
© C
OPYRIG

HT U
PM 

 

UNIVERSITI PUTRA MALAYSIA 
 

FUZZY MEMBERSHIP FUNCTION AND INFERENCE-BASED MODEL 
FOR PREDICTING STUDENT’S KNOWLEDGE PERFORMANCE 

 

 
 
 
 
 
 
 
 
 

SALISU MUHAMMAD SANI 
 
 
 
 
 
 
 
 
 
 
 
 

FSKTM 2016 6 



© C
OPYRIG

HT U
PM

i 

 

 

FUZZY MEMBERSHIP FUNCTION AND INFERENCE-BASED MODEL 

FOR PREDICTING STUDENT’S KNOWLEDGE PERFORMANCE  

 

 

 

 

 

 

By 

 

SALISU MUHAMMAD SANI 

 

 

 

 

 

 

 

 

 

 

 

Thesis Submitted to the School of Graduate Studies, Universiti Putra Malaysia, 

in Fulfillment of the Requirements for the Degree of Doctor of Philosophy 

 

 

May 2016 

 



© C
OPYRIG

HT U
PM

iii 

 

COPYRIGHT 

 

All material contained within the thesis, including without limitation text, logos, icons, 

photographs and all other artwork, is copyright material of Universiti Putra Malaysia 

unless otherwise stated. Use may be made of any material contained within the thesis 

for non-commercial purposes from the copyright holder. Commercial use of material 

may only be made with the express, prior, written permission of Universiti Putra 

Malaysia.  

 

Copyright © Universiti Putra Malaysia 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

 



© C
OPYRIG

HT U
PM

iv 

 

 

 

 

 

 

 

 

 

 

This thesis is dedicated to my family 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



© C
OPYRIG

HT U
PM

i 

 

Abstract of thesis presented to the Senate of Universiti Putra Malaysia in fulfillment of 

the requirement for the degree of Doctor of Philosophy 

 

 

FUZZY MEMBERSHIP FUNCTION AND INFERENCE-BASED MODEL 

FOR PREDICTING STUDENT’S KNOWLEDGE PERFORMANCE  

 

 

By 

 

SALISU MUHAMMAD SANI 

 

May 2016 

 

 

Chairman :  Teh Noranis Mohd Aris, PhD  

Faculty :  Computer Science and Information Technology 

Intelligent Tutoring Systems (ITSs) are special classes of E-learning systems 

designed to provide adaptive and personalized tutoring based on the individuality of 

students. The student model is an important component of an ITS that provides the 

base for this personalization. During the course of interaction between student and 

the system, a quantitative representation of the actual student‟s characteristics such 

as the student‟s knowledge state is created based on the observations and predictions 

the ITS made on each student. The student‟s knowledge is one of the most dynamic 

characteristic of the student; so dynamic like a moving target. However, modeling 

student‟s knowledge and diagnosis are complex processes that are characterized by 

uncertainty and imprecision issues that affect the prediction of the student model. 

Fuzzy logic is a form of multi-valued logic derived from fuzzy set theory. Its 

methodology provides a definitive solution to problems of information that may be 

construed as uncertain or imprecise. 

A major gap in the existing approach is the absence of an important component of a 

fuzzy logic controller, the membership function graph which is vital for the 

management of uncertainty and imprecision in student's knowledge modeling. 

Moreover, the prediction accuracies of 36% and 90% achieved by the existing 

models is seen as another limitations in their performance. This study propose novel 

fuzzy based membership functions and inference mechanisms to design a fuzzy logic 

based control process which aimed at modeling student's knowledge performance 

and further diagnosis. Successful design of this two vital fuzzy logic engines will 

respectively enables the realization of more accurate fuzzy student models and the 

necessary diagnosis on them. An approximate student model based on fuzzy 

membership function approach enables making accurate predictions about the state 

of student's knowledge. The main idea of proposing a novel fuzzy inference process 

is to provides the necessary diagnosis on the propose fuzzy student model. The 

inference process take outputs of a fuzzification process with membership functions 

as input variables for a mechanism which is defined by fuzzy If-Then rules and 
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logical operators, and then reaches the output space that produces a human like 

decision by inferring on the propose fuzzy student models. 

For the purpose of this research, the training data which is an instance of students 

knowledge test performances were obtained from an adaptive-courseware E-learning 

system that administered knowledge tests to thirty, first year undergraduate students, 

from two southeastern European Universities, University of split Croatia and 

University of Mostar Bosnia-Herzegovina in the domain of “computer as a system” 

comprising of seventy three domain concepts. The results of this knowledge test, the 

students‟ scores in each of the seventy three domain concepts is to be used as crisp 

inputs to the proposed fuzzy membership functions to enables the realization of the 

first fuzzy logic control process, the fuzzification process. The propose membership 

functions are designed using multi fuzzy terms "poor", "weak", "average", "good", 

"very good" and "excellent" to allow for adequate fuzzy sets that can capture all 

intervals in the distribution.  

However, we need to compare the performance of the propose model with that of the 

two previous or existing models. With the first model that has 36% accuracy, this 

comparison is direct as it was implemented using same training data with the propose 

model. But with second model that has 90% accuracy, this comparison cannot be 

made directly as it was implemented using different training data with the propose 

model. This study therefore re-implement the second model using the training data 

from the domain of “computer as a system” in order to justify the performance of the 

propose model. The result has shown that the propose method has successfully 

improved the accuracies of the two previous models. 

  



© C
OPYRIG

HT U
PM

iii 

 

Abstrak tesis yang dikemukakan kepada Senat Universiti Putra Malaysia sebagai 

memenuhi keperluan untuk ijazah Doktor Falsafah 

 

 

FUNGSI KEAHLIAN KABUR DAN MODEL BERDASARKAN 

KESIMPULAN  UNTUK MERAMAL PRESTASI PENGETAHUAN 

PELAJAR 

 

 

Oleh 

 

SALISU MUHAMMAD SANI 

 

Mei 2016 

 

 

Pengerusi :  Teh Noranis Mohd Aris, PhD 

Fakulti :  Sains Komputer dan Teknologi Maklumat 

Sistem Tutor Pintar (ITS) adalah kelas khas sistem E-pembelajaran yang direka 

bentuk untuk memberi tunjuk ajar dan penyesuaian peribadi berdasarkan 

keperibadian pelajar. Model pelajar adalah salah satu komponen penting di dalam 

ITS yang menyediakan asas untuk tunjuk ajar peribadi ini. Sepanjang interaksi antara 

pelajar dan sistem, satu perwakilan kuantitatif ciri-ciri pelajar yang sebenar seperti 

tahap pengetahuan pelajar dicipta berdasarkan pemerhatian dan ramalan oleh ITS 

dibuat pada setiap pelajar. Pengetahuan pelajar adalah salah satu sifat yang paling 

dinamik bagi pelajar; ia begitu dinamik seperti sasaran yang bergerak. Walau 

bagaimanapun, pemodelan pengetahuan dan diagnosis pelajar adalah proses yang 

kompleks yang dicirikan oleh isu-isu yang tidak menentu dan ketakpersisan yang 

memberi kesan kepada ketepatan ramalan model pelajar. Logik kabur adalah salah 

satu bentuk logik pelbagai-nilai yang diperoleh daripada set teori kabur. Kaedah ini 

menyediakan penyelesaian muktamad untuk masalah maklumat yang ditafsirkan 

sebagai tidak menentu atau tidak tepat. 

Jurang utama dalam pendekatan yang sedia ada ialah ketiadaan satu komponen 

penting dalam pengawal logik kabur, keanggotaan graf fungsi yang penting bagi 

pengurusan data yang tidak menentu dan ketakpersisan dalam pemodelan 

pengetahuan pelajar. Selain itu, ketepatan ramalan sebanyak 36% dan 90% yang 

dicapai oleh model sedia ada juga dilihat sebagai satu lagi kekurangan dalam prestasi 

mereka. Kajian ini mencadangkan satu fungsi kabur berdasarkan keahlian dan 

mekanisme kesimpulan untuk mereka bentuk satu proses kawalan berasaskan logik 

kabur yang bertujuan untuk memodel prestasi pengetahuan pelajar dan diagnosis 

lanjut. Kejayaan reka bentuk bagi kedua-dua enjin logik kabur ini akan 

membolehkan model pelajar kabur yang lebih tepat dan diagnosis yang diperlukan 

oleh mereka dapat direalisasikan. Satu model pelajar anggaran berdasarkan 

pendekatan fungsi keahlian kabur membolehkan ramalan mengenai tahap 

pengetahuan pelajar dapat dibuat dengan tepat. Idea utama untuk mencadangkan 

proses kesimpulan kabur yang baru adalah untuk menyediakan diagnosis yang 
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diperlukan oleh model pelajar kabur. Proses kesimpulan ini mengambil output 

daripada proses fuzzification bersama fungsi keahlian sebagai pemboleh ubah input 

untuk mekanisma yang ditakrifkan oleh peraturan Jika-Maka dan pengendali logik, 

dan kemudian mencapai ruang output yang menghasilkan  keputusan seperti yang 

dibuat oleh manusia dengan membuat kesimpulan berdasarkan kepada model pelajar 

kabur. 

Bagi tujuan kajian ini, data latihan yang merupakan satu contoh persembahan ujian 

pengetahuan pelajar diperoleh daripada sistem E-pembelajaran adaptif - kursus yang 

ditadbir ujian pengetahuan kepada tiga puluh pelajar tahun pertama dari dua 

Universiti Eropah tenggara, Universiti berpecah Croatia dan Universiti Mostar 

Bosnia-Herzegovina dalam domain "komputer sebagai sistem" yang terdiri daripada 

tujuh puluh tiga konsep domain. Keputusan bagi ujian pengetahuan ini, skor pelajar 

dalam setiap satu daripada tujuh puluh tiga konsep domain akan digunakan sebagai 

input segar dengan fungsi keahlian kabur yang dicadangkan untuk membolehkan 

proses kawalan logik kabur yang pertama direalisasikan, iaitu proses fuzzification. 

Fungsi keahlian yang dicadangkan direka bentuk menggunakan istilah multi kabur 

iaitu "miskin", "lemah", "purata", "baik", "sangat baik" dan "cemerlang" bagi 

membolehkan set kabur yang mencukupi yang boleh menangkap semua selang 

dalam pengagihan. 

Walau bagaimanapun, kita perlu membandingkan prestasi model yang dicadangkan 

dengan kedua-dua model sebelumnya atau model yang sedia ada. Dengan model 

pertama yang mencapai 36%  ketepatan, perbandingan ini adalah secara langsung 

kerana ia telah dilaksanakan dengan menggunakan data latihan yang sama dengan 

model yang dicadangkan. Tetapi dengan model kedua yang mencapai 90% 

ketepatan , perbandingan ini tidak boleh dibuat secara terus kerana ia telah 

dilaksanakan dengan menggunakan data latihan yang berbeza dengan model yang 

dicadangkan. Oleh itu, kajian ini telah  melaksanakan semula model kedua 

menggunakan data latihan daripada domain "komputer sebagai satu sistem" untuk 

membuat justifikasi prestasi model yang dicadangkan. Hasil kajian menunjukkan 

bahawa kaedah yang dicadangkan ini telah berjaya meningkatkan ketepatan kedua-

dua model sebelumnya. 
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CHAPTER 1 

1 INTRODUCTION 

1.1 Background and Motivation 

Intelligent Tutoring Systems (ITSs) are computer based educational systems 

designed to provide customized instruction and immediate feedback to students, 

without the intervention of human beings. For over four decades since their inception, 

these systems keep growing more sophisticated with increasingly large influence in 

education. Originally, the intention of designing and developing such systems was 

due to the vision that Artificial Intelligence (AI) could produce a promising solution 

to the limitations educational professionals were facing: how to effectively teach and 

help students learn in a large scale (Nkambou, Bordeau, & Mizoguchi, 2013). 

It has been established that the effectiveness of teaching and learning activities 

improve when the ratio of student-to-teacher become smaller. In 1984, Bloom 

conducted experiments comparing student learning under conditions, a 30 students 

per teacher class on one side and one-to-one tutoring on the other, and found that the 

one-to-one tutoring is much more effective than the group teaching (Bloom, 1984). 

On one hand, the need to achieve high students‟ ratios in learning environments 

regardless of time and location and without requiring an impractical number of 

expert human tutors became increasingly pragmatic. On the other hand, AI 

researchers were keenly seeking a meaningful venue for their enthusiasms to spread 

the power of AI in many traditional fields at the time when AI was blossoming. 

Computer scientists, cognitive scientists, educational professionals viewed the 

newborn ITS paradigm as a means to fulfill their various goals. ITSs use AI 

techniques to help students learn with little or no human intervention. An ITS 

therefore is viewed as a multi-disciplinary area of research that requires seamless 

collaborations of a variety of disciplines, such as education, cognitive science, 

learning science, and computer science. 

The ability to provide immediate feedback and individualized assistance by this 

computer-based educational paradigm is achieved through collaboration by four 

major components of the system; domain model, tutor model, student model and the 

user interface (Conati & Kardan, 2013). Domain modeling is a technique to encode 

domain knowledge, such as concepts, rules and procedures, facilitating their use in 

computer systems. This part of the system is often called expert knowledge, and 

systems focusing more on domain modeling are called expert systems. Student 

modeling is a technique used to understand students, including their knowledge level, 

behaviors and emotions; this model provides computer-interpretable representations 

of the actual student to the system. The tutoring model consumes the knowledge 

from the domain model and the student model. It directs the system to provide 

human-like tutoring with applications of several different pedagogical strategies. For 

example, given the estimation of student misconception, the output of the student 

model, comparing it with the domain knowledge, the output of the domain model, 



© C
OPYRIG

HT U
PM

2 

 

the tutor model may decide what tutorial actions are necessary to conduct. If an 

intervention decision has to be made, the tutor model is responsible for making a 

wise decision as to when and how to intervene. Finally, all these three models 

collaborate as services at backend and the user interface works as a presentational 

tier to blend the services together to interact and communicate with the user. 

1.2 Student Modeling 

Student modeling is a vital process in ITS where the tutoring system observe 

student‟s actions and creates a quantitative representations of student properties of 

interest, which are vital to other, ITS modules (Priya & Keerthy, 2015). The main 

goal of a student model is to support making instructional decisions based on the 

individuality of the learners. A good student model that matches student behaviors to 

student properties of interest can often provide insightful information to both the 

system and the researchers. Student behaviors can be viewed as the input of a student 

model, which include a variety of observations, such as student responses and actions. 

Student‟s characteristics of interest represent what the student is being modeled.  

Depending on the requirements, the range of things being modeled could be fairly 

broad: student knowledge, student performance, student emotion and other constructs 

of interest. Student models create quantitative representations, which are consumable 

to other modules within the ITS, and most of which are also interpretable to humans 

outside the system. It has been said that a well-designed tutoring system actively 

undertakes two tasks: that of the diagnostician, discovering the nature and extent of 

the student‟s knowledge, and that of the strategist, planning a response using its 

findings about the learner (Jeremić, Jovanović, & Gašević, 2012). This is the main 

role of student model, which is the base for personalization in intelligent tutoring 

systems (Conati, 2010). The information of a student model is used by the system in 

order to adapt its responses to each individual student dynamically providing 

personalized instruction, help and feedback. The student model is used for accurate 

diagnosis in order to predict students‟ needs and adapt the learning materials and 

processes to each individual student‟s learning pace. It is used to produce highly 

accurate estimations of the student‟s knowledge level and cognitive state in order to 

deliver the most appropriate learning materials to the students.  

Furthermore, an adaptive or personalized tutoring system can consult the student 

model in order to recognize the learning style and preferences of a student and make 

a decision about the learning strategy that is likely to be the most effective for each 

student. Moreover, by predicting of student affective state, an adaptive and/or 

personalized educational system can select appropriate learning methods in order to 

increase the effectiveness of tutorial interactions and improve the learning and 

motivation. In addition, a student model can be used for identifying the student‟s 

strength and weaknesses in order to provide him/her with customized or 

individualized feedback (Chrysafiadi & Virvou, 2013).  
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The student‟s knowledge is one of the most dynamic characteristic of the student; so 

dynamic like a moving target. The task of expressing student knowledge level is 

confronted with high degree of uncertainty, imprecision and human subjectivity. This 

changing attribute in student‟s knowledge state accounts for the complexity in its 

modeling. One approach for dealing with these issues of imprecision is the use of 

fuzzy logic technique which has similar way of expressing the natural human 

conceptualization (Chrysafiadi & Virvou, 2012). The student model creates a 

quantitative representation of a student‟s dynamic characteristics in numeric form; 

this information needs to be processed using sharply defined criteria (Grubišić, 

Stankov, & Žitko, 2014). For this reasons, the need for fuzzy membership functions 

as tool for simulating fuzziness in human cognition becomes apparent.  

1.3 Fuzzy logic in Student Modeling 

Fuzzy logic systems are rule-based systems that use the theory of fuzzy sets and 

fuzzy logic introduced by Zadeh (Zadeh, 1965) to encounter imprecision and 

uncertainty. It deals with reasoning that is approximate rather than fixed and exact. It 

is a precise logic of imprecision and approximate reasoning. In other words, fuzzy 

logic is able to reason and make rational decisions in circumstances of imprecision, 

uncertainty, human subjectivity, incomplete information and deficient computations 

(Almaraashi, 2012). Many applications are using fuzzy logic systems to represent 

knowledge in a closer way to how human are thinking. In a fuzzy set, any element in 

the set is given a degree of membership of this set as opposed to the ordinary crisp 

set where its membership is characterized by two values only (0 or 1). A general 

fuzzy logic system involves fuzzifying crisp values followed by inference engine to 

apply fuzzy rules and ends by defuzzifying the results into crisp values as outputs. 

The ability of fuzzy logic to handle the uncertainty, imprecise and incomplete data, 

and information that is characterized by human subjectivity makes it useful in many 

human-centric fields (Ajiboye, Arshah, & Qin, 2013). Fuzzy set theory has been 

applied in the design and development of intelligent tutoring systems, more 

specifically in student model design. 

Modeling student‟s dynamic characteristics like knowledge is not a straightforward 

task, since it often depends on and is reflected through things that cannot be directly 

observed and measured (Jeremić et al., 2012). Especially in an intelligent tutoring 

system, where there is no direct interaction between the teacher and the student, there 

may be difficulties and problems in handling information about students‟ cognitive 

state and behavior. The tutoring system needs to know what knowledge the student 

has and what goals the student is currently trying to achieve. That means, the system 

must do both assessment and plan recognition to create a good representation of the 

student. These are modeling tasks that involve a high level of uncertainty (Vieira, 

2015). One possible approaches to encounter this uncertainty and imprecision is 

fuzzy logic. Fuzzy logic involves the use of natural language in the form of If-Then 

statements to demonstrate knowledge of domain experts and hence generates 

decisions and facilitates human-like reasoning based on uncertain and imprecise 

information coming from the student-computer interaction (Goel, Lallé, & Luengo, 

2012). The main advantage of using fuzzy logic is that humans often reason in terms 
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of vague concepts when dealing with situations in which they experience uncertainty 

and imprecision (Wang, 2015). Hence we go for a technique that effectively maps 

the subjective concepts such as students‟ knowledge modeling with the help of 

membership function. Through the use of the membership functions, fuzzy logic is 

able to handle issues in student‟s knowledge modeling caused by imprecision and 

uncertainty (Drigas, Argyri, & Vrettaros, 2009). Membership functions are 

subjective and context-dependent that means that it is hard for a computer system to 

automatically generate them in a concrete and formal way. The choice of 

membership functions is a key problem in the design of a fuzzy controller. The 

membership functions can take one of the symmetric or asymmetric forms of 

triangles, exponential Gauss, trapezoid and so on in the general unified form. The 

roles of membership functions in a fuzzy logic controller is to map a crisp inputs, the 

numeric values xX(crisp set) into a fuzzified value, AU(universe of 

discourse)(Chrysafiadi & Virvou, 2015). 

1.4 Research problems 

One serious issue facing the existing models is in their performance. The prediction 

accuracies of 36% and 90% respectively achieved by (Grubišić, Stankov, & Peraić, 

2013) and (Danaparamita & Lumban Gaol, 2014) still leave enough room for 

investigation and improvement. 

The absence of an essential component of fuzzy logic controller, the membership 

functions graph which is vital for the fuzzy approximate reasoning capability to 

manage the uncertainty and imprecision issues in modeling students‟ knowledge 

states has created a gap within the Danaparamita‟s fuzzy logic approach.    

The issue of undefined intervals in Danaparamita‟s Bayesian distribution is owing to 

overreliance on only two valued probability density variables known and unknown 

(true or false). This has created serious limitation in Danaparamita‟s approach which 

left all input spaces that falls within those undefined intervals untreated.  

The use of dependency graph as fuzzy based inference mechanism adopted by 

Danaparamita‟s fuzzy model is more to domain than student model design and that 

contributed to its low performance of 86.25% accuracy as against the 90% success 

recorded by the Bayesian model.  
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1.5 Research objectives  

The main goal of this research is to propose fuzzy student‟s model with high degree 

of accuracy to improve the performances of 36% and 90% respectively achieved by 

Grubišić and Danaparamita's models. Modeling this component will adopt the 

following ideas:  

1. Propose novel fuzzy membership functions that will enable the realization 

of the fuzzifier component for essential fuzzification process to address 

the prevailing issues of uncertainty and imprecision with the 

Danaparamita's fuzzy model through the fuzzy approximate reasoning.  

2. Propose multi-valued fuzzy sets based on multi-valued fuzzy variables to 

capture all intervals in the membership function distributions.  

3. Propose novel rule-based fuzzy inference mechanism using fuzzy If-

Then  rules for the necessary diagnosis to infer on the propose fuzzy 

models. 

1.6 Research Scope 

The study focuses towards modeling the student component of an ITS and more 

specifically, modeling of student‟s knowledge characteristic and its diagnosis. To 

achieve these prevailing tasks, the study proposes novel fuzzy membership functions 

and fuzzy If-Then inference rules to respectively enable the realization of two vital 

fuzzy logic control processes, the fuzzification and fuzzy inference mechanisms. The 

training data is from an Adaptive-Courseware Tutor system (Grubiši, 2012) that is 

defined in the domain of "computer as a system" comprising of seventy three domain 

knowledge concepts.  

1.7 Research Contribution 

The main contribution of this study is proposing fuzzy logic control approach to 

model the student component of an ITS. The following are the novel features of the 

propose technique: 

 Propose novel membership functions with multi-valued fuzzy sets to 

enables making accurate predictions about student's knowledge state 

 Propose novel fuzzy If-Then inference rules to enables the necessary 

diagnosis and evaluation of the proposed fuzzy student model  
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1.8 Thesis Organization 

Chapter two aims at providing review of the related literature. First, the concept of 

student modeling, the relevant modeling approaches that are used in modeling this 

key component of an ITS and analysis of the limitations of this approaches as well as 

those of the existing models. The chapter also provides a comprehensive review of 

the propose fuzzy logic technique, its architecture and components in order to 

enables the understanding of how to the framework of the propose model.  Chapter 

three is dedicated to primarily describe the research methodology. The chapter first 

provide the framework of the research design which includes the conceptual model 

of the propose fuzzy based student model. In addition, this chapter also explains the 

materials needed in both software and hardware for achieving the objectives of the 

research. Chapter four aims at presenting the design of both proposed membership 

functions, fuzzy student models as well as the rule based inference mechanism. 

Chapter five aims at presenting results and discussion. Finally, chapter six presented 

the conclusion and future works. 
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