2), γ > 0 (2.5)

• Sigmoid:

K (xi, xj) = tanh
(
γxTi xj + r

)
(2.6)

Where γ, r, d are kernel parameters. In this thesis two kernels were used, linear and RBF.

Parameters optimized using grid search and Genetic Algorithm.

The procedure used in SVM classifier is explained in the following points:

1. Transform the data set into format that SVM package accept like csv format.

2. Conduct some scaling to the data set. Scaling is very important, scaling avoid dom-

inating small numeric values from large numeric values, also to make calculations

in SVM kernels easier so commonly linear scaling is recommended.

3. For some kernel, like RBF kernel=exp (−γ ‖xi − xj‖2), euclidean distance is used.

4. Use cross validation to find the best values of γ and C parameters where γ is the

radius of RBF and C is penalty parameter of the error term.
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5. Finally test your test set, it is recommended to use blind data set to be sure that

your model did not overfit your data.

For a training set (xi, yi) where i = 1, ....., l and xi could be vector of features or p-

dimensional real vector, yi is the class and takes two values -1 or 1. The goal of Linear

SVM is to find maximum-margin hyper plane that divide samples into two groups, one

class -1, and other class 1 [29].

w.x− b = 0. (2.7)

Equation 2.7 determines suitable hyper plane, where w is weight vector, and b is bias.

Fig 2.1, shows the case of linear kernel where the circled data points are the support

vectors that are closest to the decision bounder. They determine the margin with which

the two classes are separated .

Figure 2.1: A linear SVM.

The other kernel used by SVM is radial basis function (RBF) kernel. This kernel maps

xi samples to higher dimensional space. It is used when the relation between samples

and labels nonlinear, unlike linear kernel.

exp (−γ ‖xi − xj‖2), γ > 0 (2.8)

RBF kernel is good choice in SVM since its numerical calculations not difficult like

polynomial kernel for example, it has two parameters, C and gamma (γ). Gamma is the

radius of RBF.
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Figure 2.2 shows that the separated hyper plane between class is nonlinear, and shows

two different values of γ.

Figure 2.2: A Kernel SVM. Small value of γ to the left vs. large value of γ to the
right.

2.1.4 Our dataset.

To build a prediction model, data must be collected to establish training data set for

model. So our data set collected from PPU (Palestine Polytechnic University) data

base to be used in building prediction model for academic performance for engineering

students at PPU.

Collected data can be divided into three types:

1. Personal data

2. Pre university

3. University data.

This data set consists of 22 attributes, selected by an expert advise, Dr. Mohammad Al-

dasht the dean of registration department at PPU. There attributes listed and explained

in details at table 3.1 in chapter three of this thesis document. These attributes are:

1. The country from which the student obtained a high school certificate.

2. Year of high school diploma.

3. General Secondary Branch (Scientific, Industrial, Air Conditioning, ...).

4. High school average (GPA).

5. Specialization code at university.
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6. Specialization name.

7. Number of times the student received an academic warning.

8. University GPA.

9. Regularity of students in the study (regular, irregular, leaving study).

10. Has the student been dismissed from university.

11. Did student graduate from university.

12. The town or city where student lives.

13. Students mark in Physics 1.

14. Students mark in Physics 2.

15. Students mark in Calculus 1.

16. Students mark in Calculus 2.

17. Students mark in English 1.

18. Students mark in English 2.

19. The year when student start studying at PPU.

20. Number of semesters until student graduated.

21. Number of honor semesters.

22. Class of GPA.

2.2 Literature Review

In this section, there is a discussion and a comparison between previous researches about

predicting students performance, and this research. First paper [3] is talking about pre-

diction of students performance using data mining methods, it focus on two aspects of

under graduate students performance. First is prediction students achievement after

four years study, second combining prediction results with typical progressions. The

difference here they used some courses as attributes to train their model, and used data

mining tools like clustering and decision trees.

Used data set in this research is 270 students, and the following are predictors or at-

tributes in this data set in table 2.1:
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Table 2.1: Table of attributes [3]

Code Country

1 student’s gender.
2 nationality category.
3 first language.
4 teaching language in the university.
5 high school percentage.
6 student status depending on his/her earned credit hours.
7 living location.
8 does the students have any sponsorship.
9 any parents works in the university.
10 student discounts.
11 how the students comes to the university.
12 family size.
13 total family monthly income.
14 parents marital status.
15 fathers qualification’s.
16 fathers occupation status.
17 mothers occupation status.
18 number of friends.
19 average number of hours spent with friend weekly.
20 previous semester GPA.

Three types of decision trees are used to predict students performance as four classes

excellent, very good, good, pass. Used decision trees are C4.5, ID3, CART decision trees

with obtained accuracy from these models are 35.19%, 33.33%, 34.07% respectively [3].

In [4] study, authors study the performance of engineering students in engineering dy-

namics and other challenging courses since engineering students always perform poorly

or even fail in these courses. These courses requires good understanding of concepts and

skills of fundamentals.

This study aims to build some mathematical models in order to predict engineering

students performance in engineering dynamics. 24 predictive models were build in this

study using four statistical and data mining modeling techniques and a combinations of

eight predictors. Used techniques including MLR, MLP networks, RBF network, and

SVM.

Predictors used in this study are the following in table 2.2:

The upper most accuracy of each model using MLR, MLP, RBF, SVM after combinations

of predictor variables is 89.7%, 89.6%, 89.9%, 88.7% respectively. So the most accurate

model is the one using RBF network.

Another research [5] built a model using decision trees in order to predict engineering

students performance, it supposed that students score in statics course and cumulative
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Table 2.2: Table of attributes [4]

Code Attribute

1 cumulative GPA.
2 statics grade.
3 calculus I grade.
4 calculus II grade.
5 physics grade.
6 score of dynamics mid-term exam #1.
7 score of dynamics mid-term exam #2.
8 score of dynamics mid-term exam #3.

GPA plays a critical roll in prediction students performance in dynamics course.

Predictors used in this research are in table 2.3:

Table 2.3: Table of attributes [5]

Code Attribute

1 static’s course mark.
2 cumulative GPA.
3 physics.
4 Calculus I.
5 Calculus II.

Results from this model shows for each semester as four classes A, B, C, DF. It applied

on two semesters A and B. In semester A accuracy is 83.3% where in semester B is 85,9%.

Other research [6] is a comparative study uses data mining methodologies to study how

students perform in their courses. In this research decision trees used as a classification

task, many types of decision trees are used ID3, C4.5, and CART. Many predictors or

attributes were collected about students to predict their performance at exams of the

end of semester

Collected attributes about 48 students are in table 2.4:

Table 2.4: Table of attributes [6]

Code Attribute

1 Previous semester marks.
2 Class test grade.
3 seminar performance.
4 Assignment.
5 Attendance.
6 Lab work.
7 End semester marks.
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Table 2.5 shows the obtained accuracy using each type used of decision trees ID3, C4.5,

and CART.

Table 2.5: Classifiers accuracy [6]

Algorithm Correctly classified instances

ID3 52.0833%
C4.5 45.8333%
CART 56.25%

In [7] the research apply decision trees as a classification method also to predict students

performance at final exams. So decision tree gives an approximate number of students

who will pass, fail or promoted to the next year so results will be used to improve and to

cover weakness points for students who are predicted to fail or promoted to next year.

Three types of decision tree algorithm used in this research ID3, C4.5, and CART. 17.

Students related variables collected about 90 students to be predictors or attributes for

prediction model listed below in table 2.6:

Table 2.6: Table of attributes [7]

Code Attribute

1 Students branch.
2 Students gender.
3 Students category.
4 Students grade in high school.
5 Students grade in senior secondary.
6 Admission type.
7 Medium of teaching.
8 Living location of student.
9 Student lives in Hostel or not.
10 Students family size.
11 Students family status.
12 Family annual income.
13 Fathers qualification.
14 Mothers qualification.
15 Fathers Occupation.
16 Mothers Occupation.
17 Result in B. Tech 1st year.

Table 2.7 shows obtained accuracy using each type used of decision trees ID3, C4.5, and

CART.

Next research is [8] which studies a turning point in India which is academic performance

of students in higher education. This research presents a model to predict students

performance at final exams using Naive Bayes classifier. Data collected about 300 student
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Table 2.7: Classifiers accuracy for [7]

Algorithm Correctly classified instances

ID3 62.2222%
C4.5 67.7778%
CART 62.2222%

and 17 attributes used as predictors in obtained model. Theses features are in table 2.8.

Table 2.8: Table of attributes [8]

Code Attribute

1 Students gender.
2 Students category.
3 Medium of teaching.
4 Students food habit.
5 Students other habit.
6 Living Location.
7 Student live in hostel or not .
8 students family size.
9 Students family status.
10 Students grade in Senior Secondary education.
11 Family annual income.
12 Fathers qualification.
13 Mothers qualification.
14 Fathers Occupation.
15 Mothers Occupation.
16 Grade obtained in BCA.

Another research used classification methods to analyze students performance [9]. Au-

thors used ID3 algorithm as a decision tree method to evaluate students performance at

the end of semester exams, they try to justify the capabilities of education data mining

techniques by offering a prediction model for higher education students performance at

a university. This research helps students and teachers to know weakness side for stu-

dents so that teachers can give their students some advise or some help to improve their

situation before final exams.

Data set used to build prediction model consists of eight predictors or features about 50

students, collected along four years of students, features are in table 2.9:

Obtained model from this data set is shown as IF Then rules shown in the following

IF-Then rules algorithm:

if PSM =’First’ AND ATT= ’Good’ AND CTG=’Good’ or ’Average’ then

ESM =’First’.
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Table 2.9: Table of attributes [9]

Code Country

1 Previous Semester Marks.
2 Class Test Grade.
3 Seminar Performance.
4 Assignment.
5 General Proficiency.
6 Attendance.
7 Lab Work.
8 End Semester Marks.

end if

if PSM =’First’ AND GTC= ’Good’ AND ATT=’Good’ or ’Average’ then

ESM =’First’.

end if

if PSM =’Second’ AND ATT= ’Good’ AND ASS=’Yes’ then

ESM =’First’.

end if

if PSM =’Second’ AND CTG= ’Average’ AND LW=’Yes’ then

ESM =’Second’.

end if

if PSM =’Third’ AND ASS= ’No’ AND ATT=’Average’ then

PSM =’Third’.

end if

if PSM =’Failed’ AND CTG= ’Poor’ AND ATT=’Poor’ then

PSM =’Fail’.

end if

Another paper [10] presents results of research done on one famous Bulgarian university,

using data mining techniques and based on personal, pre-university and university per-

formance data that collected about students admitted to university in three consecutive

years.

This research used these educational data and data mining algorithms as educational

data mining (EDM) classification algorithms like rule learner, decision tree classifier,

neural networks and nearest neighbour then build some prediction models depending on

obtained data set.

Data collected in this research is three types, personal data, pre-university data and

university data as explained in table 2.10:
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Table 2.10: Table of attributes [10]

Code Attribute

1 Gender.
Personal data 2 Age.

3 Birth year.
4 Place of previous education.
5 Profile of previous education.
6 Total score of previous education.

Pre-university data 7 Admission year.
8 Admission exam.
9 Admission exam score.
10 Admission score.
11 University specialty name.

University data 12 Current semester.
13 Number of failures.
14 Students class, takes two values strong and weak.

So generated models using classification algorithms in this research are OneR Rule

Learner, Decision Tree, Neural Network and K-Nearest Neighbour and applied on their

collected data about their students reveal an accuracy for each model.

Neural Network model achieved the highest accuracy of 73.59%, followed by accuracy of

Decision Tree model with 72,74%, and K-NN model achieved accuracy of 70.49%. Neural

Network performs better with "strong" class, where rest models make better with "poor"

class.

In [11] WEKA software is used, and educational data mining principles using university

data from two databases to determine students profiles and predict their performance.

This research includes 10330 student, described by the following 13 parameters shown in

table 2.11:

Task here is to predict the students performance at university based on personal infor-

mation and pre-university data about student. The target performance will be as class,

here five distinct classes:

• Excellent:(5.50-6.00).

• Very good: (4.50-5.49).

• Good:(3.50-4.49).

• Average:(3.00-3.49).

• Bad:(below 3.00).
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Table 2.11: Table of attributes [11]

Code Attribute

1 Gender.
2 Birth year.
3 Living place.
4 Type.
5 Profile.
6 Place and total score from previous education.
7 University admittance year.
8 Exam and achieved score.
9 Current semester.
10 Total university score.
11 Country.
12 Place of birth.

Using WEKA, researchers used some classification algorithms, C4.5 (J48) as decision

tree, NaiveBayes (NB) and BayesNet (BN) as Bayesian classifiers, Nearest Neighbour

algorithm (NN), OneR and JRip algorithms. Table 2.12 shows obtained accuracy results

using these algorithms depending on the collected data about students.

Table 2.12: Results for the accuracy of the applied classifiers [11]

Results J48 NB BN k-NN, k=100 k-NN, k=250 OneR JRip

TP Rate 0.663 0.586 0.591 0.613 0.593 0.546 0.632
Precision 0.640 0.594 0.597 0.574 0.563 0.480 0.611

Another research [1] proposed an organized and timely prediction algorithm that works

when accuracy of prediction is sufficient, to predict the final grade of under graduate

students. Both classification and regression tasks performs using this algorithm, regres-

sion to predict the over all grade for each individual student, or as classification task

to divide students into class who did well, and other class who did poorly. Predictors

used in this research are achievements scores for each student in early assessment like

class exams, midterm exams, home works, age, gender and previous GPA. Prediction

algorithms shows that class exams is better predictor for students final grade.

Figure 2.3 shows system diagram for single student.

The purpose of [30] study is to analyze students performance using sparse dataset, stu-

dents data collected from DMIT (Department of Mathematical Information Technology)

at the University of JyvÂšaskylÂša in Finland between 2009 to 2013.

Their data set consists of 13640 study records sample with 21 attributes, related to the

passed course and the studentâs affiliation, and of 1040 students who has attended a

total of 1271 different courses, completing a total of 64905 credits. Only 64% of these
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Figure 2.3: System diagram for a single student [1].

credit hours are the computer science students obtained from courses in their own faculty

or college.

Authors applied a non standard educational data mining techniques on the passed courses

for bachelor degree students, to build a non linear regression model using perceptron

(MLP) neural networks with cross validation. Their study shows that students success

could be predicted better than specific IT skills.

At the end of this study authors conclude that introductory courses, Data networks and

Computer Structure and Architecture determined the quality of studies.

Recommend system approach in [31] used to predict students performance at next term.

They build a Factorization Machines (FM) model that predict students grades in next

term using simple base line and MF (Matrix Factorization) based methods for data set

collected from George Mason University (GMU), this model achieved lowest prediction

error.
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Data used in this study collected from public university data base for 33000 student that

enroll university from 2009 to 2014 for total 15 terms from 144 majors. During this

period, students have 9085 different courses taught by one of 7347 instructors.

Predictors used in this study belong to students and terms, for each students collected

attributes are age, race, sex, high school CEEB code and GPA, zip code, and 1600-scale

SAT scores. For each term, we have the GPA from the previous term as well as the

cumulative GPA, number of credit hours, academic level obtained from credit hours and

relative term number. Also a variety of data for courses like particular discipline, par-

ticular course level, and aggregate GPA for each term.

Three methods based on Matrix Factorization (MF) used:

• Singular Value Decomposition (SVD).

• SVD-kNN: SVD post-processed with kNN.

• Factorization Machine (FM).

In subsequent study [32] from previous study [31] authors apply FM, random forest,

multi linear regression algorithms to learn previous model with additional information

about courses and instructors teaching them.

Four different regression models:

• Random Forest (RF).

• Stochastic Gradient Descent (SGD) Regression.

• k-Nearest Neighbors (kNN).

• Personalized Multi-Linear Regression (PMLR).

The following are features used to build prediction model

Student features:

• sid: Unique identifier of the student. When used in training data, the student ID

is one-hot encoded to learn student bias terms.

• grdpts: [0, 4] grade the student has obtained for a particular course.

• major: Declared major during current term.

• race: Self-reported race of student; may be unspecified.

• sex: Self-reported gender; may be unspecified.
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• age: Age determined from birth date in admissions records.

• zip: Zip code, or postal code for students from outside the US.

• sat: 1600-scale SAT score, if available.

• hs: High school CEEB code.

• hsgpa: High school GPA. For transfer students, this feature contains the GPA from

the institution the student is transferring from.

• lterm gpa: Term GPA from the previous term.

• lterm cum gpa: Cumulative GPA as of the previous term.

• term chrs: Number of credit hours the student is enrolled in during the current

term.

• total chrs: Number of credit hours student has taken (not passed) up to the previous

term.

• alevel: Academic level of the student. Obtained by binning total chrs: [0,30)=0,

[30,60)=1, [60,90)=2, [90,120]=3, (120+)=4.

• sterm: Chronological numbering of terms relative to this student. The studentâs

first term is 0, his second is 1, and so on.

Course features:

• cid: Unique identifier of the course. When used in training data, the student ID is

one-hot encoded to learn course bias terms.

• cdisc: Course discipline.

• chrs: Number of credit hours this course is worth.

• clevel: Course level [1, 7].

• termnum: Number of the term this course was offered in. These are relative to

the dataset only. Term 0 is the first term for which we have data, and they are

numbered chronologically onward from there.

• num enrolled: Number of students enrolled in this course for the current term,

across all sections.

• total enrolled: Total number of students enrolled in this course since its first offer-

ing, including the current term.
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• lterm cgpa: The aggregate [0, 4] GPA of all students who took this course during

the previous term.

• lterm cum cgpa: The aggregate [0, 4] GPA of all students who have ever taken this

class up to the previous term.

Finally, instructor features:

• iid: Unique identifier of the instructor. When used in training data, the student

ID is one-hot encoded to learn instructor bias terms.

• iclass: Classification (Adjunct, Full time, Part time, GRA, GTA).

• irank: Rank (Instructor, Assistant Professor, Associate Professor, Eminent Scholar,

University Professor).

• itenure: Tenure status (Term, Tenure-track, Tenured).

This chapter provides a fundamental concept about one-vs-all method, selection, predic-

tion, support vector machine and used kernels especially RBF and Linear kernels, genetic

algorithm and grid search methods. Focus on related work on different prediction algo-

rithm, data sets and predictors to better understand problem and proposed solution.

In this thesis I will create my own data set, from Palestine Polytechnic University, then

biuld a prediction model using SVM algorithm under two kernels: RBF and Linear ker-

nels that predicts students performance after five years of engineering study, and this

model will be enhanced using two methods: grid search and GA.



Chapter 3

Applied models

This chapter represented as five sections: first section shows how data set is collected,

second section talks about pre processing of collected data, third section present how

prediction model is build, then fourth section shows how built model were tested, last

section shows how this model optimized. Figure 3.1 shows General block diagram of

prediction model in this thesis.

First step in this thesis is to collect data, the aim is to improve academic performance of

university students, so data mining concepts will help in this manner since data mining

tasks like classification are useful in this case. Academic performance prediction will help

students to improve their learning ways and lecturer to focus on poor students before

being fail.

Engineering students in PPU were chosen to be part of university students to apply

research on them, so personal, pre-university and university data about engineering stu-

dents collected from PPU data base.

Next step is to do some pre processing on collected data in order to be useful and help-

ful in prediction, so this aims to correct the problems in data before build prediction

model. Many problems may be in collected data like missing values, attributes or differ-

ent ranges, all these problems cause prediction model to be not accurate.

Third step is to build model, this prediction model build using R language since devel-

oper of this programming language built great packages that make work easier. Theses

packages are optimized well, and make work simple since they handle many exceptions,

calling a function with right parameters is just what needed to apply many data mining

algorithms simply.

Model testing step important to check whether prediction model accurate as it needed

or not. Testing in this research done in two ways one by slice data set into training and

23
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Figure 3.1: General block diagram of prediction model.

testing sets, and other one by divide data set into tow parts randomly and test model

with randomly 30% data set as blind data.

Last step is a try to optimize model, in order to achieve more accurate model, optimiza-

tion using grid search space and with apply some evolutionary algorithms like genetic

algorithm.
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3.1 Data collection

Engineering discipline is a critical study where scientific knowledge and mathematics is

used to develop the whole range of industry, science, medicine and many other special-

izations. Every single day new developments are taking place, so its important to have

strong students in this discipline.

Knowledge Discovery in Databases is a field of study that extract knowledge from

databases. KDD and data miming used to predict engineering academic performance

at Palestine Polytechnic University ho help students and instructors. Depending on pre-

diction model instructors can improve learning of low performance students who earn less

than 65 out of 100 in their GPA. Low performance students also encouraged to develop

a better learning strategy depending on prediction model.

To build a prediction model, data must be collected to establish training data set for

model. So data set called Engineering_df collected from PPU data base to be used in

building prediction model for academic performance for engineering students at PPU.

Collected data can be divided into three types: personal data, pre university and univer-

sity data. Personal data about students like birth place, birth date and pre university

data like the place of tawjihi certificate, GPA. University data like students score in

calculus, physics, year of starting college,... etc.

This data set is a sample of 8291 sample, and 22 attributes which are shown table 3.1.

The last attribute is the target classes for predicting model which are ’A’, ’B’, ’C’, ’D’,

’E’, ’F’, ’O’.

3.2 Data pre-processing

This section explained the stages that information passed until it is ready for use. The

data is from one source, registration department at PPU saved as a csv file.Coding stage

is begin for available values. First attribute is the country where student has his high

school certificate, each country is mapped to a code number as shown in table 3.2.

For General Secondary branch, table 3.3 shows a code for each branch. Now, for the

next attribute specialization code at university, table 3.4 shows the corresponding code

for each engineering discipline at PPU.

Regularity in engineering study at PPU take an attribute in this data set, regular student

is one that still studying, irregular is the one who is graduated or who was dismissed

from the study, the last case is one who left studying. Table 3.5 shows the corresponding
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Table 3.1: Table of features (data set attributes).

Attribute

1 The country from which the student obtained a high school certificate.
2 Year of high school diploma.
3 General Secondary Branch (Scientific, Industrial, Air Conditioning, ...).
4 High school average (GPA)
5 Specialization code at university.
6 Specialization name.
7 Number of times the student received an academic warning.
8 University GPA.
9 Regularity of students in the study (regular, irregular, leaving study).
10 Has the student been separated from university.
11 Did student graduate from university.
12 The town or city where student lives.
13 Students mark in Physics 1.
14 Students mark in Physics 2.
15 Students mark in Calculus 1.
16 Students mark in Calculus 2.
17 Students mark in English 1.
18 Students mark in English 2.
19 The year when student start studying at PPU.
20 Number of semesters until student graduated.
21 Number of honor semesters.
22 Class of GPA.

Table 3.2: Table of countries

Code Country

1 Palestine
2 Qatar
3 Kingdom of Saudi Arabia
4 Jordan
5 United Arab Emirates
6 Egypt
7 Oman
8 England
9 Sudan
10 Kuwait
11 Syria

code for each case of students. Dismissed students takes code number 1, others takes

code number 2 as shown in table 3.6. Table 3.7 shows if student has been graduated

from engineering college or not.

Before last attribute is town or city where student lives. Most of PPU students are

from Hebron city and its villages so each village and each town in hebron takes a unique
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Table 3.3: Table of secondary school branches

Code Specialization

1 Scientific
2 Motor cars
3 Electricity works
4 Turning and settling
5 Industrial Electronics
6 Computer Maintenance
7 Conditioning
8 Heating and sanitary ware
9 Office machines
10 Radio and TV
11 Industrial
12 Industrial Electronics
13 Building and Area
14 Communication
15 Industrial - professional
16 Electricity of cars
17 Carpentry
18 Building, Tower and Armament
19 Blacksmith and Welding

Table 3.4: Table of Engineering Specialization

Code Engineering Specialization

1 Building Engineering
2 General Engineering
3 Mechanical Engineering Branch of Mechanics Engineering
4 Civil Engineering Branch of Geometry Engineering
5 Mechanical Engineering Branch
6 Electrical Engineering Branch Engineering Industrial Automation
7 Electrical Engineering Branch Engineering of medical devices
8 Mechanical Engineering Branch HVAC Engineering
9 General Engineering - Preparatory Year
10 Electrical Engineering Branch Engineering Industrial Automation
11 Architectural Engineering
12 Electronics Engineering
13 Electrical Engineering Department
14 Department of Civil and Architectural Engineering
15 Mechanical Engineering Department
16 Electrical Engineering Branch Electrical Engineering Technology
17 Environmental Technology Engineering
18 Civil Engineering and Infrastructure
19 Renewable Energy Engineering

code as shown in table 3.8, but any other palestinian cities like Ramallah, Bethlehem,

Jenin...etc takes a code for city and its villages, all Gaza strip takes a code as shown in
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Table 3.5: Table of regularity in engineering study

Code regularity in engineering study

1 Irregular
2 Left University
3 Regular

Table 3.6: Table of Dismissed cases

Code Dismissed cases

1 Dismissed Student
2 Other

Table 3.7: Table of Graduated cases

Code Graduated cases

1 Graduated Student
2 Other

table 3.9.

Table 3.8: Table of Hebron City

Code Hebron city or village Code Hebron city or village

1 Halhul 2 Hebron City
4 Al-thahria 6 Se’er
8 Tarqumia 9 Al-aroub camp
10 Al-samou’ 11 Al-fawwar camp
12 Dura 15 Beit Ommar
16 Beit Kahel 17 Beit Oula
19 Yatta 21 Bani N’iem
22 Idna 24 Sourief
25 Beit Awwa 29 Der Samet
30 Nouba 31 Al-shioukh
32 Raboud 33 Kharas
34 Tafouh 35 Al-berj
36 Khorsa 37 Karma
38 Al-sekka 41 Al-majd
42 Al-tabaqa 43 Al-rehia
44 Beit el-roush 46 Mo’skar
47 El-koum 52 Mreish
53 Beit Marsam

Last attribute is the target one, each student has a commutative average where each

category include some range as shown in table 3.10. Class ’O’ means that student did

not finish his engineering study for any reason. For attributes of marks of Physics 1 and
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Table 3.9: Table of Cities

Code City

3 Gaza strip
5 Jerusalem
7 Jenin
13 Nablus
14 Bethlehem
18 Qalqilia
20 Tulkarem
26 Salfit
27 Ramallah
50 Haifa
48 Beer Sheva
49 Rahat
40 Jericho
51 Nazareth
45 Jordan

2, English 1 and 2, Calculus 1 and 2, and Arabic language each mark has the value W,

T, R1, R2, R3, R4, WF, or Not available takes the code of -1.

Table 3.10: Table of cumulative average classes

Code Range

A >= 90
B >=85
C >=78
D >=71
E >=68
F >=65
O other

3.3 Model building and training

After preparing data set, building our prediction model will start, R language is selected

since it simple, and has built in algorithms like SVM and packages that used for large

data sets.

Support vector machines (SVMs) is a binary classification algorithm, but many ap-

proaches used to solve multi class problems by using a combination of several binary

classifiers. Best approach is one vs. all [33]
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Figure 3.2 shows detailed block diagram for prediction model.

Figure 3.2: Block diagram of prediction model.

To implement SVM classifier algorithm in R programming language, ’caret’ or ’e1071’

packages are used for large data sets, this package also is well optimized and can handle

exceptions. The main goal of thesis is to predict engineering students performance then

to call functions using sutable parameters to each kernel (linear and RBF)

SVM classifier algorithm aims to construct separating hyper plane between data belongs

to different classes and labels. Here ’caret’ package is used and first step is to install

caret package with all dependencies on Rstudio which mentioned at point 1 in pseudo

code algorithm.
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Algorithm 1 Create Support Vector Machine Classifier Pseudo Code
Input:Engineering_df data set

Output: Classification model.

Data:Training set,Testing set

1: Caret Package Installation.

2: Data Import

3: Data Slicing

4: Preprocessing Training

5: Training the SVM model using linear, RBF kernels.

6: Trained SVM model result

7: Test Set Prediction

8: How Accurately prediction model is working

9: RBF-SVM model enhancement.

Install "caret" library and its dependence’s also. This package provides direct access to

many functions that used in train and test prediction model. Now our data set contains

23 attributes as explains in data collection section, first 22 variables all are numeric val-

ues used to predict last attribute which is character and its our target variable.

Next step is just to import caret package. After read the CSV (comma separated values)

and called "Engineering_df", now data slicing to split data set into training and testing

parts, here training data set is 70% called "intrain"and test set is 30% of original data

set. CreateDtataPartition is a built in method in caret package, used to split data.

To avoid overfitting, cross validation is used. Learning the parameters of a prediction

function and testing it on the same data which is here Engineerig_df data set is a

methodological mistake since a model that would just repeat the labels of the samples

that it has just seen would have a perfect accuracy but would fail to predict anything or

any sample but learning samples on unseen or blind data. This situation is called overfit-

ting, to avoid it, it is common practice when performing a machine learning experiment

to hold out part of the available data as a test set X1_test, X2_test. Figure 3.3 shows

a flowchart of typical cross validation workflow in model training. The best parameters

can be determined by grid search techniques [34].

CreateDataPartition() function has three arguments:

• y: parameter takes the value of variable that data partitioned according to it, here

variable 23 is passed in partitioning method.
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Figure 3.3: Cross validation flowchart.

• p: this parameter takes a decimal value from 0 to 1, here 0.7 means training part

is 70% of Engineering_df and the rest 30% used for testing data.

• list: this parameter is for return value, list or matrix, in our model it list argument

assigned to be ’FALSE’, which mean not return list but return a matrix.
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Figure 3.4 shows how a 10-folds cross validation data set is sliced at each repeated t

me, here in this research this criteria repeated 3 times as shown in R code, trainControl

function.

Figure 3.4: Example of 10-fold Cross-validation [2].

After slice data set into training and testing sets, caret provides a train control method

that control next train method, by passing multiple arguments explained as following:

• method: is re sampling method for training and testing splits.

• number: number of folds or number of re sampling iterations, here it is number of

folds.

• repeats:repeated k-folds for cross validation [35].

Now to train SVM classifier, train method used by passing multiple arguments:

• target value: which is here attribute number 23.

• data: data set used to train our model, its trainig data set here.



CHAPTER 3. APPLIED MODELS 34

• method:method used to train SVM classifier, in this thesis two methods used, one

’svmLinear’ and ’svmRadial’.

• trControl: take results from previous traincontrol method.

• preprocess: for pre processing training data, "center" and "scale" used for centering

and scaling our data.

• tuneLength: an integer value for tuning algorithm [36].

3.4 Model testing

After training model using training data set, its time to test build model using testing

data set. Now, our model ready to predict classes of testing data set, depending on

obtained svm_Radial model, using new data which is testing data set. Final step is to

find how accurate our model, confusion matrix prints many statistics about model like

Accuracy, Sensitivity, Specificity, Positive Prediction Value, Negative Prediction Value,

Prevalence, Detection Rate, Detection Prevalence, Balanced Accuracy.

Model modified many times until it takes its final state, the following information and

figures of model obtained using RBF kernel, the most early state was when the data set

Engineering_df has A, B, C, D, E and F each class explained in section 3.2, so all student

even they graduated or not follow the same criteria when they labeled, just depending

on their accumulative average, not on their status graduated or not.

Statistics and accuracy presented in chapter four, theses numerical values extracted from

confusion matrix function in R language that used to build this model, many statistics

calculated automatically like sensitivity, specificity positive prediction value, prevalence,

balanced accuracy for each class and accuracy for model. All these phrases explained

in chapter four, model is highly accurate predictor for class F with 97% where class B

balanced accuracy is 83%. The best values of SVM parameters under RBF kernel or

tuning parameters C and sigma chosen automatically by train() method, the final values

of C that gives largest accuracy was 8, and sigma was 0.04662.

10 folds cross validation method is used and repeated three times, sample sizes were

5224, 5227, 5227, 5224, 5225, 5226, ... etc. Re sampling results across tuning parameters.

Values of parameter C, accuracy of model for each value of automatically selected C, and

Kappa value shown in table 3.11.

Next when samples of data in Engineering_df manipulated to have a new label, ’O’ label

or class this class for student who has not graduated for many reasons, may be they left
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Table 3.11: Accuracy of prediction model before ’O’ class.

C Accuracy Kappa

0.25 0.773 0.647
0.50 0.816 0.741
1.00 0.856 0.801
2.00 0.876 0.829
4.00 0.888 0.847
8.00 0.894 0.856
16.00 0.893 0.854
32.00 0.889 0.849
64.00 0.886 0.845
128 0.882 0.839

study, of dismissed from university, or they still study engineering until now.

The last step in our model, is testing using blind data in order to be sure that data did

not make over fitting model hypothesis. Engineering_df data set sliced into two smaller

data sets randomly in a ratio of 70:30 for training and testing data sets respectively.

Random() function used for slicing, then model trained using training data set, then

tested using testing data set, table 3.4 shows confusion matrix for testing model using

blind data, diagonal shows correct classified samples, where other values are mis classified

samples.

Table 3.12: Confusion matrix for optimized RBF-SVM using blind testing data.

Reference

A B C D E F O
A 13 5 0 0 0 0 0
B 1 36 3 0 0 0 0
C 0 9 231 15 1 0 0

Predicted D 0 0 21 578 28 0 1
E 0 0 0 14 91 11 0
F 0 0 0 0 0 0 0
O 0 0 0 0 0 0 1235

SVM model trained using linear kernel also to determine differences between RBF and

linear kernels for our data set, table 3.13 shows confusion matrix for Linear-SVM model,

where diagonal numbers are number or samples correctly classified, and other numbers

are mis classified objects.
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Table 3.13: Confusion matrix for SVM model using linear kernel data.

Reference

A B C D E F O
A 10 0 0 0 0 0 0
B 1 32 7 0 0 0 0
C 0 7 178 9 0 0 0

Predicted D 0 0 8 434 22 0 0
E 0 0 0 10 66 5 0
F 0 0 0 0 0 0 0
O 0 0 0 0 0 0 1007

3.5 Model optimization

There are many ways to optimize SVM parameters for different kernels, the case of RBF

kernel there are two parameters, C and sigma. In this thesis two ways used to optimize

values of C and sigma first is manually using grid search method, second using one of

Evolutionary Algorithms like Genetic Algorithm. Figure 3.5 and 3.6 show block dia-

grams for model optimization using grid search and GA.

What is Grid search. Grid search is a method used for optimization problems [37],

that builds a model for combinations of different parameters, so its a process that make

a scanning for each combination to find the optimal and more accurate one. Grid search

build and store a model for each combination. Just like a grid, x-axis is value of C pa-

rameter, y-axis is value of sigma parameter, each cross point is a combination from one

value of C and another value of sigma. Grid search train RBF-SVM model using this

parameters combination, then store this model, and check the accuracy of model using

another combination. Finally grid search decide which parameters combination gives the

most accurate model. [38]

Figure 3.5 shows the steps of optimizing RBF-SVM model parameters c and sigma, first

step is to determine minimum and maximum values of parameters c and sigma and num-

ber of steps to jump between one value and next to make combinations between these

two parameters and find which combination gives best accuracy.

Then R will build a space of combinations of c and sigma to check the best couple,

training step comes next to find most accurate parameters to be used in testing phase,

finally model accuracy calculated using confusion matrix and depending on obtained

combination of c and sigma.
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Figure 3.5: SVM parameters optimization using grid search.

For grid search a new argument in train function used to search for the most suitable

pairs of C and sigma (gamma), that gives best accuracy.

First when Engineering_df has A, B, C, D, E, F classes the model accuracy was 90%.

Grid search used to optimize RBF parameters, confusion matrix of grid search model

shown in table 3.14, optimization using grid search method gives accuracy of 91%.

The best C and sigma values obtained when model using grid search was C=9.9 and

sigma=0.01.

Table 3.14: Confusion matrix for RBF-SVM using grid search.

Reference

A B C D E F
A 30 8 0 0 0 0
B 8 68 0 0 0 0
C 0 15 395 22 0 0

Predicted D 0 0 21 927 50 1
E 0 0 0 30 259 19
F 0 0 0 0 25 600
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Second way used to optimize model is using GA, What is Genetic Algorithm. Ge-

netic algorithm is a population based algorithm and like other evolutionary algorithms.

figure 3.6 shows detailed flow chart of genetic algorithm steps in each generation.

Figure 3.6: Genetic algorithm steps.

Each step in GA has three main rules in order to create next populations generation

from recent population, are the following [39]:

1. Selection, its the rule of selecting parents.

2. Crossover, its combining two genes from two parents to create children’s of next

generation.

3. Mutation, some changes on recent parents, to contribute children at next genera-

tion.

In this thesis, first population were 50, each parent has two genes, numerical genes, first

gene is parameter C and second one is parameter sigma. Our fitness function is SVM

algorithm under RBF kernel. Figure 3.7 shows how C and sigma were optimizes using

genetic algorithm.

First step in to determine minimum and maximum values of SVM-RBF parameters,

then to apply genetic algorithm in order to train prediction model. Fitness function
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Figure 3.7: Parameters optimization using evolutionary algorithm (GA) .

comes next to train model and obtain optimized values of C and sigma. Last step is to

determine accuracy of model using optimized parameters.

When data set has 7 classes A, B, C, D, E, F, O model accuracy was 96% as shown

previous, GA used and gives accuracy of 96% also.

Block diagram of parameters optimization using GA shows steps using in prediction

model to optimize values of c ans sigma using evolutionary algorithms, first step is to

determine minimum and maximum values of SVM parameter c and sigma, then to apply

GA to generate RBF-SVM parameters, GA fitness function is training function using

RBF kernel, this function used to train model using support vector machine under RBF

kernel, finally to test model using obtained parameters and find accuracy of optimized

model.

Real-valued GA used, with population size of 50, 10 generations, cross over probability

is 0.8, and mutation probability is 0.1, minimum values of c and gamma are 0, and

maximum values are 50. Optimized value of c is 36.89 and gamma 49.6, results taken

after 2.64 days of training the optimization model.
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Confusion matrix for optimization model using GA is shown in table 3.15 where diagonal

shows number of correctly classified objects, and other values are mis-classified.

Table 3.15: Confusion matrix for optimized RBF-SVM using GA.

Reference

A B C D E F O
A 14 3 0 0 0 0 0
B 1 47 5 0 0 0 0
C 0 4 247 8 0 0 0

Predicted D 0 0 18 608 28 0 0
E 0 0 0 19 100 5 0
F 0 0 0 0 2 2 0
O 0 0 0 0 0 0 1378



Chapter 4

Experiments and results

Experiments and results in this chapter obtained using Rstudio and free server called

Kaggle. Rstudio is an open source software program, version 1.1.453, Mozilla/5.0 (Win-

dows NT 6.2; WOW64) AppleWebKit/538.1 (KHTML, like Gecko) rstudio Safari/538.1

Qt/5.4.1. Kaggle is an online community, owned by GOOGLE LLC, give free sessions

for 6 hours for each session.

This chapter also answers the question of "how to measure the performance of classifier".

The answer is to find accuracy of your classifier, accuracy means number of examples

the correctly classified in ration of all samples. Classifier model takes test data set and

find class for each sample in testing data set, so for each sample classifier guess whether

the class is 0 or 1, then finds how many right decisions classifier makes and divide on

total number of test samples in testing data set.

So classifier tries to put hypotheses and guess for each example whether its Yes (0) or

No (1) and each decision can be one of the following choices:

1. True positive: positive sample classified as positive.

2. False negative: positive sample miss classified as negative.

3. True negative: negative sample classified as negative.

4. False positive: negative sample missclassified as positive.

These types of decisions can shown as 2x2 matrix where columns are true or actual

classes where rows are predicted or hypothesized classes [40].

This is called also confusion matrix or contingency table. Entire cells contains number of

correctly and in correctly classified samples, accuracy could calculated simply by divide

sum of diagonal number on total of all matrix numbers.

41
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Accuracy =
Truepositive+ Truenegative

Truepositive+ Truenegative+ Falsepositive+ Falsenegative
(4.1)

actual

value

Prediction outcome

p n total

p′
True

Positive

False

Negative
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n′
False

Positive

True

Negative
N′

total P N
More then accuracy, many statistics can be calculated from contingency table, the fol-

lowing are some metrics:

True positive rate.

Truepositiverate = TP/ (TP + FN) = 1− FalseNegativeRate. (4.2)

False positive rate

Falsepositiverate = FP/ (FP + TN) = 1− TrueNegativeRate. (4.3)

Sensitivity= True Positive Rate.

Specificity= True Negative Rate.

Positive predictive value.

Positivepredictivevalue = TP/ (TP + FP ) . (4.4)

Recall.

Recall = TP/ (TP + FN) = TruePositiveRate. (4.5)

Precision.

Precision = TP/ (TP + FP ) . (4.6)
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F-score: is composite measure which that benefits algorithms with higher sensitivity and

challenges algorithms with higher specificity[41].

F = 2 · precision · recall
precision+ recall

. (4.7)

G-score: is geometric mean of precision and recall.

G =
√
precision+ recall. (4.8)

In this research confusion matrix is used to compute accuracy and other statistics like

sensitivity, specificity, prevalence,...etc. Confusion matrix presents a summary for pre-

diction results on a classification model, it gives errors done by model and what type of

errors also. In R language confusion matrix is built in function just need to call it after

classification model testing to show accuracy of model.

Another way to measure how accurate our prediction model is area under curve (AUC)

or ROC. "A representation and interpretation of the area under a receiver operating

characteristic (ROC) curve obtained by the "rating" method, or by mathematical pre-

dictions based on patient characteristics, is presented." [42]

The area under the receiver operating characteristic (ROC) curve, known as the AUC,

considered to be the standard method to assess the accuracy of classification models. It

avoids the supposed subjectivity in the threshold selection process [43].

AUC is, in general a better measure than accuracy for most of data mining algorithms.

Many popular data mining algorithms should then be re-evaluated in terms of AUC.

Experiments compared many algorithms like Naive Bayes, C4.5, C4.4, and SVM in both

accuracy and AUC, results show that they have very a similar predictive accuracy. In

addition, Naive Bayes, C4.4, and SVM produce similar AUC scores, and they all out-

perform C4.5 in AUC with significant difference. conclusions will provide important

guidelines in data mining applications on real-world datasets [44].

This section is divided into three subsections, first section is: results of linear kernel SVM

model that shows some results and statistics of our model using linear kernel under SVM

classifier, second is: results of RBF kernel SVM model that shows results and accuracy

of our built model using RBF kernel under SVM classifier, last section is: results of

enhanced RBF kernel SVM model, using genetic algorithm and grid search method that

shows how our model enhanced to be more accurate using two ways genetic algorithm

and grid search method, last section is testing using blind data.
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4.1 Results of linear kernel SVM model

Linear SVM is a fast machine learning and data mining algorithm for solving multi class

classification problems from ultra large data sets that implements an original proprietary

version of a cutting plane algorithm for designing a linear support vector machine.

Linear Kernel is used when the data is linearly separable. It can be separated using a

single hyperplane or more for multi class problems. It is one of the most common kernels

to be used. It is mostly used when there is a Large number of features in a particular

data set. One of the examples where there are a lot of features, is text classification, as

each alphabet is a new feature in this research we have 23 features also. So we mostly

use Linear Kernel in Text Classification.

Advantages of using Linear Kernel:

1. Training a SVM with a Linear Kernel is Faster than with any other Kernel.

2. When training a SVM with a Linear Kernel, only the optimisation of the C (cost

parameter).

Regularisation parameter is required. On the other hand, when training with other ker-

nels, there is a need to optimise the λ parameter which means that performing a grid

search will usually take more time.

For linear kernel under SVM model, Table 4.1 shows statistics and results of our pre-

diction model about Linear-SVM that gives accuracy of 95% .Figure 4.1 shows AUC of

this model equals to 95% also. Note that NAN means Not a Number, its equal to some

number over zero.

4.2 Results of RBF kernel SVM model

First step done after the building model is testing, to measure accuracy of model. Here

accuracy presented in three digits. First obtained accuracy and some statistics shown in

table 4.2 for prediction model using RBF-SVM algorithm depending on data set without

’O’ class for students who have not graduated from engineering college for some reasons,

accuracy measured using confusion matrix is 90% where AUC is 90% also as shown in

figure 4.2.
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Table 4.1: Linear-SVM model statistics and accuracy.

Class AClass BClass CClass DClass EClass FClass O

Sensitivity 0.900 0.820 0.922 0.958 0.750 0.000 1.000

Specificity 0.998 0.997 0.994 0.977 0.991 1.000 1.000

Pos Pred Value 1.000 0.800 0.917 0.935 0.814 NaN 1.000

Neg Pred Value 0.999 0.996 0.990 0.985 0.987 0.997 1.000

Prevalence 0.006 0.021 0.107 0.255 0.049 0.002 0.560

Detection Rate 0.005 0.017 0.099 0.241 0.036 0.000 0.560

Detection Prevalence 0.005 0.022 0.108 0.258 0.045 0.000 0.560

Balanced Accuracy 0.954 0.907 0.956 0.967 0.870 0.500 1.000

Figure 4.1: AUC for Linear-SVM model.

After testing our model depending on Engineering_df data set without "O" label, some

changes done on our data set to have a new class, "O" label or class is an abbreviation

for others. Others are students who did not had engineering degree from PPU for many

reasons like being dismissed, or leaving college. Accuracy of RBF-SVM model depending

on data set with ’O’ class is 96% as shown in table 4.3 and AUC is 95% as shown in

figure 4.3.
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Table 4.2: Accuracy of prediction model before ’O’ label.

Class AClass BClass CClass DClass EClass F

Sensitivity 0.789 0.681 0.914 0.935 0.739 0.959

Specificity 0.994 0.992 0.981 0.942 0.971 0.983

Pos Pred Value 0.697 0.775 0.910 0.913 0.799 0.952

Neg Pred Value 0.996 0.987 0.982 0.957 0.960 0.986

Prevalence 0.015 0.036 0.170 0.394 0.134 0.249

Detection Rate 0.012 0.024 0.155 0.368 0.099 0.239

Detection Prevalence 0.017 0.032 0.171 0.403 0.124 0.251

Balanced Accuracy 0.892 0.836 0.948 0.938 0.855 0.971

Figure 4.2: AUC for RBF-SVM model without ’O’ label.)

4.3 Results of enhanced RBF kernel SVM model, using ge-

netic algorithm and GridSearch method

After biulding RBF-SVM model, grid search method is used to optimize algorithm pa-

rameters C and sigma, accuracy depending on data set with ’O’ class is 96% as shown

in table 4.4.

AUC used to measure accuracy for model optimization using grid search method, AUC

is 95% as shown in figure 4.4.
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Table 4.3: RBF-SVM model statistics and accuracy using ’O’ label data set.

Class AClass BClass CClass DClass EClass FClass O

Sensitivity 0.909 0.846 0.896 0.940 0.727 0.000 0.999

Specificity 0.999 0.995 0.988 0.990 0.998 0.999 0.998

Pos Pred Value 0.909 0.804 0.905 0.922 0.790 0.000 0.999

Neg Pred Value 0.999 0.996 0.987 0.979 0.986 0.997 0.998

Prevalence 0.006 0.021 0.107 0.252 0.049 0.002 0.560

Detection Rate 0.005 0.018 0.096 0.237 0.045 0.001 0.560

Detection Prevalence 0.006 0.022 0.106 0.257 0.049 0.001 0.554

Balanced Accuracy 0.966 0.953 0.954 0.967 0.949 0.624 0.999

Figure 4.3: AUC for RBF-SVM model with ’O’ label.)

Accuracy and statistics by class for model optimization using genetic algorithm shown

in table 4.5, accuracy of this model is 96% and AUC is 95%.

4.4 Testing using blind data

To be sure that our model did not overfitt our data, a blind data data set is used to test

RBF-SVM model. Table 4.6 shows accuracy and statistics by class obtained after test

RBF-SVM model using blind data, accuracy obtained using blind data is 95%, where
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Table 4.4: Enhanced RBF-SVM model statistics and accuracy using grid search.

Class AClass BClass CClass DClass EClass F

Sensitivity 0.789 0.747 0.933 0.946 0.775 0.967

Specificity 0.996 0.993 0.982 0.952 0.977 0.986

Pos Pred Value 0.789 0.819 0.914 0.927 0.840 0.960

Neg Pred Value 0.996 0.990 0.986 0.965 0.965 0.989

Prevalence 0.015 0.036 0.170 0.394 0.134 0.249

Detection Rate 0.012 0.027 0.159 0.373 0.104 0.241

Detection Prevalence 0.015 0.033 0.173 0.402 0.123 0.251

Balanced Accuracy 0.893 0.870 0.957 0.949 0.876 0.977

Figure 4.4: AUC for enhanced RBF-SVM model with grid search optimization.

model accuracy was 96%.

Random samples selected from testing data set, and find if this sample is a correct or

in correct classified using our RBF-SVM model. As mentioned in table 3.6, predictors

used in training and testing data set are: The country from which the student obtained

a high school certificate, Year of high school diploma, General Secondary Branch (Scien-

tific, Industrial, Air Conditioning, ...), High school average (GPA), Specialization code

at university, Specialization name, Number of times the student received an academic

warning, University GPA, Regularity of students in the study (regular, irregular, leaving

study), Has the student been separated from university, Did student graduate from uni-

versity, The town or city where student lives, Students mark in Physics 1 and 2, Students



CHAPTER 4. EXPERIMENTS AND RESULTS 49

Table 4.5: Enhanced RBF-SVM model statistics and accuracy using GA.

Class AClass BClass CClass DClass EClass FClass O

Sensitivity 0.933 0.870 0.914 0.957 0.06 0.250 1.000

Specificity 0.998 0.997 0.994 0.977 0.989 0.999 1.000

Pos Pred Value 0.823 0.886 0.953 0.936 0.806 0.500 1.000

Neg Pred Value 0.999 0.997 0.989 0.985 0.989 0.997 1.000

Prevalence 0.006 0.021 0.108 0.255 0.049 0.003 0.554

Detection Rate 0.005 0.018 0.099 0.244 0.040 0.000 0.554

Detection Prevalence 0.006 0.021 0.104 0.261 0.049 0.001 0.554

Balanced Accuracy 0.966 0.933 0.954 0.967 0.898 0.624 1.000

Table 4.6: RBF-SVM model statistics and accuracy using blind testing data.

Class AClass BClass CClass DClass EClass FClass O

Sensitivity 0.928 0.720 0.905 0.952 0.785 0.000 0.999

Specificity 0.997 0.998 0.987 0.970 0.988 1.000 1.000

Pos Pred Value 0.722 0.900 0.902 0.920 0.784 NaN 1.000

Neg Pred Value 0.999 0.993 0.988 0.982 0.986 0.995 0.999

Prevalence 0.006 0.021 0.111 0.264 0.052 0.004 0.539

Detection Rate 0.005 0.015 0.100 0.252 0.039 0.000 0.538

Detection Prevalence 0.007 0.017 0.111 0.273 0.050 0.000 0.538

Balanced Accuracy 0.963 0.859 0.946 0.961 0.873 0.500 0.999

mark in Calculus 1 and 2, Students mark in English 1 and 2 and Arabic language, The

year when student start studying at PPU, Number of semesters until student graduated,

Number of honor semesters. First, some miss classified cases listed below:

1. 1, 2010, 1, 72, 20401, 1, 0, 70, 1, 2, 1, 14, 61, -1, 65, -1, -1, -1, -1, 2012, 13, 0, E.

2. 1, 2010, 1, 98, 20401, 1, 0, 91, 1, 2, 1, 8, 90, 90, 93, 84, 88, 85, 85, 2010, 13, 7, A.

Case number one, is a miss classified sample using RBF-SVM model, this sample is

an ’E’ class GPA, but classified as ’F’, this student sample from Bethlehem, its high

school certificate is from Palestine, taken in 2010, with scientific branch and 72 GPA.

Samples specialization at university is Building Engineering with 20401 code, received

no warnings, also no honor semesters, graduated with 70 GPA and -1, 61, -1, 65, -1, -1
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marks at physics 1,physics 2, calculus 1 ,calculus 2, English 1 and English 2 respectively.

Model was wrong in its prediction, may be the reason behind that are marks of this

sample in physics 1 , calculus 1 around 60’s its an ’F’ level, also marks of physics 2,

calculus 2, English language 1 and 2 and Arabic language are -1 and these definitely

’Failed Case’.

Case number two is also a missclassified sample using RBF-SVM model. This sample

is an ’A’ class GPA, but classified as ’B’, this student sample from Nablus, its high

school certificate is from Palestine, taken in 2010, with scientific branch and 98 GPA.

Samples specialization at university is Building Engineering with 20401 code, received no

warnings, seven honor semesters, graduated with 91 GPA and 90, 90, 93, 84, 88, 85, 85

marks at physics 1,physics 2, calculus 1 ,calculus 2, English 1 and English 2 and Arabic

language respectively.

Model was wrong in its prediction, may be the reason behind that are marks of this

sample in calculus 2, English language 1 and 2 and Arabic language around 80’s its an

’B’ level so model predict the wrong class.

Second, some correctly classified cases listed below:

1. 1, 2012, 1, 97, 20201, 5, 0, 90, 1, 2, 1, 7, 98, 88, 94, 96, 98, 98, 92, 2012, 13, 7, A.

2. 1, 2012, 1, 98, 20403, 11, 0, 86, 2, 2, 2, 2, 82, -1, 94, 82, 82, 71, 84, 2012, 2, 1, O.

Case number one, is a correctly classified sample using RBF-SVM model, this sample is

an ’A’ class GPA, and classified as ’A’, this student sample from Jenin, its high school

certificate is from Palestine, taken in 2012, with scientific branch and 97 GPA. Samples

specialization at university is Mechanical Engineering Branch with 20201 code, received

no warnings, seven honor semesters, graduated with 90 GPA and 98, 88, 94, 96, 98, 98, 92

marks at physics 1,physics 2, calculus 1 ,calculus 2, English 1 and English 2 respectively.

Model was correct in its prediction, may be the reason behind that are marks high marks

of this sample, most marks around 90’s and this is an ’A’ class, also there is some honor

semester its 7 semesters here.

Case number two, is a correctly classified sample using RBF-SVM model, this sample is

an ’O’ class GPA, and classified as ’O’, this student sample from Hebron city, its high

school certificate is from Palestine, taken in 2012, with scientific branch and 98 GPA.

Samples specialization at university is Architectural Engineering Branch with 20403 code,

received no warnings, one honor semesters, its GPA is 86 and 82, -1, 94, 82, 82, 71, 84

marks at physics 1,physics 2, calculus 1 ,calculus 2, English 1, English 2 and Arabic

language respectively.

Model was correct in its prediction, may be the reason behind that are regularity in
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engineering study code is 2 which is for student who left university, also for graduation

attribute code is 2, this code means that student did not graduate from engineering

discipline and so its an ’O’ class.

Experiments and Results chapter presents how build model is tested and optimized using

grid search and Genetic Algorithm for SVM-RBF and linear models. Accuracy and Area

Under Curve calculated and plotted for each case and for a blind testing data set. Finally

some students samples are presented and discussed as correctly and miss classified cases

and reasons behind each manner of classification.

4.5 Results discussion

From previous experiments and results, we can observe the SVM classifiers gives an

excellent prediction accuracy, RBF kernel more accurate than linear kernel since high

dimensional dataset, or data set with large number of attributes will be trained well

using RBF kernel more than Linear kernel. Optimization of RBF-SVM prediction model

using grid search and genetic algorithm gives nearly the same accuracy and AUC.



Chapter 5

Conclusion and future work

5.1 Conclusion

This work proposes a prediction model for engineering performance after five years of

study at Palestine Polytechnic University, this model built depending on a data set

collected from registration department at Palestine Polytechnic University about 8291

students who applied for enrollment to engineering college from 1994 to 2017.

Two models were build to predict how will students perform or students GPA after five

years of engineering study, using support vector machines, two kernels RBF and Linear

were used under SVM classifier, then two models RBF-SVM and Linear-SVM parameters

were optimized to obtain better prediction accuracy. Accuracy measured using confusion

matrix and area under curve for better accuracy. Finally both models were tested using

blind data set to be sure that prediction not over fitting.

Data set collected from PPU data base, and has three categories:

• pre university data like year of high school diploma, general secondary branch and

high school average.

• university data like university GPA, regularity of students in the study, did student

graduate from university, students mark in Physics 1 and 2, Students mark in

calculus 1 and 2 and number of honor semesters.

• personal data like the town or city where student lives.

Results of accuracy and area under curve of both RBF and Linear SVM shows that

proposed prediction model provided an improvement for classification task for academic

performance prediction. Results shows that data set without label ’O’ was less accurate

in prediction than data set with label ’O’ as shown in chapter 4.
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Classification accuracy and AUC for proposed prediction models before and after op-

timization using grid search method and genetic algorithm are nearly the same with a

very small different as shown in chapter 4.

So as a summary for our research, a prediction model for engineering students at PPU,

moved through the following steps:

1. Create out own data set, two data sets used to obtain final prediction model, first

one without ’O’ label, and another one with ’O’label.

2. Apply linear kernel under SVM classifier depending on both data sets, with and

without ’O’ label.

3. Apply radial kernel (RBF) kernel under SVM depending on ’O’ label data set.

4. Optimize our RBF-SVM prediction model using grid search method, and genetic

algorithm to enhance RBF-SVM parameters C and sigma.

5. Test our enhanced RBF-SVM model using blind dataset, to avoid over fitting.

A summary for accuracy and AUC for proposed models, depending on two data sets,

one with ’O’ label or class, and other one without ’O’ label. Accuracy of RBF-SVM

model without ’O’ label is 90%, where accuracy of the same prediction model with ’O’

label is 95%. Optimized RBF-SVM model using grid search and GA is 96%. Accuracy

of proposed model under Linear kernel is 95%. AUC is 90%, 94%, 95%, 95% respectively.

From results we can conclude that optimized RBF-SVM model using grid search gives

the most accurate prediction result.

5.2 Future work

Depending on results of accuracy and AUC for proposed model, our future work will to

be:

• To cover other university disciplines more than engineering, it may include infor-

mation technology, information systems, diploma disciplines

• Also collect data from other universities in Hebron, not only PPU but also hebron

university, alqus open university and others in country and whole Palestine.
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• Build desktop application or mobile application for academic planning that could

be used by students, instructors, or any stakeholders. Each stakeholder can submit

their information and take their future academic prediction. Poor students could

take proactive steps to make better in their study, instructors could develop their

teaching strategies for example, some stakeholder like the dean of college could

plane enhance academic level in college.
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