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ABSTRACT 

In this study students’ admission forms and the Internet were used to create datasets 

in order to design, implement and test a prototype for an inferential engine for 

degree programme recommendation. The said engine is a Machine Leaning (ML) 

tool to be used by students for selection of degree programmes. The dataset had 17 

features which represented ordinary and advanced level performances, category of 

schools of admission and student gender. Data in the dataset was unevenly 

distributed in nine classes, whereby 80% was used for training with 10-fold cross 

validation and 20% was used for testing of the seven selected ML algorithms. 

The ML algorithms which were selected for this study were Decision Tree (ID3), 

Nearest Neighbor, Support Vector Machine (RBF kernel), and Bagging Classifier. 

Others were Random Forest, Adaptive Boost, and Neural Network (MLP). Random 

Forest outperformed the other ML algorithms with an accuracy of 66%, with Mean 

Absolute Error of 11.93. RF attained precision, recall and F-measure of 66% each; 

Cohen’s kappa and MCC of 60% each; Log Loss of 29%; and Hamming Loss of 

34%.  

The study recommends the educational governing institutions to use a well-formed 

evaluation and record keeping system to enable easy tracking of student 

performance. 
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CHAPTER ONE 

INTRODUCTION 

This chapter contains discussion on the key concepts pertaining to this study. The 

background information about the research topic is followed by explanation of the 

problem that gave rise to this investigation. The objectives and the research 

questions are presented. The chapter is concluded by the contribution of the research 

to the society, scope, limitations of the study as well as the organization of the other 

parts of this research report.  

1.1 Background of the Study 

As the education sector is rapidly developing in Tanzania, the number of applicants 

for undergraduate studies is increasing (Mpehongwa, 2014). For admission to 

university, the student must apply for the degree program of his/her choice based on 

the entry qualification set by the Tanzania Commission for Universities (TCU, 

2016). Based on (TCU, 2017) guidelines, these applicants are categorized into; 

direct entrants, equivalent qualification entrants, or the recognition of prior learning. 

Basically, students’ degree program selection process is based on minimum-entry 

requirements, students’ affiliation and/or guardians’ affiliation. Being admitted to 

university studies does not guarantee that the student will complete the study, due to 

several factors. Baslanti & McCoach (2006) maintain that academic self-

perceptions, attitudes toward teachers, attitude toward schools, goal valuation and 

motivation are some of academic performance determinants for university students. 

Sibanda et al. (2015) posit that regular study, regular attendance at lecture, 

motivated lecturer, timely and consistent examination preparation, lecturer and 
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student relationship, and having own resources; are some of factors that determine 

success. 

Murphy et al. (2013) argued that the appropriate course selection is among the 

primary factors which influence the academic performance at the university level. 

Thus, proper course selection needs experienced advisors who should include 

consideration of student gender, student academic history, and category of the 

school a student has attended. On the other hand, student academic advisors are not 

good enough since some of them do not keep the academic history of the previously 

advised students. Therefore, good academic performance needs a good academic 

advisor who should advise according to the academic history of the student 

(Daramola et al., 2014).  

Course selection for undergraduate studies is a task that should be taken seriously by 

each stakeholder from family level, school level and students. Bolu-steve, (2012) 

contends that the presence of academic guidance and counseling is essential to 

arouse awareness to the students on their career development. Daramola et al. (2014) 

argue that the quality of academic advising received by the student is an essential 

factor that leads to good academic performance. 

Generally, there is still a deficit in family level and school level, career guidance and 

counseling towards students’ career mentorship, particularly in Tanzania. This 

situation has left the student alone with few descriptions of a particular degree 

program available on university websites and other media (Filip, 2012). The use of 

Information Technology (IT) especially Artificial Intelligence (AI) and Machine 

Learning (ML) techniques can help the student to make an informed choice of the 

degree program to pursue at the university level. 
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In doing academic advising, human advisor relies on thinking drawn from 

experiences that they had gained over time (Daramola et al., 2014). Computers can 

be modeled to imitate this behavior through the use artificial intelligence and 

machine learning techniques such as case-based reasoning, artificial neural network, 

and Bayesian network to guide students in university course selection. 

This study atttemps to model an inferential engine prototype to aid the student 

degree-program selection for undergraduate studies based on the stored experiences 

of the past students’s performance. Literature has shown that there are various 

factors which influence academic performance, proper selection of degree-

programme being one of the important factors. Academic history of the student, 

gender, and category of schools he/she has studied in previous levels are the features 

to consider so as to make an informed choice of the degree program. The model is 

envisioned to recommend to the student a best-fit degree-program, to be selected for 

an application using the previous students with similar academic history and 

performance for inference. 

1.2 Problem Statement 

As trivial as it may seem, selection of degree programme for students is not an easy 

task. Currently, in Tanzania, this exercise is undertaken based on a myriad of 

unrelated factors such as directives of a parent or guardian, marketability, loan 

availability, or motivation from peer groups. Sometimes this action is also 

influenced by prestige of studying programs which are said to be tough. Poor advice 

due to the failure of advisors to track the performance of the past has led to improper 

degree-program selection by the future students. The improper degree program 
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selection is among the major factors which lead to poor performance to university 

students (Fraser & Killen, 2003). 

In automating academic advising process, several approaches and techniques have 

been proposed by different researchers. Laghari (2014) implemented a system to 

guide students in selecting appropriate courses suitable for them to make online 

registration. Yeh (2015) presented a customized e-advising service by using rule-

based technology to provide each learner with a course recommendation for college 

studies. Daramola et al. (2014) used a combination of rule-based reasoning and case-

based reasoning to design and implement an intelligent course advisory expert 

system.  

So far, most approaches focus more on continuing students, recommending to them 

the courses to pursue at a particular semester leaving out the students who are 

expecting to join universities. Selection of degree program by pre-university 

students should firstly weigh out the academic history of the applicant, gender, and 

category of schools he/she passed so as to make proper selection (Fraser & Killen, 

2003; Sibanda et al., 2015). Other considerations such as choice of the applicant, 

guardians’/peer groups’ motivation or other factors should then follow from that 

point. This study aims to use ML to build and test an inferential engine prototype for 

degree-program recommendation system based on the performance of the past 

students. 
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1.3 Objective of Study 

1.3.1 General Objective 

The main objective of this study is to design, implement and test an inferential 

engine prototype for degree-program recommendation system in Tanzania using ML 

techniques.  

1.3.2 Specific objectives 

i. To create a dataset of students’ performance from selected data sources. 

ii. To build and evaluate a model by using some selected ML algorithms. 

iii. To design, build and test an inferential engine prototype that can be used for 

the degree-program recommendation system. 

1.4 Research Questions 

i. How can a dataset of student performance be created using data from 

selected data sources? 

ii. How can the selected ML algorithm be applied to build and evaluate the 

model for degree-program recommendation? 

iii. How can the inferential engine prototype for degree program 

recommendation be designed, built and tested? 

1.5 Significance of the Study 

The study results have a significant contribution to several education stakeholders 

such as universities, students, parents and guardians, and sponsors.  



18 

1.5.1 To students 

The study helps to predict the degree programs of which the students can opt with 

high probability of completing the studies. This will excel the performance at 

universities and reduce the dropout rates. 

1.5.2 To parents/guardians and sponsors 

The study builds confidence to the parents/guardians or other students’ sponsors as 

they contribute their sponsorship to students due to high probability of completion of 

studies. Students’ drop out from studies has a significant negative impact to the 

family as well as to the society in general to the extent that sometimes students do 

not report this situation to their parents/guardians or sponsors. 

1.5.3 To universities 

The credibility of a learning institution is also contributed by graduates from the 

particular institution. The rise in performance and reduction of dropout rate means 

the increase of the number of graduates who will be the institution ambassador in the 

society. 

1.5.4 To the government 

The study is of much benefit to the government as the primary higher learning 

students’ sponsor through Ministry of Education and Higher Education Students 

Loans Board (HESLB). The reduction of dropout rate will help to save amount of 

money which is lost when the loan beneficiaries fail to complete their studies. 

1.5.5 To other researchers 

The study aims to pave the way to other researchers to explore more on how 

machine learning can be used to reduce failure in universities. The findings of this 
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study are of more benefit to other researchers in a way that they can find the gaps 

and proceed from that point. The study thought to add literature to the fast-growing 

field of educational machine learning and data mining.   

1.6 Scope of the Study 

The study is confined on direct entry applicants from science subjects at an 

advanced level of secondary education in Tanzania a case of University of Dodoma 

applicants.  The choice is due to the financial and time limit for this study as set by 

the University of Dodoma. 

1.7 Limitations of the Study 

This study has faced several challenges including limited data access, financial and 

time limit. Due to the issue of confidentiality and moderate data management, 

student performance data access and other related information was very limited as a 

result data were collected from joining forms, graduation books, and internet. 

Financial and time limit shaped the study by reducing some features such as family 

financial status, and parental education background whose collection would have 

needed more time and financial support. The study assumed these features are 

constant to all students.  

1.8 Organization of the Study 

The rest of this report falls into the following organization. Chapter two contains the 

discussion on the reviewed literature that was crucial to this study. Methodology 

underlying this study is presented in chapter three where all methods, techniques and 

tools used to accomplish each objective are discussed in detail. Experimental 

findings which were used to answer the research questions are discussed in chapter 

four. Chapter five contains conclusion, recommendation and areas for further 

studies. 
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CHAPTER TWO 

LITERATURE REVIEW 

This chapter presents the literature review on what other researchers have written 

about the key issues pertaining to this study. The documentary survey was done 

from the reliable sources such as articles, journals, conference proceeding and 

books. The documentary review has facilitated the research efforts to understand 

recommender system, machine learning, big data technologies, performance metrics 

and application domain that are all essential concepts in this study. 

2.1 Recommender System 

Recommender systems are intelligent application software from the field of artificial 

intelligence. They provide suggestion for products or services to be of use to a user 

or predict the ratings or preference that a user would give to the service or product. 

Recommender systems use artificial intelligence methods to assist and augment 

people to make choices without sufficient experience of alternatives (Alencar & 

Cowan, 2017; Geyer-schulz et al., 2010). Bobadilla et al. (2009) considered the 

recommender system as social networking tools that provide dynamic and 

collaborative communication, interaction and knowledge.  

Recommender system falls into three categories as collaborative filtering, content 

filtering and hybrid filtering (Adomavicius & Tuzhilin, 2005; Alencar & Cowan, 

2017). Collaborative filtering make recommendation based on user’s similarities 

while content-based filtering uses the similarities between the items for 

recommendation. A combination of these two techniques produces a hybrid 

recommendation. 
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2.1.1 Recommendation system in education 

The expert system which uses educational data set, extracting knowledge from them 

and provide useful decision option to improve learning process and performance of 

students. These systems are the product of educational data mining. Mobasher et al., 

2017 contended that educational data mining uses data mining techniques to process 

and extract knowledge from educational data set which its uses enhances learning 

process and improve students’ performance.  

2.2 Data Mining 

Data Mining (DM) is the process of extracting hidden knowledge or patterns from a 

pool of raw data. This process is used to select, explore, and model large quantity of 

data to discover unknown regulations and relations among data. Park et al., (2012); 

Romero & Ventura, (2007)  defined DM or Knowledge Discovery in Databases 

(KDD) as the use of techniques to analyze, explore and automatically extract 

implicit and interesting patterns from large data collections in order to discover 

meaningful rules. 

Data mining process involves several steps such as selection, pre-processing, 

transformation, and data mining. Others are interpretation and evaluation. After pre-

processing of data, the data mining techniques such as statistic visualization; 

clustering, classification, and outlier detection; association rule mining and pattern 

mining; and text mining can be applied (Romero & Ventura, 2007). 

Bhavsar & Ganatra, (2012); Romero & Ventura, (2007) showed that, the DM 

process is used in several field such as education to business, medicine to astronomy 

and banking to text classification. In all these fields DM is used to make results 

predictions, future forecasting, deducing relationship between items and decision 
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making. The use of data mining and machine learning (ML) is a key to gaining 

competitive edge during this era of Artificial Intelligence. 

DM and ML are two most common techniques in big data analytics which most 

learners are taken as similar approaches but they are different. Data mining uses 

machine learning techniques to identify patterns in large amount of data to extract 

useful information from those patterns. 

2.3 Machine Learning 

Machine learning is the field of artificial intelligence which involves all activities to 

give computers ability learn and act intelligently without being explicitly program. 

This field was coined by Arthur Samuel in 1959. Machine learning make the use of 

statistical analysis to the input data to predict an output. The idea behind machine 

learning is that systems can learn from data, identify patterns and make decisions 

with minimal human interventions. Nasa & Suman, (2012) claimed that, it is 

difficult to precisely define ML processes by a single explanatory statement. ML can 

be explained as the processes of gaining knowledge or understanding of skill by 

studying the instructions or experiences. It can also be expressed as the extraction of 

important information from a large amount of data and its correlations. Data is 

fundamental in machine learning (Kuleszaet al., 2014). 

The field of machine learning was born from pattern recognition and the theory that 

computers can learn to perform a certain task without being explicitly programmed. 

Computers are made to learn from previous computations to produce reliable and 

repeatable decisions and results. The trained computer requires no machine learning 

expertise to use (Shoeb & Guttag, 2010). Machine learning is applied in several 

domains such as natural language processing, image recognition, expert system and 
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data mining. Nguyen & Armitage, (2008) noted some domains in which machine 

learning is applied, these are search engine, text and handwriting recognition, image 

screening and network traffic controller. Data mining uses machine learning 

techniques to recognize patterns from large amount of data. 

Machine learning develops artificial intelligence to a machine by enabling it to learn 

from the analyzed data or with experience. Machine learning covers large area 

within the field of artificial intelligence. Jordan & Mitchell, (2015) posited that 

machine learning is one of the most rapidly growing technical fields, lying at the 

intersection of computer science and statistics, and at the core of artificial 

intelligence and data science. A computer learns through training. 

The process of training the machine is not similar for all application of machine 

learning. This kind of variation in learning process has made machine learning to 

fall into different categories. However the study outlined by Nguyen & Armitage, 

(2008) stated different types of learning as supervised, unsupervised, association, 

and numeric prediction. The main categories machine learning is unsupervised 

machine learning, supervised machine learning and reinforcement learning. 

2.3.1 Unsupervised Machine Learning 

Unsupervised machine learning (UML) involves no provided label at all during 

training algorithm instead and algorithm find the structure in its input. Libbrecht & 

Noble, (2015)  defined unsupervised learning as the method which find structure in a 

data set without using label. In unsupervised learning you only have input data 

and no corresponding output variables. Coates et al.,(2011); Libbrecht & Noble, 

(2015) contended that unsupervised learning algorithms are used to discover features 
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from the unlabeled data. UML can be a goal in itself when we only need to discover 

hidden patterns. The unsupervised learning does not require guidance from human to 

identify complex processes and patterns. It is termed to be closely aligned with some 

true artificial intelligence. In UML, the algorithm looks at inherent similarities 

between the data provided and separate them into groups accordingly. Algorithms 

which fall under this category are such as k-means clustering for clustering 

problems, and Apriori for association rule problems. K-means clustering has been 

widely used in unsupervised machine learning problems (Coates et al., 2011). We 

can generally say that, unsupervised learning is the learning processes where we 

don’t have separate inputs and outputs, but just a large group of data of one variable 

or vector  in which the algorithm should make some groups depending on 

similarities. 

2.3.2 Reinforcement Learning 

Reinforcement Learning (RL) consists of machine learning algorithms which the 

training data is given as a feedback to the program’s actions in the dynamic 

environment. In RF, an agent interacts with unknown environment, and attempts to 

choose actions that maximize its cumulative playoff (Kearns, 2002). It is like driving 

a vehicle or playing a game against an opponent. RL differs from supervised 

machine learning in the sense that it needs no correct input-output pairs and sub-

optimal actions need not be explicitly corrected. The goal of this machine learning 

technique is to maximize its performance through try and error learning process. The 

agent using reinforcement learning repeatedly interact with its environment, 

perceive it, act on it and get reward (Mnih et al., 2016; Stone et al., 2000). 



25 

2.3.3 Supervised Machine Learning 

Supervised Learning (SL) is the category of machine learning in which an algorithm 

is subjected to an experience consisting of input-output pairs stored in a training set. 

Bhavsar & Ganatra, (2012) defined supervised machine learning as the process of 

learning which assigns class labels to data objects based on the relationship between 

the data items with a pre-defined class label. The main purpose of SL is to learn how 

to predict a random variable  based on a set of explicative random variables 

denoted by , where  and  depend on the problem at hand (Crisci et al., 

2012). and  in this explanation is the input and output respectively. The 

algorithm is taught to map the input to the desired output. In the input-output pair, 

the input is typically a vector and a desired output is a supervisory signal. A 

supervised machine learning algorithm analyzes the training data and produces an 

inferred function which can be used to map new instances. Benchettara et al., (2010) 

stated that, training a supervised machine learning such as classification model 

requires building a training data that describes examples of both or all classes. 

Training data for supervised machine learning is like an example provided to a 

student by a teacher for doing a certain task. The data scientists cover the place of a 

teacher, training set as an example and an algorithm as a student. In supervised 

machine learning with input variable  and an output variable , the algorithm is 

taught to understand the mapping function  for the input to output. The 

general steps for machine learning are: data preparation, algorithm selection, 

algorithm training, model validation and refining, and using fitted model for 

prediction. The Figure 1 elaborates this clearly. 
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Supervised machine learning is further categorized into regression and classification 

problems. Regression helps to understand how typical value of the dependent 

variable changes with respect to the change in any one of the dependent variables. It 

is used for prediction and forecasting. Differently from regression, classification 

maps the input to a specific class category. The output from regression is a 

numerical value while that from classification is a categorical value. Nasa & Suman, 

(2012) explained classification as the technique in machine learning which predicts 

the value of a categorical variable (target/class) by building a model based on one or 

more numerical or categorical variables. 

 

Figure 1: General Steps of Machine Learning Classification 

2.4 Classification Algorithms 

Classification is an instance of supervised learning in which the idea is to predict the 

target by analyzing the training set. Nguyen & Armitage, (2008) defined 

classification as learning process which involves machine learning f\rom a set of 



27 

pre-classified/pre-labelled examples, from which it builds a set of classification rules 

(a model) to classify unseen examples. Similarly Thabtah & Cowling, 2004showed 

that classification in data mining aims to predict the class of unseen instance a 

accurately as possible. Classification process falls into binary class, multiclass, 

multilabel classification. In binary class classification, the outcome has only two 

possible values, for example an email classification as spam or non-spam. The 

multiclass classification consists of the outcome with more than two classes and for 

each instance one class is predicted. Different to multiclass, the instance into 

multilabel is associated with more than one label. Luaces et al, 2012; Read et al, 

2011; Tsoumakas et al, 2011; and Zhang et al, 2009 posited that, an object is 

assigned to a set of labels in multilabel while a single class is predicted in multiclass 

and binary class. There are several examples of classification task in machine 

learning such as email classification, sentiment analysis, drugs classification, and 

facial key detection. In machine learning classification tasks outweighs regression 

and clustering. Although classification involves several steps, training an algorithm 

is a critical step of classification task. 

The classification task is performed by classification algorithms. The algorithms are 

trained and then are used to predict. The algorithm in classification finds the 

relationship between the target and the features and summarizes it in the model 

ready to be used for classification. There are many classification algorithms in 

machine learning, such as Naïve Bayes, Decision Tree, k-Nearest Neighbor, Support 

Vector Machine, and Bagging classifier. Others are Random Forest, AdaBoost, 

Multilayer Perceptron, etc. 
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2.4.1 Bayesian Network 

Bayesian Network is a form of statistical model which use directed acyclic graph to 

represent a set of variables and their conditional dependencies. The conditional 

dependencies which results on causation are represented by edges in a directed 

graph. Bayesian network are used to build model from data and/or expert opinion. 

The network consists of nodes representing the random variables, edges between 

pairs of nodes representing the causal relationship of these nodes, and a conditional 

probability distribution in each of the nodes. Huang & Bian, (2009) claimed that a 

Bayesian network consists of a set of nodes which represent variables and the 

directed arcs which represent the directed causal influences between linked nodes. 

The nodes in a Bayesian network are in groups of parent nodes and child nodes. The 

child node  is dependent on the parent nodes  and conditionally independent 

of other nodes. The Bayesian Theorem is used in a network to show how a given 

parent node can influence the probability distribution over its child node. The 

theorem is used to calculate the conditional probability  between a parent  

and a child  

 

In equation (2.1),  is the conditional probability of provided  is given, 

and  and  are the likelihoods of nodes  and  respectively. Naïve Bayes 

is an example of Bayesian network algorithm. 
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2.4.1.1 Naïve Bayes 

Naïve Bayes are classifiers are simple probabilistic classifiers based on applying 

Bayes theorem with strong independence assumptions between the features. The 

independent features are used to calculate the probability of a specific class. The 

algorithm assumed all attributes to be independent given the value of the class 

variable (Patil, 2013). Naïve Bayes is a family of algorithms, not just a single 

algorithm which works under the principle of Bayes’ Theorem. The Naïve Bayes 

classifier is suited when the dimensionality of the inputs is high. Since its 

introduction in 1960s, naïve Bayes has remained as a baseline method for text 

categorization. Patil, 2013 argued that Naïve Bayes tends to perform well and learn 

rapidly in various supervised classification problems. 

2.4.2 Decision tree 

Decision Tree Classifier is a simple and widely used classification technique which 

applies a straightforward idea to solve classification problem. Bhavsar & Ganatra, 

(2012) defined decision tree as supervised machine learning technique that builds a 

decision tree from a set of class labelled training samples during the machine 

learning process. It works by posing questions about attributes stepwise until a 

conclusion about the class label of the record is reached. The theory of working of 

this classifier is the division of a working area (plot) into subpart under the guidance 

of the questions and answers. A decision tree partitions the input space of a data set 

into mutually exclusive regions, each of which is assigned a label, a value or an 

action to characterize its data points (Nasa & Suman, 2012). Decision tree algorithm 

start with the training set which is then recursively partitioned based on feature value 

into subset as a result the data in each subset is purer the data in parent class 

(Bhavsar & Ganatra, 2012).  
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The decision tree consists of the internal and external nodes connected by branches. 

Each internal node represents a test on attribute, each branch represents an outcome 

of the test and each leaf node represent the class label. during classification the 

decision tree determine the class label of an unknown sample by tracing the path 

from the root node to the leaf node (Bhavsar & Ganatra, 2012; Nasa & Suman, 

2012) 

The mathematical aspects of the decision tree algorithm comprise an entropy and 

information gain. Ć et al., 2011; Nasa & Suman, 2012 concluded that to build the 

decision tree we need to calculate an entropy and an information gain in which the 

attribute with highest information gain is found. The Entropy shows the measure of 

randomness of elements. It is calculated as:  where  is 

the probability of an item  and  is an entropy. The Information gain is used in 

selection if there are multiple features to divide the current working set. It is 

calculated as: . The formula shows 

that the information gain depends on the entropy after a dataset is split on a selected 

attribute. 

2.4.3 Nearest Neighbor 

Nearest Neighbor is a simplest non-parametric machine learning algorithm which 

belongs into a family of instance-based learning algorithm. Non-parametric 

algorithms make no explicit assumptions on the underlying distribution of data. 

Instance-based learning algorithms are algorithms which do not learn a model, they 

memorize the training instances which are then used as knowledge for the prediction 

phase. Nearest Neighbor algorithms are attractive because they are easy to 
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implement, nonparametric, and learning based (Ni & Nguyen, 2009). The principle 

behind nearest neighbor methods is to find a predefined number of training samples 

closest in distance to the new point, and predict the label from these. It uses selected 

number of nearest neighbors in making classification or prediction.  

The kNearest Neighbor (kNN) is a Nearest Neighbor algorithm which is used in 

both classification and regression problems. The kNN is mostly used in 

classification due to its easy of interpretation and low calculation time compared to 

other classification algorithm. It is often successful in classification situations where 

the decision boundary is very weak. Mangalova & Agafonov, 2014 considered 

interpretability of the model, cyclic factors treatment, and the fact that kNN need no 

multiple learning to select it out of other classification algorithm in the study of 

wind power forecasting. 

2.4.4 Support Vector Machine 

Support Vector Machine is a non-probabilistic ML algorithm which is used for both 

classification and regression problems. Aydin et al., 2011 defined support vector 

machine as a classification method based on the structured risk minimization 

principle. Support Vector Machine (SVM) relies on the support vectors, which are 

the data points that lie closest to the decision surface. It uses kernel tricks to perform 

non-linear classification implicitly mapping the input data into high dimensional 

feature spaces. To establish an efficient SVM, kernel parameters and kernel function 

must be selected careful because they have effects on the performance and accuracy 

of the algorithm (Aydin et al., 2011; Fei & Zhang, 2009).The SVM is based on the 

concept of decision planes that define decision boundaries. It is a discriminant 

classifier which is defines by a separating hyperplane. SVM uses kernel function to 
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map the input data into a high-dimensional feature space and find an optimal 

hyperplane to separate two-class data (Aydin et al., 2011). The classification is 

performed by finding the hyperplane that differentiate the two classes. 

However SVM can be used in both classification and regression, Aydin et al., 2011 

have claimed that it is more used for classification problems. Fei & Zhang, 2009 

have shown that SVM can be used in machine learning problems such as face 

detection, object detection and recognition, handwritten character and digit 

recognition, text detection, and information and image recognition. The advantage of 

SVM is that it can work strongly and powerfully with smaller dataset. Gomez et al., 

2011 reported the other advantages as less susceptibility to overfitting problems, 

local minima in training, and the complexity that depends on the number of support 

vectors rather than the dimensionality of the transformed space. 

2.4.5 Ensembles 

In machine learning, ensemble is an art of combining together several machine 

learning techniques into one optimal algorithm. Wang et al., (2011); Wang et al., 

(2013); Yu et al., (2008); Yu et al., (2010) showed that ensemble consists of 

multiple algorithm which are trained to solve the same problem. Ensemble improve 

stability and predictive power of the algorithm compared to the performance that 

could be obtained from any of the constituent learning algorithm alone. From the 

results obtained in 1200 comparative experiments (Wang et al., 2011, 2013) 

revealed that ensemble method substantially improve the performance of individual 

base learners. The base learners of an ensemble have to be as accurate as possible 

and as diverse as possible in order to make the ensemble more accurate than its 

constituent algorithms. 
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To improve performance, the ensemble decrease variance, bias, and improve 

prediction. Bootstrap aggregation (Bagging) reduce variance of an estimate through 

averaging multiple estimate. It uses voting for classification and averaging for 

regression. Boosting reduce bias through conversion of weak learners to strong 

learners. The principle of use of boosting is fitting a sequence of weak learners. 

Stacking improve prediction through combining multiple classification or regression 

model into an optimal model via a meta-classifier or a met-regressor. Training set is 

then used to train the base level model, and its output is used to train the meta-

model. 

Ensemble falls into major two categories: sequential ensemble, for example 

Adaptive Boosting; parallel ensemble, for example Random Forest. Other examples 

of ensemble algorithms are based on bagging and boosting. These are such as 

Bagging classifier, GBM, XGB, Light GBM and CatBoost. Wang et al., (2011, 

2013) proclaimed that bagging, boosting and random space are the three most 

popular ensemble algorithm. 

2.4.5.1 Bagging classifier 

Bagging algorithms tries to implement similar learners on small sample populations 

and then takes a mean of all the predictions. The method claims to increase accuracy 

by creating an improved classifier by amalgamating the various outputs of learned 

classifiers into a single prediction (Rokach, 2010). It can be used as variance 

reduction technique by randomization into its construction procedure and then 

creating an ensemble out of it (Zareapoor & Shamsolmoali, 2015). Bagging can be 

used for both classification (Bagging Classifier) and regression (BaggingRegressor) 

problems.  
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Bagging classifier uses bagging technique to make prediction. Zareapoor & 

Shamsolmoali, (2015) reported Bagging classifier works by combining classification 

of randomly generated training sets to form a final prediction. It creates  

classification trees using bootstrap sampling of the training data. From a sample of 

data, multiple bootstrapped subsamples are pulled and decision tree is formed on 

each of the bootstrapped subsamples. The algorithm is then used to aggregate over 

the decision tree to form the most efficient predictor. Fumera et al., (2008) 

contended that the effectiveness of Bagging classifier has been shown in several 

recognition problems.  

2.4.5.2 Random Forest 

Random Forest (RF) is an extension of the bagging estimator which builds multiple 

decision trees and merges them together to get more accurate and stable prediction. 

Different to bagging estimator, random forest selects a set of features which are used 

to decide the best split at each node of the decision tree. Belgiu & Dra (2016) 

defined RF classifier as an ensemble classifier that produces multiple decision tree 

using a randomly selected subset of training samples and variables. It changes the 

algorithm for the way that the sub-trees are learned so that the resulting predictions 

from all of the subtree have less correlation. It is a fast algorithm that can 

successfully handle high data dimensionality and multilinearity due to the large 

number of decision tree produced by randomly selecting a subset of training samples 

and a subset of variables (Belgiu & Dra, 2016). These trees are built without pruning 

by using impurity gini index (Chan & Paelinckx, 2008; Mutanga et al., 2012). 

Among the ensemble classifier random forest has showed better results in different 

dataset compared to other algorithms. Wang et al., (2013) concluded that random 
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forest showed better results in sentimental classification compared to bagging and 

boosting algorithm. It has shown excellent performance in stings where the number 

of variables is much larger than the number of observation (Boulesteix et al., 2012). 

Rodriguez-galiano et al., (2012) argued that, the key advantages of RF include their 

non-parametric nature, high classification accuracy and the capability to determine 

variable importance. The RF provides the algorithm for estimating missing values, 

and flexibility data analysis; including regression, classification, survival analysis 

and unsupervised learning. 

2.4.5.3 AdaBoost 

Boosting algorithm uses the technique of adjusting the weight of an observation 

based on the last classification. For the incorrectly classified observation, boosting 

algorithm tries to increase the weight and fit it again. These algorithms work by 

weighting instances in the dataset by how easy or difficult they are to classify 

allowing the algorithm to pay or less attention to them in the construction of 

subsequent models. 

AdaBoost is one of the simplest boosting algorithms which assigns weights to the 

observation which were incorrectly predicted and the subsequent model works to 

predict these values correctly. Morra et al., (2010) defined AdaBoost as the meta-

algorithm that selects weak classifiers from candidate pool and weights each of them 

based on their error. The other definition from (Hu et al., 2008; J.-J. et al., 2011) 

have shown that AdaBoost combines weak classifiers to corrects the 

misclassifications made by each of them alone. AdaBoost uses iterative way to 

create  base estimators that place greater emphasis on the mis-classified samples 
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from the training data. Each iteration of AdaBoost assigns an importance weight to 

each example; example with a higher weight, classified incorrectly on previous 

iterations, will receive more attentions on subsequent iterations, tuning the weak 

learns to the difficult examples (Morra et al., 2010). The result from all boosting 

base classifier are aggregated to produce a meta-prediction. 

2.4.6 Artificial Neural Network 

Artificial Neural Network (ANN) are brain-inspired computing systems that are 

designed through imitation of biological neural networks that constitute animal 

brains. Suykens, (2014) defined ANN as a system based on the operation of 

biological neural network. It is based on collection of connected units or nodes 

known as artificial neurons which can process and receive/transmit signal from/to 

other neurons. ANN consists of input and output layers and commonly but not must 

a hidden layer. The hidden layer constitutes units that transform the input into 

information that the output layer can use. The working of ANN is analogy to the 

brain however the exact workings of the human brain is still a mystery. The 

mathematical modelling of biological neuron represents the synapse as weights, 

whereas the negative weight reflects inhibitory connection and the positive weight 

reflects excitatory connection (Suykens, 2014). The simple mathematical formula 

for this model can be: 

 

In the neuron equation (2.2);  is the outcome which is subjected to activation 

function to get the output of the neuron,  is the weight on an input . 
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The goal of ANN is not grandiose recreation of the brain, but the research on ANN 

aims to understand capabilities which people can engineer solutions to problems that 

have not been solved by tradition computing. With their remarkable ability to derive 

meaning from complicated or imprecise data, ANN can be used to extract patterns 

and detect trends that are too complex to be noticed by either humans or other 

computer techniques (Yilmaz, 2009). The complexity of the way human brain solve 

problem has led to the innovation of different forms of ANN. 

Though there are many sub forms of ANN, but the major forms are Feed Forward 

Neural Network (FFNN) and Feedback Neural Network (FNN). FNN is commonly 

known as the Recurrent Neural Network (RNN). Perceptron is among of the family 

of FFNN. Perceptron is commonly sub divided into single layer perceptron and 

multilayer perceptron. Multilayer Perceptron (MLP) is widely used among neural 

network model (X. Hu & Weng, 2009). 

2.4.6.1 Multilayer Perceptron 

Multilayer Perceptron (MLP) is a class of FFNN which consists of at least three 

layers of nodes. Orhan et al., (2011) reported that MLP consists of sequential layers: 

input, hidden and output layers. They contended that, the hidden layer process and 

transmit the input information to the output layer. The number of hidden layer to be 

used in MPL is found by trial and error (Orhan et al., 2011). Each layer with 

exception of the input layer use a nonlinear activation function (AV). The AV maps 

the weighted input to the output of each neuron. MLP produce a single output on 

several real-valued inputs by forming a linear combination using its input weights. 

The mathematical representation of the mapping takes the form of: 
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In the mathematical representation above; α is an activation function,  is the 

weight,  is the vector input and  is the bias. 

MLP is a supervised machine learning technique which use backpropagation for 

training. However from the literature, (Orhan et al., 2011) found some constraints 

with backpropagation such as slow convergence, but still they proposed different 

variations of it and it was then used as primary algorithm for their MLP ANN 

model. MLP is widely used for solving that requires supervised learning. It is also 

used in research which requires computational neuroscience and parallel distributed 

processing. The problems such as speech recognition, image processing and 

machine translation can be solved using MLP. 

2.5 Baseline Classifiers 

Baseline classifiers are simple methods which uses heuristics, simple summary 

statics, randomness or machine learning to create prediction for datasets. The 

performance of these algorithms on a particular dataset is used as a base 

performance to compare with other algorithms. Tsai et al., (2009) defined baseline 

classifier as a single selected classifier against which more involved methods in a 

study are compared. Becker et al., (2011) showed that the results of the classifiers 

used in the study should be compared against several baseline classifiers. The best 

learning algorithms on a dataset are those which can outer perform the baseline 

classifiers (Fersini et al, 2015; Liu & Kirchhoff, 2013). However (Tsai et al., 2009) 

referred baseline as a single classifier, they at the end proposed the use of ensemble 
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classifier or hybrid classifier instead of a single classifier for baseline. Concerning 

the baseline classifiers to enclose in ensembles, Multinomial Naïve Bayes (MNB), 

SVM, Bayesian Networks (BN) and Decision Tree (DT) have been considered 

(Fersini et al., 2015).  

Python for machine learning use dummy classifiers in scikit-learn package as base 

line classifiers. In doing classification, dummy classifiers use techniques such as 

stratified, most frequent, prior, uniform and constant. 

Stratified classifiers generate predictions by respecting the training set’s class 

distribution. Most frequent classifiers always predict the most frequent label in the 

training set. Prior classifiers predict the class that maximizes the class priority. 

Uniform classifiers generate prediction uniformly at random. The constant 

classifiers classify by regarding the constant label that is provided by the user.  

2.6 Model Evaluation 

Model evaluation quantifies the quantity of predictions. After training, the predictive 

models are then evaluated on examples which have not been seen by the system 

while training (Benchettara et al., 2010). The model can be evaluated through 

estimator score method, soring parameter, or metrics function (Pedregosa et al., 

2012). The default evaluation criterion is used when a model is evaluated using an 

estimator score method. Scoring parameter uses cross-validation to evaluate the 

model. In Python for machine learning, functions such as 

 and  are 

used (Pedregosa et al., 2012). The scoring parameter of these metrics includes 

accuracy, precision, f1 score, recall and mean squared error. The functions such as 



40 

, , , and  

in Python for machine learning are used for multiclass classification (Scikit-learn-

developers, 2017). The binary class uses  and  

functions. 

2.6.1 Evaluation Metrics 

The judgement of which model could or could not be used for a certain problem 

includes the consideration of performance and error rate. The metrics used to 

measure performance and error rate are commonly referred to as evaluation metrics. 

Performance metrics in classification are fundamental in assessing the quality of the 

learning methods and learned model (Ferri et al., 2009). Most of times we use 

accuracy to measure the performance and Mean Absolute Error (MAE) to measure 

the error rate, however these two are not enough to provide judgement on a suitable 

model. Other metrics such as precision, recall, and fit time will be considered. Ferri 

et al., (2009) mentioned some of the metrics for evaluating classifiers as Accuracy, 

F-Measure, Rank Rate, Area under the ROC Curve (AUC), Squared Error (Brier 

Score), and LogLoss/Entropy. There is no one best metric for every problem, the 

question of what metric to use is not machine learning question, it is a business 

question. 

2.6.1.1 Accuracy 

Classification accuracy is the fraction of prediction that the model got right. Ferri et 

al., (2009); Jurman et al., (2012); Ozcift & Gulten, (2011) explained accuracy as the 

most common and simplest measure to evaluate the classifier by showing the degree 

of right prediction a model has done. It is the percentage of the number of correct 
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predictions made out of the total number of the prediction (Khan, Bashir, & Qamar, 

2014). However, classification alone is not enough to make decision on a good 

model, it can still be the starting point of model selection. 

Accuracy works well only if there are equal number of samples belongs to each 

class. It may be a poor metric for imbalanced data. Using accuracy for imbalanced 

data, means prediction is mostly favored to the majority class. Kandaswamy et al., 

(2011) expressed the accuracy as: 

 

For binary classification, the total number of predictions include correct predictions 

(i.e. sum of true positive (TP) and true negative (TN)) and incorrect predictions (i.e. 

false positive (FP) and false negative (FN)). Therefore, the accuracy can be 

expressed as: 

 

2.6.1.2 Precision 

Precision expresses how precise the model is out of those predicted positive. It is the 

ratio of true positive to the total predicted positive. Khan et al., (2014); K. Lee et al., 

(2010) defined precision as the fraction of true positives against all positives results. 

It measures the effectiveness of the classifier (K. Lee et al., 2010). This metric is 

good to be determined when the cost of False Positive is high unless the user might 

lose important information if precision is not high. Precision is considered in the 
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problems such as spam detection. For binary classification (K. Lee et al., 2010), 

precision can be found as: 

 

This precision model will be used in the algorithms of this work. 

2.6.1.3 Recall 

Recall expresses the number of actual positive the model captured through labelling 

it as true positive. It is the ratio of correctly classified positives by the classifier and 

manual classified positives (Khan et al., 2014). Recall which is also known as 

sensitivity allows computation of the percentage of the correct prediction 

(Kandaswamy et al., 2011). This metric should be considered in model selection 

when there is a high cost associated with False Negative. For binary classification, 

recall can be found as: 

 

Kandaswamy et al., (2011) posited that, the opposite of sensitivity is specivity, 

which measures the percentage of incorrect prediction. The metric is mathematically 

expressed as: 
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2.6.1.4 F1 Score 

F1 score is a function of precision and recall which seek a balance between the two 

metrics. It is the Harmonic mean of both precision and recall (Khan et al., 2014). It 

tells how precise the classifier is, as well as how robust it is. The F1 Score/F-

measure is often used to give a single system performance (Petersen & Ostendorf, 

2009). Differently from accuracy, the F1 score might be a better measure when there 

is an uneven class distribution. The large number of true negative cases which can 

influence the accuracy have tangible and intangible cost on some problems. From 

the study by (Boiy & Moens, 2009), F1 score is mathematically expressed as: 

 

2.6.1.5 Mean Absolute Error 

The Mean Absolute Error (MAE) is the average of the distance between the original 

values and the predicted values. This distance shows how far the predictions were 

from the actual output. Ferri et al., (2009); Snyder et al., (2012) contended that, the 

mean absolute error shows the deviation of the predictions from the actual 

probability. The shortcoming of MAE is that it doesn’t give show whether the model 

under predict or over predict. The mathematical expression for mean absolute error 

as shown by (Tsanas & Xifara, 2012) is: 

 

From the equation above,  is the actual case and  is the predicted case. 
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2.6.1.6 Confusion Matrix 

Confusion Matrix provides model output in matrix form. It contains information 

about actual and predicted classification done by a classifier (Akay, 2009). For 

binary classification, the confusion matrix is matrix of TP, TN, FP, and FN. It is 

used to derive most of the well-known performance metrics such as sensitivity, 

specificity, accuracy, positive prediction value, F-measure AUC and ROC Area 

(Ozcift & Gulten, 2011). Jurman et al., (2012) explained the confusion matrix as the 

square matrix  whose  entry  is the number of elements of 

true class  that have been assigned to class  by the classifier. 

2.6.1.7 Logarithmic Loss  

The Logarithmic Loss (Log Loss) is a metric which work well with multiclass 

classification. It works by penalizing the incorrect classifications. Log Loss is one of 

the popular loss function (Jiao et al., 2015), which measures how good probability 

estimates are and it has been used when calibration is important (Ferri et al., 2009). 

When working with Log Loss, the model must assign probability to each class for 

all the samples. The Log Loss has a lower bound of zero and infinite upper bound, in 

which the value of Log Loss nearer zero indicates higher accuracy and the value 

away from zero shows lower accuracy. Mathematically, the Log Loss is calculated 

as: 
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From the equation above,  is a sample  belong to class and  is the probability 

that sample  belonging to class . 

Jiao et al., (2015) expressed mathematical equation of the Log Loss function as: 

 

In the equation above  denotes the probability of  under measure . 

2.6.1.8 Matthew Correlation Coefficient 

In machine learning, the Matthews Coefficient Correlation (MCC) is used as a 

measure of the quality of classification. MCC is used in multiclass problems 

(Jurman et al., 2012). The MCC takes the value between  and . The perfect 

prediction takes a coefficient value of ,  represent an average random 

prediction, while the coefficient value of  shows the inverse prediction 

(Kandaswamy et al., 2011). For binary classification, the MCC considers true and 

false positives and negatives. The MCC is generally regarded as balanced measure 

which can be used even if the dataset is unevenly distributed. 

2.6.1.9 Cohen’s kappa 

Cohen’s kappa (CoK) is a score that expresses the level of agreement between two 

annotators on a class problem. CoK is among of the accuracy measure for multiclass 

problems which can be easily computed from confusion matrix (García et al., 2009; 

Vieira et al., 2010). It is regarded as the statistic that measures inter-annotator 

agreement, which support the comparative performance of classifiers (Ozcift & 
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Gulten, 2011). The Cohen’s kappa is said to outweigh the simple percentage as it 

considers the possibility of the agreement occurring by chance. It scores the 

successes independently for each class and then aggregates them (García et al., 

2009). In multiclass classification, the measure such as the accuracy, precision or 

recall do not provide the complete picture of the performance of the classifier due to 

the problem of imbalanced class. The Cohen’s kappa can handle both multiclass 

problem and imbalanced class problem. Ferri et al., (2009); García et al., (2009) 

explained the Cohen’s kappa as an alternative to classification rate whose original 

purpose was to measure the degree of agreement or disagreement between two 

classifiers. The range of the values of the Cohen’s kappa is less or equal to  

whereas, the values  or less indicate that the classifier is useless. Mathematical 

representation of the Cohen’s kappa as shown by (Ozcift & Gulten, 2011) is: 

 

From this equation;  is the observed agreement and is the expected agreement. 

2.6.1.10 Hinge Loss 

The Hinge loss function is a loss function used for maximum margin classifiers. It is 

the loss function used as performance measure of a model for multiclass problem 

(Shalev-shwartz, 2013; Weinberger et al., 2006). In multiclass classification, the 

Hinge loss function expects that either all labels are included in  or an 

optional label argument is provided which contains all labels. This function is most 

notably for Support Vector Machine classifier (Weinberger et al., 2006). The Hinge 

Loss is incurred by differently labelled input whose distance do not exceed, by one 
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absolute unit of distance, the distance from input to any its target neighbors 

(Weinberger et al., 2006). Mathematical expression of the Hinge Loss as expressed 

by (Shalev-shwartz, 2013) is: 

 

From the equation above  is the distance of the labelled input. 

2.6.1 Baseline Performance 

Baseline performance is the performance on given dataset which gives a point of 

reference to which you can compare the performance of all models that you 

construct. This performance is provided by baseline algorithms such as Zero Rule 

and One Rule in WEKA or dummy classifiers in Python for machine learning. It 

defines the hurdle that all other machine learning algorithms must cross to 

demonstrate skill on the problem. During algorithm selection the baseline 

performance is important since you cannot know in advance which algorithm will 

perform the best for your problem. A suite of algorithms should be tested to see 

what works best, at this point baseline performance is taken as a starting point of 

performance comparison. 

2.6.2 Validation Technique 

The validation techniques are the techniques which are used to provide unbiased 

model evaluation while the model is trained. They are used to get error rate of the 

model which can be regarded as close to the true error rate of the population. These 

techniques are used since machine learning solutions use small dataset that may not 

be a true representative of the population. The techniques which can be used to 
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validate the model are resubstitution, hold-out, cross validation, LOOCV, random 

sampling and bootstrapping. 

2.6.2.1 Cross Validation 

Benchettara et al., (2010) showed that, cross validation is one of the most used way 

to evaluate predictive models in machine learning. When using cross validation, the 

dataset is divided into two portions as training set and testing set. The training set is 

then subdivided into k number of portions, and the model is trained  times. At each 

round, one unique portion is used for validating the trained model and the remaining 

 portions are used to train the model. This validation technique is then called 

 cross validation. The advantage of this technique is that the entire 

training set is used to train and test the model. The average of the error rate of each 

iteration is taken as the error rate of the model. 

2.7 Related Works 

The educational data mining is a growing research area in these days. Related to this 

study several researches have been done on the concept of students’ performance. 

Mobasher et al., 2017 conducted a research to fill the gap left by the previous study 

as they explored that many researches on educational data mining predicts students’ 

performance without giving out the reason for that performance. Data gathered for 

these studies were mainly taken from registration forms with no or little involvement 

of teachers, guardians and students themselves. They added mental health to the 

factors which affect the children learning process. The output of their study was a 

recommender system which makes recommendation depending on weakness of the 
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student. They proposed an education data mining framework using REP tree 

classifier with the accuracy of 74%. 

Wabwoba & Mwakondo (2011) recommended a system to aid the selection of 

applicant by admission board of Kenya. The researchers used the artificial neural 

network for classification to computerize and reduce complexity, bias, and time 

wastage in the process of admitting a student to government higher learning 

institution in the country. The results increased the probability of the student to be 

admitted to the course they prefer and also enabled the results of selection to be 

released early. 

Elbadrawy & Karypis (2016) proposed a system to predict student performance 

grade and top-n course ranking. The study investigated how students and course 

academic features influence the enrollment patterns. The nearest neighbor and 

matrix factorization-based collaborative filtering was used. The accuracy and recall 

evaluation metrics were used to evaluate the algorithm. The study proposed Matrix 

Factorization technique with recall of 66% and Root Mean Squared Error of 0.23 to 

be used for course recommendation. 

Oladokun et al. (2008) conducted a study on how to improve the quality of graduates 

of Universities in Nigeria. They used the artificial neural network to propose a 

model to predict the likely performance of a candidate being considered for 

admission into universities. Several factors which influence academic achievement 

such as ordinary level results, matriculation results, age on admission and parental 

background were considered. The model developed performed well with the 

accuracy of 74%. 
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Badr et al. (2014) used classification method to design a model for predicting 

students’ final grades. In their study, they used ID3 algorithm, a decision tree 

technique for classification. To evaluate and validate the model, information gain 

and cross-validation were used respectively. Information Gain was calculated to 

determine the best attribute for a particular node. 

Daramola et al. (2014) combined the use of case-based reasoning and rule-based 

reasoning to propose an intelligent system to advice students on which course they 

should register in a specific semester with consideration of their academic history of 

the past semesters. They used case-based reasoning because the nature of academic 

problems and concerns that students’ have in the process of course registration is 

similar. Both of these problems need solution drawn from the experience made from 

previous similar problems. The proposed course advisory expert system acquired 

77.8% level of satisfaction with respect to accuracy, sensitivity, reliability and 

quality of reasoning technique.  

Yeh (2015) proposed an intelligent system to assist students filling their professional 

field and improving their learning experiences by using rule-based technique. The 

study used the academic profile view, academic interest analysis, record assessment, 

and department recommended analysis as the features for a customized e-advising 

service. The proposed course recommendation intelligence system with 80% level of 

satisfaction enhanced the counselling effectiveness of advisors who assist students in 

learning and professional matters as a result it increased student success at the 

university. 

Xu et al. (2017) used probabilistic matrix factorization and ensemble learning 

technique to propose a solution for unassured students’ on-time and satisfactory 
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graduation. 1169 records were used to create the dataset for this study. The study 

result was a proposed method to accurately predict students’ performance based on 

their ongoing academic record. To ensure the reliability of the result different 

algorithms such as linear regression, logistic regression, random forest, and k-

Nearest Neighbor were tested for each quarter to create the base predictor. Random 

Forest out performs the other in most cases. Mean Squared Error was used as the 

perfomence evaluation metric. 

Osmanbegović et al. (2012) proposed an intelligent system which can derive a 

conclusion on students’ academic success. The study considered the features like the 

results achieved from high school and from an entrance exam, altitude towards 

studying, and the impact of students’ socio-demographic variables. The task done in 

the study was classification using C4.5, Naïve Bayes, and Multilayer Perceptron 

algorithms. The classifiers were tested using metrics such as learning rate, amount of 

training data, classification speed and robustness. 3-folds cross-validation was used 

for validation. In this study, several tests such as chi-square, One R-test, Info Gain 

test, and Gain Ratio test were used. Some evaluation metrics which were used in this 

study are True Positive, False Positive, Precision and Recall. The study results 

helped the students and teachers to improve students’ performance and reduce 

failing rate. The proposed system used Naïve Bayes with accuracy of 76.6% 

outperformed C4.5 and MLP in this study. It achieved 197 correct classified 

instances out of 257 classified instances. 

Lee (2011) used inference engine technology and association rules to propose a 

mobile course recommendation system to help students to access and choose course 

necessary for their major fields of study. The association rules were used to discover 
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the pattern of the course selected to understand the link between subject chosen with 

those proposed by faculty guidance advisors. The proposed system achieved an 

average of 89.5% degree of comfort between subjects recommended by curriculum 

experts and those recommended by the proposed system. When compared to an 

Intelligent Online Academic Management System, it achieved an accuracy of 91.4% 

which is more than 67.1% that of IOAMS. 

Al-Badarenah & Alsakran (2016) employed clustering, nearest neighbor, and 

association rule to propose a collaborative system for course recommendation to a 

student based on what similar students have taken. The system recommended 

elective courses to students by exploiting courses that other similar students had 

taken. The similarity was extracted by exploiting the grades obtained by the current 

students and the student of the n-cluster. The proposed system achieved high 

performance with minimum confidence of 80% which is the combination of both 

precision and recall. 

Bydžovská (2016) used several techniques of data mining to design course 

enrollment recommender system. The proposed system for the recommendation of 

selective and optional courses works with respect to students’ skills, knowledge, 

interests and free timetable slots in the student timetable. The study results gave a 

solution to the problem of failure to create and manage the semester course plan. 

Mean Absolute Error, Sensitivity, Precision, Recall and F1 Score were used to 

evaluate the system. The system achieved reliable result with sensitivity of 89.9%.  

The value of precision, recall, and F1 score achieved were 81%, 55%, and 66% 

respectively. 
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2.8 Research Gap 

Although the preceding studies have tried to reduce the problem of mass failure and 

dropout from university studies by recommending a student to select proper courses, 

these studies have concentrated on continuing students and there is hardly any study 

that has been conducted to recommend the applicants on proper degree program to 

apply for university studies. This raises the need to conduct a study on 

recommending applicants proper degree programs to apply prior to university 

studies based on the performance of the previous university students with similar 

academic history to a particular applicant in Tanzania. 

2.9 Conceptual Framework  

To guide the flow of the study a framework (Figure 2) was designed to show in a 

blue-print how to go about from problem understanding to the output. 

Students’ performance and the related information were collected from the student’s 

registration forms at the College of Informatics and Virtual Education, University of 

Dodoma. Cleaning algorithms were then used to clean the collected data and then 

encoded into required format. Then, the cleaned data were annotated by using 

human annotator ready to generate feature vectors. The feature vector represented 

the examples which were used to create the dataset of students’ performance. The 

generated dataset was divided into training set and test set under the ratio of . 

For baseline performance, most_frequency and stratified parameter from python 

dummy classifier were used. Seven machine learning algorithms were selected, 

tested and evaluated against baseline performance and against themselves based on 

the student performance dataset. The results from evaluation and testing were 

analyzed using python analysis tool based on statistical metrics. The best performing 

algorithm was used as a classifier in prototype engine designed for degree-program 

recommendation system. 
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Figure 2 : Conceptual Framework 
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2.10 Chapter Summary 

This chapter reviewed the literature related to this research. The key concepts such 

as machine learning, data mining, and educational recommender systems were 

thoroughly reviewed. The discussion on what other researchers have done related to 

this study was also included on review. In fact, this showed the gap which led to the 

need of this research. Furthermore, the selected algorithms and model evaluation 

metrics were deeply reviewed to finds those which can be used in this study. The 

last part included a well-drawn and explained diagram of the conceptual framework 

which guided this research. 
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CHAPTER THREE 

METHODOLOGY 

This chapter consists of the study designs, data collection methods and the tools 

which were used for training and testing the model; and designing, building and 

testing the inferential engine prototype. 

3.1 Research setting 

This study was done at College of Informatics, University of Dodoma in Dodoma. 

Experiments were done in CIVE artificial intelligence laboratory. All experiments 

and data analysis were done in Anaconda for Python environment. The minimum 

system requirement for Anaconda installation as specified in Anaconda 

documentation are: 32- or 64-bit computer, 3 GB disk space, 4 GB of Random-

Access Memory (RAM). For the sake of this study, Anaconda version 3 was 

installed together with Python 3.6 in a personal computer running Windows 10 Pro 

with hardware specifications:  processor,  RAM,   hard drive 

space and  display.   

3.2 Research approach 

The study took an abductive research approach to include both deductive analysis 

and inductive analysis whenever it could be needed, although large part of this work 

was deductive analysis.  

3.3 Research Method 

The study was more of quantitative method which made analysis of the data 

collected, test and evaluate the recommendation model. The study also employed 

less qualitative method to explore more on the problem of course selection for 



57 

undergraduate applicants from several stakeholders and documentary review. The 

choice was made due to the influence from the data collection methods, analysis and 

interpretation (Creswell, 2014). Figure 3 clearly elaborates a complete research 

method which guided this study. 

 

Figure 3 : A complete Research Method 
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3.4 Research Design 

Depending on the research objectives and research questions the study adopted 

experimental and case study research design. Among the groups of applicants for 

university admission, the study focused on direct entry undergraduate applicants 

from science subjects. Experimentation was used to determine causal relationship 

between secondary school results and other selected factors from documentary 

review and academic capability to handle a particular degree program at the 

university level. This study was done as a case of degree programmes awarded at 

UDOM especially CIVE. 

3.5 Data collection Method and Tool 

The study used both primary and secondary data collected through several data 

collection techniques. Majority of the collected data was obtained through document 

review and observation data collection techniques. 

3.5.1 Primary Data 

The study used primary data collected from experiments through observation 

technique for further analysis. The experimental results were used for drawing 

tables, model comparison and drawing conclusion on which model is suitable to be 

used for building an inferential engine prototype for degree-program 

recommendation systems. 

3.5.2 Secondary Data 

The study mostly used secondary data to fulfil the research objectives by responding 

to the research questions. The choice made to this technique was due to the nature 

and availability of data collected. The data of students’ performance, selected 

demographic factors and information about their secondary schools were collected 
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from admission forms, graduation books and the Internet. The reason behind this 

selection of the data source was the limitation of access to data involved in this study 

(i.e., students’ information and their performance). 

The documentary survey was used to gain insight on machine learning algorithms 

especially the algorithms which were proposed by other researchers for educational 

recommendation systems. The knowledge from documentary survey was also useful 

in knowing the experiments to be done on testing the algorithms and on how to draw 

conclusion about the suitable algorithm for this research project. In doing this, 

relevant literatures such as dissertations, research projects, journals, articles, essay, 

and book sections were visited. 

3.5.3 Experimental Tool and Environment 

The study used Python for Data Science. Python is a powerful tool for doing 

research in machine learning, data mining and data science. The popularity of 

Python is due to its ease of use, minimalist syntax, and interactive nature (Beckham 

& Beckham, 2015). There are a lot of libraries in Python which are used in machine 

learning. Beckham & Beckham, (2015) claimed that libraries/wrappers such as 

Theano, Lasagne, and Caffe are widely used in deep learning which is the hot topic 

in ML. Python can be implemented through command line or through environment 

such as Anaconda. Anaconda environment with Python version 3.6 was used in this 

study for training, testing the models, and data visualization. 

Several Python libraries were used in this study. Libraries such as NumPy and Panda 

for data manipulation, Matplotlib and Seaborn for data visualization, SciPy for 

statistics, and Scikit Learn for training and testing the models. Python for web 



60 

application was used in developing graphical user interface for inferential engine 

prototype. 

3.5.4 Training and Testing the Model 

The data collected were divided into training set and test set with n-folds cross 

validation used for validation. The distribution was as 80% for training, and 20% for 

testing. A total of 3667 data were collected with 18 features, 2933 data were used for 

training and validation and 734 data were used for testing. Python for ML was used 

to configure, train and test the models. 

3.5.5 Evaluating the Model 

The10-folds cross validation was used to validate the models. The 10-fold and 5-fold 

cross validation are commonly used cross validation techniques in machine learning. 

This study opted for 10-folds cross validation. The 10-folds cross validation is most 

commonly used in several studies and it outer performed 5-folds when tested for this 

study. It was opted for this study because in different extensive and numerous 

datasets with different learning techniques 10 have been shown to be the right 

number of folds to get the best estimate and has been widely used as the standard 

method in practical. In doing model evaluation, the evaluation metric such as Error 

Rate, Precision, Recall, Accuracy, and F-Measure was observed and recorded. 

3.6 Data Analysis 

Since this study relied more on deductive research approach, then quantitative data 

analysis was used to analyze collected data for conclusion. Python for machine 

learning on Anaconda environment was used to produce primary quantitative data to 

be used for plotting tables, and graphs for result interpretation. For performance 

comparison several metrics for multi-class classification was used with 10-folds 
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cross validation to evaluate the model. The study opted to repeat the experiment 17 

times under different 4 aspects; 2 times under different number of folds, 2 times 

under different baseline strategy, 4 times under different pre-processing techniques, 

4 times under different size of data set, and 5 times under different number of 

features.  After the experiments, number of folds, preprocessing technique, baseline 

strategy and classification algorithm suitable for this study were selected. Python for 

machine learning was used for analysis and data visualization. The analysis helped 

to make inference of the models against performance metrics. In addition to 

quantitative analysis, the study used qualitative analysis to add on explanation on the 

results so as to compare, interpret, and infer among different models. 

3.7 Ethical Issues 

The permission to do this research was granted by the University of Dodoma for the 

purpose of partial fulfillment of Master’s Degree of Science in Computer Science. 

The confidentiality and privacy of the student results were preserved, only the result 

without the identity of the student were collected for this study. Furthermore, all 

reviewed works have been acknowledged. The aim of this study was to use the past 

students’ results to improve degree program selection and not to reveal student result 

to public. 

3.8 Reliability and Validity 

The study used valid past students’ results collected from college of informatics and 

virtual education for training, and testing the model. In order to ensure validity of 

the study, large number of students’ results were collected and the model was 

evaluated based on the suggested statistical evaluation metrics from literature 

review. The study ran the experiment 17 times under different aspects such as the 
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number of folds, pre-processing techniques, data size, number of features and 

baseline strategies. Furthermore, in order to ensure reliable results, dataset was 

separated into independent training and testing sets with the use 10-fold cross-

validation technique. 

3.9 Chapter Summary 

This chapter has explained the research design used and strategy adopted to answer 

the research questions. The discussion included experimentation settings and tools 

used in the study. Together with this, the chapter has included explanation on 

research methods, data collection methods, and data analysis tools and techniques 

which were used in this study. The last part discussed the ethical issue, and validity 

and reliability issues relating to this study.  
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CHAPTER FOUR 

RESULTS AND DISCUSSION 

This chapter discusses research findings in response to the posed research questions. 

The discussion is organized into three major parts. The organization is based on the 

researcher response to the research objectives which in fact led to the questions 

which guided the study. The first part discusses findings related to the first objective 

which at first sight required a creation of a dataset of student’s performance from 

selected data sources. Likewise, the second part is organized to provide findings 

based on the second objective which sought on building and evaluation a ML model 

by applying some selected ML algorithms. The discussion of findings connecting to 

the designing, building and testing of the inferential engine prototype that could be 

used in the degree-program recommendation system as a reciprocate to the third 

objective. 

4.1 Creating dataset of students’ performance from selected data sources 

The study involved a dataset of students’ performance from ordinary level secondary 

school, advanced level secondary school and undergraduate. It also included some 

other important information like the student gender, the school category that is 

whether private or government school. 

4.1.1 Data Extraction from data sources 

Data collection took two months and this was from 1
st
 April 2018 through 30

th
 June 

2018. The admission forms and graduation books were both collected from the 

College of Informatics and Virtual Education registry office. In fact, the admission 

forms were the major source of secondary school student’ performance, gender, 

students’ school of origin, and the degree program they were admitted for.  
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One key note is that, the information about failed students were not considered for 

this study. This is because, the universities only admit passed students and the 

recommender system was intended for guiding new applicants of a degree program 

based on the background information. The graduation books provided the data about 

the university graduated/passed students.  

In identification of a school category, that is whether a school was private or 

government, the Internet was adopted. A total of 3667 data were collected from 

university graduates who were admitted between 2010 and 2014 inclusively. In this 

case, the dataset had 17 features with 9 classes. The collected data were categorical 

data in which the students’ performances were in grades (“A”, “B”, “C”, “D”, “E”, 

“F”, or “Not Attended”), the gender were recorded as “M” and “F” indicating Male 

and Female respectively, and school categories as “G” and “P” referring to 

government school and private school respectively. 

4.1.2 Data Annotation 

The collected data collected were encoded into numerical data by the use of label 

encoder and they formed a dataset with nine (9) labeled classes. Likewise, because 

this study was a case study involving only CIVE programs, the identified labeled 

classes were in the order one less to the degree programs offered at CIVE. This was 

because, the data about Telecommunication engineering degree program (Bachelor 

of Science in Telecommunication Engineering) were missed from the collected 

CIVE admission forms and effort to get one was limited by time. Table 1 put this 

clear. 

In this study, the information about student admitted into any one of these programs 

and complete in time was taken as pass. A case the student failed or graduated on 
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extension was considered as fail. For the matter of recommendation, only pass was 

considered. 

Table 1 : The Programs Identified Class Labels 

Degree Program Class Label 

Bachelor of Science in Information Systems 

Bachelor of Science in Health Information System 

Bachelor of Science in Computer Information Security 

Bachelor of Science in Business Information System 

Bachelor of Science in Computer Science 

Bachelor of Science in Computer Engineering 

Bachelor of Science in Software Engineering 

Bachelor of Science in Multimedia Technology and 

Animation 

Bachelor of Science in Information and Communication 

Technology Mediated Content Development 

BSc IS 

BSc HIS 

BSc CIS 

BSc BIS 

BSc CS 

BSc CE 

BSc SE 

BSc MTA 

 

BSc ICT-MCD 

 

Table 2, Figure 4, and Figure 5 indicates the distribution of the students’ 

performance dataset population on each identified class label. In fact, the total 

dataset comprised 3667 students’ information (data) with BSc BIS indicating fewest 

student ration and BSc CE indicating highest ratio. 

 

 

 



66 

Table 2 : The Students’ Performance Dataset Population 

Class The Students’ 

Performance Dataset 

Population Distribution 

The Students’ Performance 

Dataset Population 

Distribution Percentage-wise 

BSc IS 

BSc HIS 

BSc CIS 

BSc BIS 

BSc CS 

BSc CE 

BSc SE 

BSc MTA 

BSc ICT-MCD 

Total 

578 

244 

194 

67 

426 

731 

707 

385 

335 

3667 

15.76% 

6.65% 

5.29% 

1.83% 

11.62% 

19.93% 

19.28% 

10.50% 

9.14% 

100% 

 

 

Figure 4 : A Pie Chart for Students’ Performance Dataset Population 

Distribution 
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Figure 5 :  A Bar Chart for Students’ Performance Dataset Population 

Distribution 

The dataset was randomly divided into two sets, 80% of the total data formed the 

training set and the remaining 20% the testing set. The training set had a total of 2933 

data and the test set had a total of 734 data. 

4.1.3 Label Encoding 

In the preceding section it was argued that, the collected data were encoded into 

numerical value by the use of label encoder. This was because; the collected data 

were in categorical form. The encoding involved all variables and they included 

grades, gender options and school categories. The resulted encoded data are depicted 

in Table 3, Table 4 and Table 5. 
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Table 3 : Performance Grades 

Categorical Value Numerical Value 

A 

B 

C 

D 

E 

S 

F 

Not Attended 

5 

4 

3 

2 

1 

0.5 

0 

0 

Table 4 : Other Selected Features 

Categorical Value Numerical Value 

M 

F 

G 

P 

6 

7 

8 

9 

 

Table 5 : Coded Class Labels 

Categorical Value Numerical Value 

BSc IS 

BSc HIS 

BSc CIS 

BSc BIS 

BSc CS 

BSc CE 

BSc SE 

BSc MTA 

BSc ICT-MCD 

11 

21 

31 

41 

51 

61 

71 

81 

91 

 



69 

In Table 3 the performance grades were label encoded with the numerical values 

which reflected the grade point values used by academic institutions in Tanzania. The 

categorical value “Not Attended” was used as an identifier value for the subjects 

which were not taken by a student in a particular examination. 

4.1.4 Feature Extraction and Selection 

Prior to feature extraction, the researcher studied the features relationship by 

applying correlation analysis and scatter plot. In the same sense, the researcher 

applied the Spearman, Pearson and Kendall correlations to check features 

association. This is well elaborated using Figure 6 and Figure 7. 

 

Figure 6 : Pearson Correlation Analysis for Features Association 

 

Figure 7 : Scatter Matrix for Features Cause-Effect Relationship 
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In Figure 6 the features were less correlated with the large number of correlation 

coefficient identified in science subjects like: Physics, Chemistry, Mathematics, 

Advanced Physics, Advanced Chemistry, and Advanced Mathematics. This is well 

evident in Figure 7 which indicates a less cause-effect relationship between the 

features in the dataset. Based on the results of analyses in Figure 6 and Figure 7, it 

was concluded none of the features were to be dropped from the dataset. 

 

Figure 8 : Distribution of Data for Science Subjects 

Figure 8 indicates that, most of the student admitted and graduated from various 

degree programs offered at CIVE scored 3 grade point (grade C) and above at their 

ordinary level of secondary school and below 3 grade point in their advanced level of 

secondary school with Advanced Mathematics scores mostly fell on S and D grades. 
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4.2 The Evaluated Model by the Use of Selected Machine Learning Algorithms 

After the students’ performance dataset was created and data encoding was 

completely done, the second objective aimed to build and evaluate a 

recommendation model from a group of selected machine learning algorithms. 

Every suggested algorithm was tested and evaluated against the students’ 

performance dataset and finally the super performed algorithm was opted for use in 

this study. 

4.2.1 Selected Machine Learning Algorithm 

Based on the intensive literature survey on educational recommendation system, 

eight machine learning algorithms were selected for study over the created dataset. 

The choice for these algorithms was due to the fact that they were used in several 

works related to this study. The selected algorithms were: Gaussian Naïve Bayes, 

Decision Tree, Nearest Neighbor, Support Vector Machine, and Bagging Classifier. 

Others were Adaptive Boost Classifier and Multilayer Perceptron. 

4.2.2 Selected Performance Metrics 

Several performance evaluation metrics were selected to evaluate the performance 

of the selected algorithms. In fact, all of these metrics were identified from a critical 

literature survey of works which related to this study. The involved metrics included 

Accuracy, Precision, Recall, F1 Score, and Mean Absolute Error. Other metrics for 

multiclass classification such as Hamming loss, Log loss, Cohen’s kappa, and 

Matthew Correlation Coefficient were used to evaluate the model. 

4.2.3 The Cross Validation 

Since the dataset was divided into two distinct training set and testing set, then cross 

validation technique was used to validate the model. A 5-fold and 10-fold cross 

validation techniques were reviewed as suggested by literature and tested against 
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performance dataset using Gaussian Naïve Bayes. The literature reviewed Naïve 

Bayes as benchmark performance is several studies. 

Table 6 : Effect of Number of Folds on Model Performance 

Number of Folds Accuracy MAE Precision Recall F1 Score 

5-folds 

10-folds 

0.31 

0.31 

20.86 

20.65 

0.41 

0.40 

0.36 

0.36 

0.26 

0.27 

Table 6rom  Table 6 it is shown that 10-fold cross validation has minimum error rate 

than 5-folds cross validation. Other metrics in this table were compared in Figure 9. 

 

Figure 9 : Effect of Number of Folds on Model Performance 

The experimental evaluation of the F1 Score Figure 9 over the dataset indicates that, 

a 10-fold cross validation had significant better results over the 5-fold cross 

validation. This is well supported in the literature and it is in fact argued that the 

metric works better in unevenly distributed data.  Based on the experimental results 

and the literature support, a 10-fold cross validation technique was adopted for this 

study. It was further identified that, the Precision metric worked better with the 5-
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fold. But the metric was not considered for adoption since; the literature argues that it 

only works better with evenly distributed data. 

4.2.4 The Adopted Preprocessing Method 

The selection of a processing method, three methods were reviewed and tested 

against the Students’ Performance Dataset. In the experiment, the Gaussian Naïve 

Bayes classifier was used. The results indicate that, the standardize data 

preprocessing method provided better results in comparison to its counterparts. Table 

7 and Figure 10 put this clear. 

Table 7 : Effect of Preprocessing Methods 

Preprocessing Methods Accuracy MAE Precision Recall F1 Score 

NoTechnique 

Rescale Data 

Binarize Data 

Standardize Data 

0.31 

0.30 

0.11 

0.32 

20.61 

20.79 

24.17 

20.00 

0.39 

0.39 

0.24 

0.40 

0.36 

0.35 

0.19 

0.37 

0.27 

0.26 

0.11 

0.28 

 

From Table 7 it evident that the error rate was reduced when Standardize 

preprocessing method was applied. All other metrics were increased under 

standardized preprocessing. 

 

Figure 10 : Effect of Preprocessing Method 



74 

4.2.5 Model Performance Comparison 

The models built from selected machine learning algorithms were tested against the 

students’ performance dataset in an effort to identify a suitable algorithm for this 

study. 

4.2.5.1 Baseline Performance 

The baseline classifiers were tested against the performance dataset so as to mark the 

performance benchmark. The marked performance benchmark was set to be adopted 

for comparison with other algorithms in similar studies. It was identified that, most 

frequency baseline strategy from dummy classifiers had low error rate compared to 

stratified baseline strategy. This is well illustrated Table 8 and Figure 11. 

Table 8 : Benchmark Performance 

Baseline Strategy Accuracy MAE  Precision Recall F1 Score 

most_frequent 

stratified 

0.20 

0.14 

20.17 

29.48 

0.02 

0.11 

0.11 

0.11 

0.04 

0.11 

 

Figure 11: Benchmark Performance 
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4.2.5.2 Model Performance against Benchmark Performance 

The performance of the models on the dataset was compared against the benchmark 

performance. The results are tabulated in Table 9 and further visualized in Figure 12. 

The results indicate that; the selected algorithms are better in comparison to the 

benchmark performance. 

Table 9 : Algorithm Performance against Benchmark Performance 

Algorithm Accuracy MAE Precision Recall F1 Score 

Dummy– most_frequent 

Gaussian Naïve Bayes 

Decision Tree–ID3 

Nearest Neighbor 

SVM–RBF kernel 

Bagging Classifier 

Random Forest 

Adaptive Boost 

Multilayer Perceptron 

0.20 

0.32 

0.57 

0.57 

0.64 

0.57 

0.66 

0.37 

0.63 

20.17 

20.00 

14.23 

14.57 

12.35 

13.99 

11.93 

23.17 

12.03 

0.02 

0.40 

0.53 

0.57 

0.65 

0.58 

0.64 

0.28 

0.64 

0.11 

0.37 

0.53 

0.52 

0.59 

0.53 

0.60 

0.28 

0.59 

0.04 

0.28 

0.52 

0.53 

0.60 

0.53 

0.61 

0.25 

0.61 

 

Likewise, Figure 12 evident that Support Vector Machine, Random Forest and 

Multilayer Perceptron performed better than other algorithms. For each of these 

three algorithms, experiment was run five times to refine the performance and the 

comparison of their average performance was shown in Table 10. This indicated 

that, the Random Forest performed better than its counterparts. 
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Figure 12 : Algorithm Performance Comparison 

Table 10 : Average Performance 

Algorithm Accuracy MAE Precision Recall F1 Score 

SVM – RBF kernel 

Random Forest 

Multilayer Perceptron 

0.64 

0.65 

0.63 

12.35 

12.03 

12.40 

0.65 

0.65 

0.64 

0.59 

0.61 

0.58 

0.60 

0.61 

0.60 

 

4.2.5.3 Effect of Dataset Size on the Performance  

The models were tested against the dataset size variation. Table 11 and Table 12 

showed the effect of increasing data size on model performance. This was measured 

by the selected metrics and in fact the intension was to study the model performance 

behavior on varying dataset. 

Table 11 : Effect of Dataset Size on Error Rate 

Dataset size SVM RF MLP 

850 

1650 

2450 

3250 

11.22 

15.01 

11.40 

12.92 

12.31 

14.94 

11.74 

13.11 

11.45 

14.20 

13.34 

12.90 
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The Table 11 shows variation of Mean Absolute Error with respect to the change of 

dataset set. The variation of the mean error rate is observed over the experimental 

result of the three. This is graphically depicted in Figure 13. it was concluded that, 

the algorithms Mean Absolute Error was increasing with smaller dataset compared 

with large dataset size. The trend was observed to decrease with the dataset when the 

size of data was between 1500 and 2000. The minimum Mean Absolute Error was 

observed with the SVM-RBF with the dataset size around 2500. It can be noted that, 

at higher dataset size, MLP Mean Absolute Error was performing better over the 

other two algorithms. In general, the SVM-RBF was observed to perform better 

within the range between 2500 and 3000. 

 

Figure 13 : Effect of Size of Dataset on Mean Absolute Error 

The effect of the algorithm performance was also analyzed using the F1 score metric. 

Although the results fluctuated significantly, it was observed that the performance 

degraded with increasing of the dataset size. Despite this fluctuation and degrading 

performance trend, it can be seen that the RF algorithm maintained better 

performance over its counterparts. The MPL had least performance over the SVM-
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RBF and RF algorithms. This is well established in tabulated experimental data in 

Table 12 and visualized in Figure 15. 

Table 12 : Effect of Dataset Size on F1 Score 

Dataset Size SVM RF MLP 

850 

1650 

2450 

3250 

0.66 

0.59 

0.60 

0.59 

0.65 

0.58 

0.61 

0.59 

0.65 

0.59 

0.48 

0.59 

 
Figure 14 : Performance Effect of Dataset Size Variation on F1 Score 

4.2.5.4 The Performance Evaluation on Features Variation 

The model was evaluated on features variation with the Mean Absolute Error and F1 

Score. Although there was fluctuation with the Mean Absolute Error on feature 

variation between algorithms, it was noted that the error rate decreased with the 

increase of features. This meant that, the algorithms training was improved with the 

increased features. A clear picture can be drawn inTable 13 and Figure 15. 
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Table 13 : Effect of Number of Features on Error Rate 

Number of Features SVM RF MLP 

13 

14 

15 

16 

17 

12.82 

12.28 

12.51 

12.25 

12.27 

13.18 

12.55 

12.58 

11.58 

11.81 

12.60 

12.84 

12.26 

12.21 

11.63 

 

Figure 15 : Effect of Number of Features on Mean Absolute Error 

In the same sense, the findings noted when using F1 score measure in assessing the 

model performance indicated that, there was improvement in performance with the 

increase in feature. Despite a degrading performance noted with the MLP at low 

features, there was significant improvement with increased features. These results 

agree with the Mean Absolute Error on feature variation in the preceding paragraph. 

This is well established by the results depicted in Table 14 and Figure 16. 

The other observation is that, although RF and SVM-RBF performance improved 

with few features, the MLP performance improved with many features and degraded 

when there were insufficient features. Therefore, it may be concluded that, in 
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occasion when there are few features, the SVM-RBF and RF are better algorithms 

with RF being the most suited as it performs better than the SVM-RBF. With 

reasonably high feature sizes, the MLP and SVM-RBF performs better 

competitively. This means, in settings with many features, either SVM-RBF or RF is 

a suitable. 

Table 14 : Effect of Number of Features on F1 Score 

Number of Features SVM RF MLP 

13 

14 

15 

16 

17 

0.60 

0.61 

0.61 

0.62 

0.62 

0.60 

0.62 

0.62 

0.62 

0.63 

0.60 

0.59 

0.61 

0.62 

0.63 

 

Figure 16 : Effect of Number of Features on F1 Score 

4.2.6 The Proposed Algorithm for Model Performance 

The Random Forest was identified as a better algorithm in comparison to its 

counterparts. This is because; it was shown that, RF improves with both increase in 

dataset size and the number of features. Figure 14 and Figure 16 indicates this 
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clearly. The other reason is that, the RF converges fast than its competitive algorithm 

(that is it takes less fit and score time to learn the model). This is depicted in Table 15 

and Figure 17. 

Table 15 : Average Fit Time and Score Time 

Algorithm Fit Time Score Time 

RF 

SVM 

0.56 

4.68 

0.19 

2.34 

 

Figure 17 : Average Fit Time and Score Time 

1.8.1.1 The Random Forest Performance 

The model was trained with 2933 (80%) of the dataset data and tested with 734 

(20%) dataset data. From test set, 486 data were correctly classified while 248 data 

were incorrectly classified. The model performed with an accuracy of 66%. This is 

depicted in Table 17. 



82 

Table 16 : Confusion Matrix 

Class 11 21 31 41 51 61 71 81 91 

11 

21 

31 

41 

51 

61 

71 

81 

91 

95 

0 

3 

1 

1 

26 

5 

0 

15 

0 

38 

5 

0 

4 

0 

0 

3 

1 

1 

0 

7 

0 

1 

2 

0 

2 

4 

0 

1 

0 

9 

0 

2 

0 

0 

1 

4 

2 

3 

0 

57 

6 

9 

5 

0 

26 

2 

5 

5 

5 

94 

16 

3 

7 

6 

0 

3 

3 

7 

10 

107 

11 

1 

1 

1 

4 

0 

4 

3 

3 

45 

0 

8 

3 

2 

1 

0 

0 

0 

1 

34 

 

Table 16 provides the confusion matrix indicates both correctly classified and 

incorrectly classified data for each class with respect to other classes. The best 

classified class was class label 21 (BSc HIS) which had a total of 61 data in test set, 

the true classified data were 38 and false classified data were 13. The worst 

classified class was class label 31 (BSc CIS) which had a total of 17 data in test set, 

the true classified data were 7 and the false classified data were 10. 

Table 17 : Classification Report 

 Precision Recall F1-Score Support 

11 

21 

31 

41 

51 

61 

71 

81 

91 

Avg/Total 

0.65 

0.75 

0.41 

0.69 

0.66 

0.58 

0.72 

0.74 

0.69 

0.66 

0.67 

0.81 

0.22 

0.47 

0.72 

0.66 

0.76 

0.64 

0.54 

0.66 

0.67 

0.81 

0.29 

0.56 

0.69 

0.61 

0.74 

0.69 

0.61 

0.66 

141 

47 

32 

19 

79 

143 

140 

70 

63 

734 
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provides the value of selected evaluation metrics for each class and amount of data 

which was classified into that class. It is shown that most of students admitted to 

Bachelor of Science in Computer Information Security (BSc. CIS) were also fit in 

other degree programs. The model accuracy for this class was 41%. This is depicted 

in Table 17. 

Table 18 : Accuracy Parameters for Multiclass Classification 

 Log Loss Hamming Loss MCC Cohen’s kappa 

Values 0.29 0.34 0.60 0.60 

 

The goal of the model was to minimize the loss function close to 0 meaning the 

prediction model perfectly converges with the data. The Log Loss value of 0.29 

indicates that, the classifier converged close to the actual label but not perfectly. 

This is well represented in the Hamming Loss of 0.34. In fact, this establishes that, 

the classifier had lower fraction of wrong labels to the total number of labels. In 

other words, it can be said fewer labels were incorrectly classified. Building from 

the literature perspective on the Cohesion’s kappa and MCC, the value of 0.60 

indicates that the model results fairly agreed with true and it had a positive 

agreement between prediction and observation. Table 18 summarizes this clearly. 

4.3 The Engine Prototype  

The design comprised of the frontend as an interface for enter their ordinary and 

advanced level school information which included; their national examination 

results, and gender. The engine likewise had an interface to display recommended 

programs to the prospective student. The other important part of engine was backend 

interface which comprised of the script for loading the preprocessed input data and 
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the model developed by Random Forest classification algorithm. The detail of engine 

is well represented in Figure 18. 

 

Figure 18 : Designed Inferential Engine Prototype 

4.3.1 User Interfaces 

 

Figure 19 : User Interface Before Recommendation 
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Figure 20 : User Interface after Recommendation 

4.3.2 The Components of the Inferential Engine Prototype 

Figure 18 depicts the components of the designed inferential engine prototype. The 

design consists of frontend section which has input and output module as elaborated 

in Figure 19. Likewise, Figure 20 depicts the required inputs to the system. The 

button Recommend is clicked to invoke the backend processing. The result from 

backend processing (degree program recommendation) is displayed at this unit. 

The Figure 18 depicts the backend section which consists of an engine and a script to 

load the pre-configured model. The engine consists of a trained Random Forest 

Model and Recommendation rules generated during training.  The script file in 

backend section loads the pre-configured model in and engine to generate the 

recommendation patterns from the training data. Likewise, it loads pre-processed 

input data (the student performance and other required data) to be analyzed and 

assigned into a class of its properties. The assigned class is then displayed to the user 

through the frontend section. 
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Properties of Inferential Engine Prototype 

The engine is reliable due to the fact that it was designed from the evaluated model 

which was selected from a pool of proposed algorithms from an intensive literature 

review. These algorithms were tested against the performance dataset, the evaluated 

results showed that Random Forest was best followed by Support Vector Machine. 

The model recommended 66% of the student’s degree program correctly. This 

means that out of 100 students, 66 will confidently select the degree programs of 

their academic ability. Since the study was recommendation, then the misclassified 

students were assigned to the class where there is also a likelihood for them to 

graduate. The prototype provided the results with low loss of 29% and 34% as 

measured by Logarithmic Loss and Hamming Loss respectively. The engine had 

66% level of agreement with the true value which is considered as a fair result from 

literature review. Furthermore, the engine had a correct recommendation with 

Precision, Recall and F-measure of 66% each. 

Python for machine learning was used for implementation of machine learning 

classifier throughout the whole process of model configuration. Since python is an 

open source software with a lot of contributions from python community as for other 

open sources, the designed engine is strong enough to endure outliers. With the aid 

of functions for data preprocessing and model tuning, the implemented prototype 

can handle the unstructured and unbalanced data. The Cohen’s kappa and Matthews 

Correlation Coefficient value of 60% indicate that the model can provide fair results 

even with imbalanced data. 

The prototype engine was designed with simple user interface easy for users to adopt 

and use it. This is depicted in Figure 20. 
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4.3.3 Factors Considered during Implementation 

The implementation of this inferential engine prototype has considered the fact that 

the best model selected had shown the positive changes when the number of features 

were increased. The training time was another factor which had to be considered. 

Smaller training time helps to maintain the quick response of the system when put in 

use. 

4.4 Chapter Summary 

This chapter has discussed research findings. The discussion was divided into three 

major parts with relation to the research objectives. Part one discussed on how the 

dataset was formed from the data collected. The discussion on how the researcher 

reached to an agreement to propose the best algorithm for this study was covered in 

the second part. The literature review provided a pool of algorithms which have 

been used in several works similar to this study. RF outweighed other selected 

algorithms by having high accuracy and F1 Score and low error rate. The last 

discussed on how the inferential engine prototype was designed and implemented. 

This chapter is followed by the last chapter of the dissertation which provides the 

conclusion, recommendations and areas to be addressed by other researches. 
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CHAPTER FIVE 

CONCLUSIONS AND RECOMMENDATIONS 

This chapter provides conclusions based on the research findings which were 

discussed in chapter four and further research direction are presented. 

5.1 Summary 

This study aimed to designing and implement an inferential engine prototype by 

using AI and ML techniques that can be used in implementation of degree program 

recommendation systems. The study was done to answer three research questions 

which were formed with regard to the three research objectives. The study provided 

an answer on; 

i. How can a dataset of student performance be created using data from 

selected data sources? 

ii. How can the selected machine learning algorithm be applied to build and 

evaluate the model for degree-program recommendation? 

iii. How can the inferential engine prototype for degree program 

recommendation be designed, built and tested? 

Those research questions were answered by applying abductive research approach; a 

mixed research with more of quantitative method allowed to collect and analyze 

quantitative from experimentation and qualitative data as reviewed from relevant 

literature. The experimental environment for this study comprised a computer with 

 processor,  RAM,  hard drive space and  

display. 
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A total of 3667 data were collected and distributed over nine classes in a students’ 

performance dataset. The data source were admission forms, graduation books and 

the Internet. From the internet, the students’ secondary school’s categories were 

explored. The students’ performance collected in grades, and the degree programs 

which formed the classes were encoded in numerical values. The grades were 

encoded to 0 through 5, and the degree programs were labelled 11, 21, 31, through 

91. The dataset was divided into training set which took 80% of the collected data, 

and testing set which was made by the remaining 20%. 

A critical review was done to propose algorithms for educational ML and the 

metrics to evaluate them. Seven algorithms: Naïve Bayes, Decision Tree, k-Nearest 

Neighbor, Support Vector Machine, Bagging Classifier, Random Forest, Adaptive 

Boost and Multilayer Perceptron were proposed and tested against the performance 

dataset. Evaluation metrics such as Accuracy, F-Measure, Recall, Mean Absolute 

Error and Precision were used to evaluate the performance of the model. Other 

metrics such as Cohen’s kappa, MCC, Logarithmic Loss and Hamming Loss were 

also applied. SVM-RBF and Random Forest performed well compared to their 

counterparts. The minimum fit time and score time credited Random Forest as the 

best algorithm for this study. It recommended the correct program with the accuracy 

of 66%, Precision of 66%, Recall of 66% and F-Score of 66%. The other metric 

scores were Cohen’s kappa of 60%, MCC of 60, Log Loss of 29% and hamming 

Loss of 34%. These results were supported by literature as fair results. 

The output of the first two objectives were used as the inputs to the third objective. 

The inferential engine prototype was designed and built using RF model and Python 

for ML and Web development. The prototype takes student’s performance as the 
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input. The backend process loads the preconfigured model which uses the mined 

recommendation rules to assign the performance to a proper class and cast the class 

to the interface as a recommended degree program. 

5.2 Conclusion 

The discussion on the study findings had given the ground to make the conclusions 

that reflect what has been observed throughout the study. Since an improper degree 

program selection was observed as among the major factors for academic failure in 

universities, this study aimed to design and built an engine which can be 

implemented in recommendation systems to help students in making a proper degree 

program selection. From the study results, the following conclusion can be made: 

i. From the literature, academic background of a student is the major factor to 

be considered so as to make a proper choice of degree program. The 

students’ performance dataset was created with 17 features representing 

ordinary level and advanced level results, gender, and category of schools a 

student was admitted. The study showed that the accuracy and precision of 

the results rise with the increase in number of features in the dataset. 

Therefore, more other factors should be considered for the inferential engine 

to produce more reliable results. 

ii. From the literature, some machine learning algorithms and evaluation 

metrics were found to be useful for constructing an educational machine 

learning. Seven ML algorithms were tested and evaluated against the dataset 

in this study. The findings revealed that SVM-RBF and Random Forest had 

almost the same performance.  RF outer performed SVM-RBF in terms of 

low error rate and low fit and score time. From these findings, ML 
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techniques can be used implement digital tools to help students make 

informed decisions when making choices for university studies. 

iii. From the designed prototype as shown in Figure 18, the Random Forest 

Algorithm, trained with student performance cases suffices to form 

implementation of ML tools for decision making on matters such student 

degree programme selection. 

5.3 Recommendation and Further Research Direction 

From the conclusion of the study which was drawn in relation to the study findings, 

the study recommends for universities to use the wealth of AI and ML to design and 

implement recommendation systems to be adopted by in their application systems. 

Moreover, with the use of unique identification number, measures should be taken 

by educational governing institution in Tanzania to make sure that there is a well-

formed academic evaluation and record keeping which includes all kind of 

assessments. This will allow easy way of tracking the student’s academic capability 

for anticipation of his/her feature.  

Furthermore, a study which will include more features needs to be done as it is 

shown from the findings that the accuracy and precision of results rise with the rise 

of the number of features in the dataset. Another study can be done to see if the use 

of a combination of algorithms, for example RF and SVM-RBF can improve the 

accuracy and precision of the results. 



92 

REFERENCES 

Adomavicius, G., & Tuzhilin, A. (2005). Toward the Next Generation of 

Recommender Systems : A Survey of the State-of-the-Art and Possible 

Extensions, 17(6), 734–749. 

Akay, M. F. (2009). Support vector machines combined with feature selection for 

breast cancer diagnosis. Expert Systems with Applications, 36(2 PART 2), 

3240–3247. https://doi.org/10.1016/j.eswa.2008.01.009 

Al-Badarenah, A., & Alsakran, J. (2016). An Automated Recommender System for 

Course Selection. IJACSA) International Journal of Advanced Computer 

Science and Applications, 7(3), 166–175. https://doi.org/ 

10.14569/IJACSA.2016.070323 

Alencar, P., & Cowan, D. (2017). The Use of Machine Learning Algorithms in AC 

US CR. Expert Systems With Applications. https://doi.org/10.1016/ 

j.eswa.2017.12.020 

Aydin, I., Karakose, M., & Akin, E. (2011). A multi-objective artificial immune 

algorithm for parameter optimization in support vector machine. Applied 

Soft Computing Journal, 11(1), 120–129. 

https://doi.org/10.1016/j.asoc.2009.11.003 

Badr, A., Din, E., & Elaraby, I. S. (2014). Data Mining : A prediction for Student ’ s 

Performance Using Classification Method. World Journal of Computer 

Application and Technology, 2(2), 43–47. https://doi.org/10.13189 

/wjcat.2014.020203 

Baslanti, U., & McCoach, D. B. (2006). Factors related to the underachievement of 

university students in Turkey. Roeper Review, 28(4), 210–215. 

https://doi.org/10.1080/02783190609554366 

Becker, H., Naaman, M., & Gravano, L. (2011). Beyond trending topics: Real-world 

event identification on Twitter. Icwsm, 1–17. https://doi.org/ 

10.1.1.221.2822 

Beckham, C. J., & Beckham, C. J. (2015). REGRESSION ALGORITHMS FOR 

Classification and Regression Algorithms for WEKA Implemented in 

Python, (October). 

Belgiu, M., & Dra, L. (2016). ISPRS Journal of Photogrammetry and Remote 

Sensing Random forest in remote sensing : A review of applications and 

future directions ˘ gut, 114, 24–31. https://doi.org/10.1016/ 

j.isprsjprs.2016.01.011 



93 

Benchettara, N., Kanawati, R., & Rouveirol, C. (2010). Supervised machine learning 

applied to link prediction in bipartite social networks. Proceedings - 2010 

International Conference on Advances in Social Network Analysis and 

Mining, ASONAM 2010, 326–330. https://doi.org/10.1109/ 

ASONAM.2010.87 

Bhavsar, H., & Ganatra, A. (2012). A Comparative Study of Training Algorithms 

for Supervised Machine Learning. International Journal of Soft Computing 

and Engineering, 2(4), 74–81. https://doi.org/10.1.1.492.6088 

Bobadilla, J., Serradilla, F., & Hernando, A. (2009). Knowledge-Based Systems 

Collaborative filtering adapted to recommender systems of e-learning. 

Knowledge-Based Systems, 22(4), 261–265. 

https://doi.org/10.1016/j.knosys.2009.01.008 

Boiy, E., & Moens, M. F. (2009). A machine learning approach to sentiment 

analysis in multilingual web texts. Information Retrieval, 12(5), 526–558. 

https://doi.org/10.1007/s10791-008-9070-z 

Bolu-steve, F. N. (2012). Influence of School Environment on the Academic 

Performance of Secondary School Students in Lagos State. Wordpress, 

21(March), 90–101. 

Boulesteix, A., Janitza, S., & Kruppa, J. (2012). Overview of random forest 

methodology and practical guidance with emphasis on computational 

biology and bioinformatics, 2(December), 493–507. 

https://doi.org/10.1002/widm.1072 

Bydžovská, H. (2016). Course Enrollment Recommender System. Proceedings of 

the 9th International Conference on Educational Data Mining, (1), 312–

317. 

Ć, J. N., Strbac, P., & Ć, D. B. (2011). TOWARD OPTIMAL FEATURE 

SELECTION USING RANKING METHODS AND CLASSIFICATION 

ALGORITHMS, 21(1), 119–135. https://doi.org/10.2298/YJOR1101119N 

Chan, J. C., & Paelinckx, D. (2008). Remote Sensing of Environment Evaluation of 

Random Forest and Adaboost tree-based ensemble classi fi cation and 

spectral band selection for ecotope mapping using airborne hyperspectral 

imagery, 112, 2999–3011. https://doi.org/10.1016/j.rse.2008.02.011 

Coates, A., Arbor, A., & Ng, A. Y. (2011). An Analysis of Single-Layer Networks 

in Unsupervised Feature Learning. Aistats 2011, 215–223. 

https://doi.org/10.1109/ICDAR.2011.95 

Creswell, J. W. (2014). Research Design. 

Crisci, C., Ghattas, B., & Perera, G. (2012). A review of supervised machine 

learning algorithms and their applications to ecological data. Ecological 

Modelling, 240, 113–122. https://doi.org/10.1016/j.ecolmodel.2012.03.001 



94 

Daramola, O., Emebo, O., Afolabi, I., & Ayo, C. (2014). Implementation of an 

Intelligent Course Advisory Expert System Cased-Based Course Advisory 

Expert System. IJARAI) International Journal of Advanced Research in 

Artificial Intelligence, 3(5), 6–12. https://doi.org/10.14569/ 

IJARAI.2014.030502 

Elbadrawy, A., & Karypis, G. (2016). Domain-Aware Grade Prediction and Top-n 

Course Recommendation. Proceedings of the 10th ACM Conference on 

Recommender Systems - RecSys ’16, 183–190. 

https://doi.org/10.1145/2959100.2959133 

Fei, S. wei, & Zhang, X. bin. (2009). Fault diagnosis of power transformer based on 

support vector machine with genetic algorithm. Expert Systems with 

Applications, 36(8), 11352–11357. https://doi.org/10.1016 /j.eswa.2009. 

03.022 

Ferri, C., Hernández-Orallo, J., & Modroiu, R. (2009). An experimental comparison 

of performance measures for classification. Pattern Recognition Letters, 

30(1), 27–38. https://doi.org/10.1016/j.patrec.2008.08.010 

Fersini, E., Pozzi, F. A., & Messina, E. (2015). Detecting irony and sarcasm in 

microblogs: The role of expressive signals and ensemble classifiers. 

Proceedings of the 2015 IEEE International Conference on Data Science 

and Advanced Analytics, DSAA 2015. https://doi.org/10.1109/ 

DSAA.2015.7344888 

Filip, A. (2012). Marketing Theory Applicability in Higher Education. Procedia - 

Social and Behavioral Sciences, 46, 912–916. https://doi.org/10.1016/ 

j.sbspro.2012.05.223 

Fraser, W. J., & Killen, R. (2003). Factors influencing academic success or failure of 

first-year and senior university students: do education students and lecturers 

perceive things differently? South African Journal of Education, 23(4), 

254–263. https://doi.org/10.4314/saje.v23i4.24943 

Fumera, G., Roli, F., & Serrau, A. (2008). A Theoretical Analysis of Bagging as a 

Linear Combination of Classifiers, 30(7). 

García, S., Fernández, A., Luengo, J., & Herrera, F. (2009). A study of statistical 

techniques and performance measures for genetics-based machine learning: 

Accuracy and interpretability. Soft Computing, 13(10), 959–977. 

https://doi.org/10.1007/s00500-008-0392-y 

Geyer-schulz, A., Hahsler, M., & Jahn, M. (2010). Educational and Scientific 

Recommender Systems : Designing the Information Channels of the Virtual 

University, 1–11. 



95 

Gomez, F. R., Rajapakse, A. D., Annakkage, U. D., & Fernando, I. T. (2011). 

Support vector machine-based algorithm for post-fault transient stability 

status prediction using synchronized measurements. IEEE Transactions on 

Power Systems, 26(3), 1474–1483. https://doi.org/10.1109/TPWRS. 

2010.2082575 

Hu, W., Member, S., Hu, W., & Maybank, S. (2008). AdaBoost-Based Algorithm 

for Network, 38(2), 577–583. 

Hu, X., & Weng, Q. (2009). Estimating impervious surfaces from medium spatial 

resolution imagery using the self-organizing map and multi-layer 

perceptron neural networks. Remote Sensing of Environment, 113(10), 

2089–2102. https://doi.org/10.1016/j.rse.2009.05.014 

Huang, Y., & Bian, L. (2009). A Bayesian network and analytic hierarchy process 

based personalized recommendations for tourist attractions over the 

Internet. Expert Systems with Applications, 36(1), 933–943. 

https://doi.org/10.1016/j.eswa.2007.10.019 

Jiao, J., Courtade, T. A., Venkat, K., & Weissman, T. (2015). Justification of 

Logarithmic Loss via the Benefit of Side Information. IEEE Transactions 

on Information Theory, 61(10), 5357–5365. https://doi.org/10.1109/ 

TIT.2015.2462848 

Jordan, M. I., & Mitchell, T. M. (2015). Machine learning: Trends, perspectives, and 

prospects. Science (New York, N.Y.), 349(6245), 255–260. 

https://doi.org/10.1126/science.aaa8415 

Jurman, G., Riccadonna, S., & Furlanello, C. (2012). A comparison of MCC and 

CEN error measures in multi-class prediction. PLoS ONE, 7(8). 

https://doi.org/10.1371/journal.pone.0041882 

Kandaswamy, K. K., Chou, K. C., Martinetz, T., Möller, S., Suganthan, P. N., 

Sridharan, S., & Pugalenthi, G. (2011). AFP-Pred: A random forest 

approach for predicting antifreeze proteins from sequence-derived 

properties. Journal of Theoretical Biology, 270(1), 56–62. 

https://doi.org/10.1016/j.jtbi.2010.10.037 

Kearns, M. (2002). Near-Optimal Reinforcement Learning, 209–232. 

Khan, F. H., Bashir, S., & Qamar, U. (2014). TOM: Twitter opinion mining 

framework using hybrid classification scheme. Decision Support Systems, 

57(1), 245–257. https://doi.org/10.1016/j.dss.2013.09.004 

Kulesza, T., Amershi, S., Caruana, R., Fisher, D., & Charles, D. (2014). Structured 

labeling for facilitating concept evolution in machine learning. Proceedings 

of the 32nd Annual ACM Conference on Human Factors in Computing 

Systems - CHI ’14, 3075–3084. https://doi.org/10.1145/2556288.2557238 



96 

Laghari, M. S. (2014). Automated Course Advising System. International Journal 

of Machine Learning and Computing, 4(1), 47–51. 

https://doi.org/10.7763/IJMLC.2014.V4.384 

Lee, J.-J., Lee, P.-H., Lee, S.-W., Yuille, A., & Koch, C. (2011). AdaBoost for Text 

Detection in Natural Scene. 2011 International Conference on Document 

Analysis and Recognition, 429–434. https://doi.org/10.1109/ 

ICDAR.2011.93 

Lee, K., Caverlee, J., & Webb, S. (2010). Uncovering social spammers. Proceeding 

of the 33rd International ACM SIGIR Conference on Research and 

Development in Information Retrieval - SIGIR ’10, (i), 435. 

https://doi.org/10.1145/1835449.1835522 

Lee, Y. (2011). An Intelligent Course Recommendation System. The Smart 

Computing Review, 1(1), 69–84. https://doi.org/10.6029/ smartcr.2011. 

01.006 

Libbrecht, M. W., & Noble, W. S. (2015). Machine learning applications in genetics 

and genomics. Nature Reviews Genetics, 16(6), 321–332. 

https://doi.org/10.1038/nrg3920 

Liu, Y., & Kirchhoff, K. (2013). Graph-based semi-supervised learning for phone 

and segment classification. Proceedings of the Annual Conference of the 

International Speech Communication Association, INTERSPEECH, 

(August), 1840–1843. 

Luaces, O., Díez, J., Barranquero, J., del Coz, J. J., & Bahamonde, A. (2012). Binary 

relevance efficacy for multilabel classification. Progress in Artificial 

Intelligence, 1(4), 303–313. https://doi.org/10.1007/s13748-012-0030-x 

Mangalova, E., & Agafonov, E. (2014). Wind power forecasting using the k-nearest 

neighbors algorithm. International Journal of Forecasting, 30(2), 402–406. 

https://doi.org/10.1016/j.ijforecast.2013.07.008 

Mnih, V., Badia, A. P., Mirza, M., Graves, A., Lillicrap, T. P., Harley, T., … 

Kavukcuoglu, K. (2016). Asynchronous Methods for Deep Reinforcement 

Learning, 48. https://doi.org/10.1177/0956797613514093 

Mobasher, G., Shawish, A., & Ibrahim, O. (2017). Educational Data Mining Rule 

based Recommender Systems, 1(Csedu), 292–299. 

https://doi.org/10.5220/0006290902920299 

Morra, J. H., Tu, Z., Apostolova, L. G., Green, A. E., Toga, A. W., & Thompson, P. 

M. (2010). Comparison of adaboost and support vector machines for 

detecting alzheimer’s disease through automated hippocampal 

segmentation. IEEE Transactions on Medical Imaging, 29(1), 30–43. 

https://doi.org/10.1109/TMI.2009.2021941 



97 

Mpehongwa, G. (2014). Career Choices of University Students in Tanzania and 

Their Implications for Vision 2025. International Journal of Humanities 

and Social Science, 4(5), 260–266. 

Murphy, M. J., Seneviratne, R. D., Cochrane, L., Davis, M. H., & Mires, G. J. 

(2013). Impact of student choice on academic performance: Cross-sectional 

and longitudinal observations of a student cohort. BMC Medical Education, 

13(1), 2–6. https://doi.org/10.1186/1472-6920-13-26 

Mutanga, O., Adam, E., & Azong, M. (2012). International Journal of Applied Earth 

Observation and Geoinformation High density biomass estimation for 

wetland vegetation using WorldView-2 imagery and random forest 

regression algorithm. International Journal of Applied Earth Observations 

and Geoinformation, 18, 399–406. https://doi.org/10.1016 

/j.jag.2012.03.012 

Nasa, C., & Suman, S. (2012). Evaluation of Different Classification Techniques for 

WEB Data. International Journal of Computer Applications, 52(9), 34–40. 

https://doi.org/10.5120/8233-1389 

Nguyen, T. T. T., & Armitage, G. (2008). A survey of techniques for internet traffic 

classification using machine learning. Communications Surveys & 

Tutorials, IEEE, 10(4), 56–76. https://doi.org/10.1109/SURV.2008.080406 

Ni, K. S., & Nguyen, T. Q. (2009). An adaptable k-nearest neighbors algorithm for 

MMSE image interpolation. IEEE Transactions on Image Processing, 

18(9), 1976–1987. https://doi.org/10.1109/TIP.2009.2023706 

Oladokun, V. O., Adebanjo, A. T., & Charles-Owaba, O. E. (2008). Predicting 

students’ academic performance using artificial neural network: A case 

study of an engineering course. The Pacific Journal of Science and 

Technology, 9(1), 72–79. 

Orhan, U., Hekim, M., & Ozer, M. (2011). EEG signals classification using the K-

means clustering and a multilayer perceptron neural network model. Expert 

Systems with Applications, 38(10), 13475–13481. https://doi.org/10.1016/ 

j.eswa.2011.04.149 

Osmanbegović, Edin. Suljić, M. (2012). Data mining approach for predicting student 

performance. Journal of Economics and Business, X(1), 3–12. 

Ozcift, A., & Gulten, A. (2011). Classifier ensemble construction with rotation 

forest to improve medical diagnosis performance of machine learning 

algorithms. Computer Methods and Programs in Biomedicine, 104(3), 443–

451. https://doi.org/10.1016/j.cmpb.2011.03.018 

Park, D. H., Kim, H. K., Choi, I. Y., & Kim, J. K. (2012). A literature review and 

classification of recommender systems research. Expert Systems with 

Applications, 39(11), 10059–10072. https://doi.org/10.1016/j.eswa. 

2012.02.038 



98 

Patil, T. R. (2013). Performance Analysis of Naive Bayes and J48 Classification 

Algorithm for Data Classification. International Journal Of Computer 

Science And Applications, ISSN: 0974-1011, 6(2), 256–261. 

https://doi.org/ISSN: 0974-1011 

Pedregosa, F., Varoquaux, G., Gramfort, A., Michel, V., Thirion, B., Grisel, O., … 

Duchesnay, É. (2012). Scikit-learn: Machine Learning in Python. Journal 

of Machine Learning Research, 12, 2825–2830. https://doi.org/ 

10.1007/s13398-014-0173-7.2 

Petersen, S. E., & Ostendorf, M. (2009). A machine learning approach to reading 

level assessment. Computer Speech and Language, 23(1), 89–106. 

https://doi.org/10.1016/j.csl.2008.04.003 

Read, J., Pfahringer, B., Holmes, G., & Frank, E. (2011). Classifier chains for multi-

label classification. Machine Learning, 85(3), 333–359. 

https://doi.org/10.1007/s10994-011-5256-5 

Rodriguez-galiano, V. F., Ghimire, B., Rogan, J., Chica-olmo, M., & Rigol-sanchez, 

J. P. (2012). ISPRS Journal of Photogrammetry and Remote Sensing An 

assessment of the effectiveness of a random forest classifier for land-cover 

classification. ISPRS Journal of Photogrammetry and Remote Sensing, 67, 

93–104. https://doi.org/10.1016/j.isprsjprs.2011.11.002 

Rokach, L. (2010). Ensemble-based classifiers, (November 2009), 1–39. 

https://doi.org/10.1007/s10462-009-9124-7 

Romero, C., & Ventura, S. (2007). Educational data mining: A survey from 1995 to 

2005. Expert Systems with Applications, 33(1), 135–146. 

https://doi.org/10.1016/j.eswa.2006.04.005 

Scikit-learn-developers. (2017). Scikit-Learn User Guide. Retrieved from 

http://scikit-learn.org/stable/_downloads/scikit-learn-docs.pdf 

Shalev-shwartz, S. (2013). Stochastic Dual Coordinate Ascent Methods for 

Regularized Loss. Journal of Machine Learning Research, 14(1), 567–599. 

https://doi.org/10.1007/s10107-014-0839-0 

Shoeb, A., & Guttag, J. (2010). Application of Machine Learning To Epileptic 

Seizure Detection. Proceedings of the 27th International Conference on 

Machine Learning (ICML-10), 975–982. https://doi.org/10.1016/j. 

jneumeth.2010.05.020 

Sibanda, L., Iwu, C. G., & Benedict, O. H. (2015). Factors Influencing Academic 

Performance of University Students. Demography and Social Economy, 

24(2), 103–115. https://doi.org/10.15407/dse2015.02.103 

Snyder, J. C., Rupp, M., Hansen, K., Müller, K. R., & Burke, K. (2012). Finding 

density functionals with machine learning. Physical Review Letters, 

108(25), 1–5. https://doi.org/10.1103/PhysRevLett.108.253002 



99 

Stone, P., Ave, P., & Park, F. (2000). Multiagent Systems : A Survey from a 

Machine Learning Perspective, 345–383. 

Suykens, P. J. (2014). Artificial Neural Networks. International Journal of Soft 

Computing and Engineering (IJSCE), 1(May), 13–14. 

https://doi.org/10.1016/B978-0-444-63623-2.00007-4 

TCU. (2016). Tanzania Commission for Universities Undergraduate Students 

Admission Guidebook for Higher Education Institutions in Tanzania. 

TCU. (2017). Tanzania Commission for Universities Undergraduate Admission 

Guidebook for Higher Education Institutions in Tanzania for Applicants 

with Form Six and RPL Qualifications. 

Thabtah, F. A., & Cowling, P. (2004). MMAC : A New Multi-class , Multi-label 

Associative Classification Approach, 1–8. 

Tsai, C. F., Hsu, Y. F., Lin, C. Y., & Lin, W. Y. (2009). Intrusion detection by 

machine learning: A review. Expert Systems with Applications, 36(10), 

11994–12000. https://doi.org/10.1016/j.eswa.2009.05.029 

Tsanas, A., & Xifara, A. (2012). Accurate quantitative estimation of energy 

performance of residential buildings using statistical machine learning 

tools. Energy and Buildings, 49, 560–567. https://doi.org/10. 

1016/j.enbuild.2012.03.003 

Tsoumakas, G., Katakis, I., & Vlahavas, I. (2011). Random k-labelsets for 

multilabel classification. IEEE Transactions on Knowledge and Data 

Engineering, 23(7), 1079–1089. https://doi.org/10.1109/TKDE.2010.164 

Vieira, S. M., Kaymak, U., & Sousa, J. M. C. (2010). Cohen’s kappa coefficient as a 

performance measure for feature selection. 2010 IEEE World Congress on 

Computational Intelligence, WCCI 2010. https://doi.org/10.1109/ 

FUZZY.2010.5584447 

Wabwoba, F., & Mwakondo, F. M. (2011). Students selection for university course 

admission at the joint admissions board (Kenya) using trained neural 

networks. Journal of Information Technology Education, 10(1), 333–347. 

Wang, G., Hao, J., Ma, J., & Jiang, H. (2011). Expert Systems with Applications. 

Expert Systems With Applications, 38(1), 223–230. 

https://doi.org/10.1016/j.eswa.2010.06.048 

Wang, G., Sun, J., Ma, J., Xu, K., & Gu, J. (2013). Sentiment classi fi cation : The 

contribution of ensemble learning. https://doi.org/10.1016/ 

j.dss.2013.08.002 



100 

Weinberger, K., Blitzer, J., & Saul, L. (2006). Distance metric learning for large 

margin nearest neighbor classification. Advances in Neural Information 

Processing Systems, 18, 1473. https://doi.org/10.1007/978-3-319-13168-

9_33 

Xu, J., Moon, K. H., & van der Schaar, M. (2017). A Machine Learning Approach 

for Tracking and Predicting Student Performance in Degree Programs. 

IEEE Journal of Selected Topics in Signal Processing, 11(5), 742–753. 

https://doi.org/10.1109/JSTSP.2017.2692560 

Yeh, C.-W. (2015). CRIS: A rule-based approach for customized academic advising. 

WMSCI 2015 - 19th World Multi-Conference on Systemics, Cybernetics 

and Informatics, Proceedings, 2(2), 213–218. 

Yilmaz, I. (2009). Landslide susceptibility mapping using frequency ratio, logistic 

regression, artificial neural networks and their comparison: A case study 

from Kat landslides (Tokat-Turkey). Computers and Geosciences, 35(6), 

1125–1138. https://doi.org/10.1016/j.cageo.2008.08.007 

Yu, L., Wang, S., & Lai, K. K. (2008). Credit risk assessment with a multistage 

neural network ensemble learning approach, 34, 1434–1444. 

https://doi.org/10.1016/j.eswa.2007.01.009 

Yu, L., Yue, W., Wang, S., & Lai, K. K. (2010). Expert Systems with Applications 

Support vector machine based multiagent ensemble learning for credit risk 

evaluation. Expert Systems With Applications, 37(2), 1351–1360. 

https://doi.org/10.1016/j.eswa.2009.06.083 

Zareapoor, M., & Shamsolmoali, P. (2015). Application of Credit Card Fraud 

Detection : Based on Bagging Ensemble Classifier. Procedia - Procedia 

Computer Science, 48(Iccc), 679–686. https://doi.org/10.1016/ 

j.procs.2015.04.201 

Zhang, M. L., Peña, J. M., & Robles, V. (2009). Feature selection for multi-label 

naive Bayes classification. Information Sciences, 179(19), 3218–3229. 

https://doi.org/10.1016/j.ins.2009.06.010 


