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Abstract: Higher education institutions are currently facing a competitive environment such as the increase in employers‟ demand and the challenges 
from Industry 4.0. Due to this situation, the industry and society are expecting graduates to have extensive knowledge with critical thinking skills and 
good personality. Therefore, higher education institutions must ensure that students overcome the challenges in this competitive environment. In order to 
achieve this, student performance needs to be analysed systematically by identifying the students‟ deficiencies and advantages. This paper focused on 
the student performance analysis per year by using fuzzy logic evaluation methods. Fuzzy logic was developed with selected attributes of student 
assessment performance by using MATLAB software. In this method, students‟ characteristics through assessment (knowledge, problem-solving skill, 
etc.) were the weighting factors for evaluating students‟ academic performance and their personality development. Then, an expert system using fuzzy 
logic based on the Mamdani technique was designed and tested on real students‟ mark sample. The results of the fuzzy expert system and conventional 
method were later compared. Based on the results, the reasons behind the deficiencies of students were identified, whether they were weak in academic 
or in personality development. This result could assist higher education institutions in determining the appropriate lectures, activities, and assessment for 
students, and also improve the human capital needs by the industry. 
 
Index Terms: Assessment, Fuzzy Logic, Fuzzy Inference, Learning Outcome, MATLAB, Membership Functions, Student Performance 

——————————      —————————— 

1 INTRODUCTION                                                                     

In higher education, the performance of students is measured 
through the assessment and evaluation process that reflects 
the attainment of expected learning outcomes. Learning 
outcomes are designed to determine the skills required to be 
achieved by students at the end of the course [1]. Assessment 
is a systematic process that plays a significant role in effective 
teaching and learning and includes all procedures used to gain 
information about student learning [2]. It starts with the 
identification of learning outcomes and ends with a judgment 
to see whether those outcomes have been attained. According 
to Brown et al. [3], assessment is a part of the learning 
experience and should be taken seriously by those involved in 
the learning process such as students, educators, and 
institutions. They suggested that to change learning, there is a 
need to change the way of accessing it. Biggs [4] also 
recommended the same idea by stating that students will look 
at the assessments more seriously to determine what and how 
they learn. Learning outcomes and assessment methods used 
by educators will give students a clear indication of what is 
important in a course or programme. Accordingly, assessment 
has a strong impact on a student‟s learning and success. It is 
also used to observe the students‟ academic performance in 
acquiring knowledge and skills through learning. This is 
because an individual‟s behaviour and performance depend 
on the knowledge that has been acquired through learning, 
practice, and experience [5]. Through the assessment 
process, institutions are considering many criteria, such as 
problem-solving skills, communication and group work skills, 
behavioural attitudes, lab performance, project analysis skills 
and so on [6]. To evaluate these criteria, arithmetical and 
statistical methods based on imprecise data have been used. 
This imprecision comes from the educators‟ interpretation of 
student performance. Nowadays, reasoning based on fuzzy 
logic is used as an alternative way of handling various kinds of 
imprecise score data [6-11]. One example is when measuring 
two students‟ scores of 60, 70, 80 and 80, 70, 60 in three tests, 
respectively. The average mark obtained by the students is 70 
although the data indicates that one student is improving while 
the other is deteriorating. Another example is when a student 
gets a 78 score in theories, 40 in project, and 82 in lab exams, 
he/she will have an average score of 67 through the 
conventional method. If the threshold is 65, it is considered 

that particular student is successful although he/she did not 
perform in project.  

 
2 METHODOLOGY 
This paper explores the potential of fuzzy logic in analysing 
student performance by using the result of students‟ 
assessment based on the defined attributes or learning 
outcomes. The current research on fuzzy logic in student 
performance involved the evaluation of academic performance 
[6-10]. Others used fuzzy logic to measure the learning 
outcomes [11]. 
 
2.1 Fuzzy Logic 
Fuzzy logic is designed to represent knowledge and human 
reasoning based on a system of non-digital (continuous and 
fuzzy without crisp boundaries) set theory and rules [12]. 
Fuzzy logic has the ability to deal with vague systems through 
the usage of linguistic variables such as poor, average, and 
good [13]. This research will look into the fuzzy inference 
system (FIS), which is one of the common applications of 
fuzzy logic and fuzzy set theory [14]. FIS is a rule-based 
system that contains if-then rules developed from human 
knowledge and experience [15]. Kumari [6] used fuzzy logic 
reasoning to evaluate student performance by considering 
academic results as well as personality traits. The attributes 
considered to measure the academic performance were 
attendance, self-learning, examination, and lab result, while 
project skills, presentation skills, extracurricular activity/co-
curricular activity (ECA/CCA), and attitude were used to 
measure personality development [6]. 
 
2.2 Proposed Method 
One drawback of the current student performance evaluation 
method is the lack of information about assessment methods 
that have been used and the criteria for the final evaluation. A 
fuzzy approach has been used to perform the proposed 
method of student performance evaluation [6]. The idea is that 
student performance should be evaluated based on the overall 
skills. In this paper, a new methodological approach by using 
fuzzy expert system is proposed to analyse and evaluate 
student performance based on the learning outcomes domain. 
This study considers academic achievement as well as 
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personality development of the students. The data used came 
from numerical scores obtained in the semester examination 
assessment and Grade Point Average (GPA) result. The 
proposed method will not replace the current conventional 
method; however, it will only strengthen the current system by 
providing additional information when it comes to decision 
making by the educator. Table 1 shows the relationship 
between attributes to obtain the academic performance and 
personality development of students, adding up to their overall 
performance. 

 
Table 1. Selection of Input and Output Variables 

Input 
Output 

Output 1 Output 2 Final Output 

Sem 1 GPA Academic 
Value Academic 

Performance 

Overall 
Performance 

Sem 2 GPA 

Knowledge Cognitive 
Value Problem Solving 

Communication Affective 
Value 

Personality 
Development 

Group work 

Lab work 
Psychomotor 
Value Design & 

Experiment 

 
Cognitive, affective, and psychomotor domains are part of 
Bloom‟s taxonomy [16]. Bloom‟s taxonomy is used as a 
reference point for evaluation by the Ministry of Education [17]. 
Bloom‟s taxonomy is a classification of learning outcomes [16] 
to introduce higher level thinking in education such as 
concept, process, and procedure analysis, instead of only 
remembering facts. Educators often refer these domains as 
KSA, which is Knowledge (Cognitive), Skill (Psychomotor), 
and Attitude (Affective). The cognitive domain includes 
knowledge and development of intellectual skills [16]. 
Cognitive learning processes involve processing information, 
constructing understanding, applying knowledge, solving 
problems, and conducting research [18]. Knowledge 
assessment will involve the process of remembering and 
understanding relevant facts, recognising, recalling, 
interpreting, exemplifying, classifying, summarising, inferring, 
comparing, and explaining concepts or theories. On the other 
hand, problem solving assessment is conducted by analysing, 
evaluating and then solving a problem given in an 
assessment. Educators will make judgments based on the 
criteria and standards through checking and critiquing, then 
reorganising different elements to form a solution or a new 
structure through generating, planning, or producing. The 
affective domain includes the manner of dealing with things 
emotionally, such as feelings, appreciation, enthusiasms, 
values, motivations, and attitudes [19]. Communication 
assessment will show the students‟ attitudes such as listening 
to others in an enthusiastic manner, questioning new ideas in 
order to fully understand them when they participate in class 
discussions, and giving presentations. Group work tasks will 
show the value that controls their behaviour. For example, 
cooperation in a group activity will display teamwork 
enthusiasm and professional commitment to ethical practice 
on a daily basis. The psychomotor domain consists of physical 
movement, coordination, and the use of motor skills [20]. 
Student psychomotor is measured in terms of speed, 
precision, distance, procedures or techniques in execution and 
also students‟ ability to understand and follow instructions [21]. 
Lab work will test students‟ ability to use sensory cues to guide 

motor activity. For example, adjusting the angle of a robot‟s 
foot to kick the ball by comparing where the robot is in relation 
to the goal‟s position. Practising, learning, and performing a 
complex skill such as a mathematical equation or 
programming code are related to lab performance. Proficiency 
is indicated by a quick, accurate, and highly coordinated 
performance with minimum amount of energy. Through design 
and experiment skill, students can modify movement patterns 
based on the experiment to fit special requirements. Students 
with highly developed skills can construct a new theory, design 
and develop a new programming code, or create a new robot. 
The proposed system will apply fuzzification, fuzzy inference, 
and defuzzification. Fig. 1 shows the proposed method for the 
student performance analysis. 
 
 

 
 
 
 
 
 
 
 
 
 
 

Fig. 1. Proposed Method of Student Performance Analysis 
 

2.3 Process of Proposed Fuzzy Expert System 
The process of the proposed fuzzy expert system was 
developed to analyse student performance as shown in Fig. 2. 
The membership functions (MF) considered for the analysis 
were trapezoidal membership functions. 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 

Fig. 2. Process of the Proposed Fuzzy Expert System 
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2.4 Fuzzification of Examination Results and Performance 
Value 

Fuzzification of examination results was carried out by using 
input variables and their membership functions. Each student 
had two semester GPA results (sem-1 and sem-2) and 
learning outcome examination results that include lab work 
and experiments. The input variables of GPA result had four 
membership functions while learning outcome examination 
results had five membership functions, which are „very poor‟, 
„poor‟, „average‟ „good‟, and „very good‟ [10]. The fuzzy sets of 
the input variables are shown in Table 2 and Table 3. Fig. 3 
and 4 show the different types of membership functions used. 
 

Table 2. Fuzzy Set of Input Variables GPA Result 

Linguistic Variables Interval 

Poor (0, 0, 1.5, 2.0) 

Average (1.0, 1.5, 2.5, 3.0) 

Good (2.0, 2.5, 3.17, 3.67) 

Excellent (3.0, 3.5, 4.0, 4.0) 

 
Table 3. Fuzzy Set of Input Variables Learning Outcome 

Examination Results 

Linguistic Variables Interval 

Very Poor (0, 0, 30, 40) 

Poor (20, 30, 45, 55) 

Average (40, 50, 65, 75) 

Good (55, 65, 75, 85) 

Very Good (75, 85, 100, 100) 

 
 
 
 
 
 
 
 
 
 

Fig. 3. Membership Functions of Input Variable GPA Result 
 
 
 
 
 
 
 
 
 
 

Fig. 4. Membership Functions of Input Variables Learning 
Outcome Examination Results 

 
Output 1 variables (academic, cognitive, affective, and 
psychomotor) had five membership functions, namely „very 
low‟, „low‟, „average‟, high‟, and „very high. To make it 
convenient within the application, a value range between 0 
and 1 was chosen as shown in Fig. 5. 
 
 
 
 
 

 
 
 
 
 
 
 
 
 

 
Fig. 5. Membership Functions of Output 1 Variables 

 
Output 2 variables (academic performance and personality 
development) also had five membership functions and a value 
range between 0 and 1 as shown in Fig. 6. Besides, the final 
output (overall performance of the students) had the same 
membership functions and a value range between 0 and 5 as 
shown in Fig. 7. 
 
 
 
 
 
 
 
 
 
 

Fig. 6. Membership Functions of Output 2 Variables 
 
 
 
 
 
 
 
 
 
 

Fig. 7. Membership Functions of Final Output Variable 
 

2.5 Rules and Inference 
Rules will determine the input and output of membership 
functions that are used in the inference process. These rules 
are linguistic in a form of „If-then‟ statements and are flexible to 
be formulated depending on the importance set by the 
academic experts. Fig. 8 shows the example of inference rules 
with input-output parameter selection. 
 
 

 
 
 
 
 
 
 

Fig. 8. Fuzzy Inference Rules with Input and Output 
 

Table 4 shows the rules for the GPA semester input and the 
corresponding output. On the other hand, Table 5 displays the 
rules for the input and output of learning outcome examination 
result. 



INTERNATIONAL JOURNAL OF SCIENTIFIC & TECHNOLOGY RESEARCH VOLUME 10, ISSUE 01, JANUARY 2021      ISSN 2277-8616 

325 
IJSTR©2021 
www.ijstr.org 

 
Table 4. Construction of Fuzzy Inference Rules for GPA Sem-

1 and Sem-2 Input 

Rule 
No. 

Semester 
1 (s1) 

Semester 
2 (s2) 

Academic value 
(Output 1a) 

1 Poor Poor Very Low 

2 Poor Average Average 

3 Poor Good High 

4 Poor Excellent High 

5 Average Poor Low 

6 Average Average Average 

7 Average Good High 

8 Average Excellent High 

9 Good Poor Average 

10 Good Average High 

11 Good Good High 

12 Good Excellent Very High 

13 Excellent Poor Average 

14 Excellent Average High 

15 Excellent Good High 

16 Excellent Excellent Very High 

 
Table 5. Fuzzy Set of Input Variables Examination Result 

Rule 
No. 

Knowledge 
(c1) 

Problem 
solving (c2) 

Cognitive value 
(Output 1b) 

1 Very Poor Very Poor Very Low 

2 Very Poor Poor Low 

3 Very Poor Average Low 

4 Very Poor Good Average 

5 Very Poor Very Good High 

6 Poor Very Poor Very Low 

7 Poor Poor Low 

8 Poor Average Average 

9 Poor Good Average 

10 Poor Very Good High 

11 Average Very Poor Low 

12 Average Poor Low 

13 Average Average Average 

14 Average Good High 

15 Average Very Good High 

16 Good Very Poor Average 

17 Good Poor Average 

18 Good Average Average 

19 Good Good High 

20 Good Very Good Very High 

21 Very Good Very Poor Average 

22 Very Good Poor Average 

23 Very Good Average High 

24 Very Good Good High 

25 Very Good Very Good Very High 

 
The next set of rules after obtaining the output value (output 1) 
using fuzzy inference rules will determine the value of output 2 
and the final output, which is the overall student performance. 
Table 6 represents the rules for the input (output 1) and 
corresponding output 2. 
 
Table 6. Construction of Fuzzy Inference Rules for Academic 

Performance and Personality Development 

Rule 
No. 

Academic value 
(Output 1a) 

Cognitive value 
(Output 1b) 

Academic Performance 
(Output 2a) 

1 Very Low Very Low Very Low 

2 Very Low Low Very Low 

3 Very Low Average Low 

4 Very Low High Average 

5 Very Low Very High High 

6 Low Very Low Very Low 

7 Low Low Low 

8 Low Average Average 

9 Low High Average 

10 Low Very High High 

11 Average Very Low Low 

12 Average Low Average 

13 Average Average Average 

14 Average High High 

15 Average Very High High 

16 High Very Low Average 

17 High Low Average 

18 High Average High 

19 High High High 

20 High Very High Very High 

21 Very High Very Low Average 

22 Very High Low Average 

23 Very High Average High 

24 Very High High Very High 

25 Very High Very High Very High 

 
If several rules are active for the same output membership 
function, then only one membership value is chosen. This 
process is called „fuzzy inference‟. Many researchers have 
developed techniques for fuzzy inference or fuzzy decision-
making such as Mamdani, Takagi-Sugeno, and Zadeh. The 
proposed method uses the Mamdani technique as shown in 
Equation 1 [12], [22]: 

µc(y)=max(min(µA(input(i), µB(input(j))))       (1) 
When one rule is active, then „AND‟ operation is applied 
between inputs. The smaller input value will be chosen and its 
membership value is determined as an output membership 
value for that rule. This method is repeated to determine the 
output membership value for each rule. To sum up, „AND‟ 
(min) operation is applied between inputs and „OR‟ (max) 
operations between output [23]. 
 
2.6 Defuzzification of Fuzzy Output 
Defuzzification is a process of converting the number obtained 
after the decision process to a crisp value. In this research, a 
centre of area (Centroid) technique was applied. The centroid 
technique is one of the common methods used in this 
research area [24] as shown in Equation 2. 

 

(2) 

 
3 RESULTS AND DISCUSSION 
In this paper, the proposed fuzzy expert system for student 
performance analysis has been implemented in MATLAB. The 
system was tested with the examination marks obtained by 20 
students. Table 7 shows the scores achieved by first year Civil 
Engineering students in the Faculty of Engineering, National 
University of Malaysia. For each student, all examination 
scores were fuzzified by means of trapezoidal membership 
functions. 
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Table 7. Scores of 20 Student with Simulation Result for 

Academic Performance 

Student 
Sem-
1 

Sem-
2 

Academic 
Value 

Knowledge 
Problem 
Solving 

Cognitive 
Value 

1 3.58 3.48 0.854 74 84 0.882 

2 3.35 3.45 0.835 63 69 0.652 

3 3.69 3.73 0.900 83 88 0.896 

4 3.10 2.75 0.775 80 76 0.783 

5 3.68 3.46 0.849 78 87 0.894 

6 2.83 2.63 0.686 74 77 0.786 

7 2.97 2.94 0.754 75 76 0.780 

8 2.38 2.48 0.623 78 70 0.645 

9 3.48 3.56 0.869 73 85 0.873 

10 2.70 2.44 0.652 67 73 0.714 

11 2.66 2.21 0.644 80 74 0.722 

12 2.99 2.58 0.768 79 71 0.651 

13 3.42 3.51 0.854 86 84 0.882 

14 3.36 3.37 0.826 77 84 0.879 

15 2.86 2.78 0.697 76 74 0.739 

16 2.86 2.64 0.697 74 78 0.794 

17 3.04 2.9 0.775 80 75 0.775 

18 3.19 3.26 0.805 71 84 0.849 

19 3.04 3.08 0.783 80 79 0.807 

20 2.81 2.72 0.679 76 73 0.711 

 
Fig. 9 shows the surface viewer for the evaluation of students‟ 
academic performance. Meanwhile, rule viewer of the 
proposed fuzzy expert system for academic performance 
evaluation is shown in Fig. 10. 
 
 
 
 
 
 
 
 
 
 
 

Fig. 9. Surface Viewer of Fuzzy Expert System 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Fig. 10. Rule Viewer of Fuzzy Expert System 

 

Fig. 11 displays the mapping of input and output variables to 
obtain the overall performance value. The overall performance 
value for 20 sample experiments was compared with a 
conventional cumulative grade point average method as 
shown in Table 8. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Fig. 11. Diagram with Input-Output Links 

 
Table 8. Comparison of Overall Performance Using Fuzzy 

Method and Conventional Method 

Student 
Academic 
Performance 

Personality 
Development 

Overall Performance 

Conventional 
Method 

Fuzzy 
Method 

1 0.875 0.891 3.53 3.77 

2 0.798 0.885 3.40 3.58 

3 0.900 0.900 3.71 3.88 

4 0.788 0.900 2.93 3.59 

5 0.891 0.894 3.57 3.83 

6 0.795 0.885 2.73 3.58 

7 0.782 0.794 2.96 2.98 

8 0.630 0.891 2.43 2.99 

9 0.866 0.900 3.52 3.78 

10 0.666 0.900 2.57 3.00 

11 0.677 0.850 2.44 2.92 

12 0.743 0.873 2.79 3.36 

13 0.875 0.782 3.47 3.71 

14 0.872 0.827 3.37 3.69 

15 0.703 0.782 2.82 2.76 

16 0.813 0.900 2.75 3.66 

17 0.771 0.879 2.97 3.52 

18 0.846 0.900 3.23 3.72 

19 0.828 0.900 3.06 3.68 

20 0.663 0.900 2.77 3.00 

 
The results showed that the fuzzy approach value was close to 
the results obtained by conventional cumulative grade point 
average (CGPA) per cohort for all samples; however, the 
accuracy was more reliable. It was also seen that there was a 
difference between academic performance and personality 
development value for each student, whereby the traits are 
strong and weak. The reason behind the high or low grade of 
students can be identified, in terms of whether he/she is weak 
in academic or in personality development. If a student is 
weak in academic, is it because of their lack of knowledge or 
their lack in problem-solving skill. For example, 4th student 



INTERNATIONAL JOURNAL OF SCIENTIFIC & TECHNOLOGY RESEARCH VOLUME 10, ISSUE 01, JANUARY 2021      ISSN 2277-8616 

327 
IJSTR©2021 
www.ijstr.org 

who obtained a CGPA of 2.93 in his/her first year of study is 
considered less successful in the conventional method, but is 
successful in the fuzzy expert system. Although he/she 
received a low mark in academic performance, his/her 
personality development was excellent. 

 
4 CONCLUSION 
The proposed fuzzy expert system clearly helps the process of 
investigating and analysing student performance. This process 
is important for higher education institutions to ensure that 
students can overcome the challenges in current competitive 
environment by identifying their deficiencies and advantages. 
Educators who understand their students‟ deficiencies will be 
most successful in helping students to learn their own 
responsibilities. Other than that, knowledge about student 
performance will enable educators to refine lectures, class 
discussions, activities, and assessment so that they 
experience more effective learning. After all, a good education 
that meets the needs of the industry and society is a stepping 
stone for students to pursue high-quality careers. This paper 
shows that fuzzy logic has great flexibility and provides an 
additional advantage of allocating different weightages to each 
attribute according to the needs and requirements of the 
education institution. Further refinement of fuzzy rules and 
membership function can be done to optimise the result of 
fuzzy controllers. In future, the use of fuzzy C-Means 
clustering algorithm for student performance evaluation can be 
explored because of its capabilities to generate membership 
function automatically. The proposed method can also be 
modified and used to evaluate the performance of employees, 
faculty, and others. 
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