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ABSTRACT
The increasing demand for adaptive and personalized learning in programming education necessitates the development of intelligent systems capable of addressing learners’ diverse cognitive needs and performance variability. This study proposes a Personalized Feedback System (PFS) grounded in a Mamdani-type fuzzy rule-based system (FRBS) as a core framework for intelligent tutoring. The proposed framework integrates learner modelling, data pre-processing, fuzzy inference, and adaptive feedback generation within a multi-layered architecture designed to support dynamic and individualized learning experiences. At the core of the framework, learner performance indicators—such as accuracy, response time, and error patterns—are transformed into linguistic variables and processed through a fuzzy inference engine to handle uncertainty and imprecision in student behavior. The system employs a structured rule base to generate context-aware feedback, which is subsequently delivered through an intelligent tutoring mechanism that adapts instructional strategies and task difficulty in real time. A continuous feedback loop enables the system to update the learner model, thereby enhancing personalization over successive learning interactions. The proposed PFS framework is implemented within a programming learning environment and evaluated using a combination of user experience measures, learning performance outcomes, and engagement metrics. The results indicate that the system effectively improves learner engagement, supports deeper conceptual understanding, and enhances overall learning performance compared to conventional feedback approaches. This study contributes to the field of educational technology by presenting a theoretically grounded and empirically validated framework that demonstrates the potential of fuzzy logic–driven systems to advance personalized learning and intelligent tutoring in programming education.
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INTRODUCTION

Advancements in computer technology and artificial intelligence have created numerous spaces and opportunities for educators to enhance their teaching and learning processes. The availability of web-based learning facilities allows for course delivery to a large number of students, addresses issues related to the distribution of notes or software, and makes learning more flexible (Maghsudi et al., 2021). However, some challenges or barriers arise, such as students feeling isolated or receiving inadequate guidance. This occurs because communication from educators has increased, while individual student needs, particularly in terms of specific feedback, are often overlooked.

The intelligent tutoring system environment leads to a change in the roles of students and educators, emphasizing a student-centered approach (Kerimbayev, et al., 2023). This means that students need to know how to actively acquire knowledge to meet their learning targets or goals. Educators only serve as facilitators, helping and guiding them to achieve their learning objectives. Given the broad role of educators—monitoring and understanding each problem faced by students while guiding and assisting them—this is a very heavy task. Therefore, based on existing technological advancements available for developing most educational software, researchers believe that using artificial intelligence (AI) approaches can help enhance the role of educators in assisting students in addressing their problems, particularly in providing specific feedback to each student.

Only a few learning systems are effectively used in the educational context. One major issue faced is the less effective interactive environment for all students (Zulaikha, et al., 2021). Currently, studies on student modeling have been conducted to ensure it meets the needs of every individual student (fulfilling the needs of all students). An example of a system that uses an interactive environment is SMITHTOWN (Shute et al., 2007; Narciss & Huth, 2004), which employs a simple student model and basic expert systems. However, developing a dynamic student model presents a significant challenge for researchers because it is too complex and difficult within computer-based learning environments.

Although many educational software or applications have been developed to support learning—whether interactive or static like SMITHTOWN, WebCT, Blackboard, CentraOne, etc, but in research or in practice, the integration of dynamic feedback into complex learning settings, such as digital game-based programming learning, remains limited (Mao et al, 2024). Most focus primarily on the content but fail to recognize that feedback significantly influences student achievement (Hatie & Timperley, 2007; Bangert-Drowns et al., 1991). Therefore, this proposed learning software will differ in its emphasis by focusing on diverse feedback while integrating fuzzy logic—Mamdani type FRBS (Fatemeh & Masoud, 2019; Zadeh, 1994) as an engine for generating that feedback.


PFS FRAMEWORK

Figure 1 shows the design of the PFS. There are three main components: the student model, the expert model, and feedback generation. The student model includes existing knowledge and learning objectives, where all inputs related to the end user are processed. The expert model consists of inputs from experts to form tips and membership functions, as well as a question bank. Meanwhile, the feedback generation section explains the process of generating feedback using algorithms specifically developed for personalized feedback generation.

The PFS is designed with three main components:
Student Model: This component captures existing knowledge and learning objectives, serving as the primary input related to the end user (the student). It helps in understanding the student's current capabilities and goals.
Expert Model: This section incorporates inputs from experts to create tips, define membership functions, and develop a question bank. This model ensures that the feedback provided is grounded in expert knowledge and tailored to student needs.
Feedback Model: This part outlines the process of generating feedback using algorithms specifically developed for personalized feedback. It utilizes fuzzy logic principles to adaptively respond to student inputs, ensuring that feedback is relevant and constructive.
This architecture aims to enhance personalized learning experiences by providing tailored feedback that addresses individual student needs through a structured and adaptive approach.
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Figure 1: The architecture of the PFS
PERSONALIZED FEEDBACK BASED ON FUZZY LOGIC- MAMDANI TYPE FRBS

The PFS is a constructivist learning environment where students are actively guided, and scaffolding is provided. In this system, emphasis is placed on two aspects of feedback: the type of feedback given (referring to the information contained in the feedback) and the aspect of scaffolding (the assistance provided).

The types of feedback used in this study are based on frameworks established by [9, 10, 11, 12]. There are five types of feedback considered in the study, as shown in Table 1. The feedback provided depends on prior knowledge, learning objectives, question difficulty, answer categories, and the time allocated to answer questions.

Explanation of Feedback Types
i. Knowledge of Response (KR): This type provides confirmation for each question item without additional information.
ii. Answer Until Correct (AUC): Students are allowed to repeatedly answer the same question until they provide the correct response.
iii. Knowledge of Correct Response (KCR): Feedback includes correct answers for each question item, enhancing learning by indicating what was right.
iv. Error Flagging: This feedback highlights where mistakes were made, helping students identify specific errors in their responses.
v. Elaborative: This type focuses on key concepts or examples related to the questions, providing deeper insights into the material.

Table 1: Feedback types used in PFS

	Type of Feedback
	Action
	Notes

	
	Confirmation
	Answer Given
	Response Analysis
	

	Knowledge of Response (KR)
	Yes
	No
	No
	Confirmation for each item questions

	Answer Until Correct (AUC)
	Yes
	No
	No
	Repetition of answering for the same question 

	Knowledge of Correct Response (KCR)
	Yes
	Yes
	No
	Answers will be provided for each item questions

	Error Flagging
	Yes
	No
	Yes
	Indicates the position of errors made

	Elaborative
	Yes
	Yes
	No
	Focus on keyword or relevant examples



The PFS is designed to offer personalized feedback that varies according to individual student needs based on their prior knowledge, learning objectives, question difficulty, answer categories, and response time. By utilizing fuzzy logic as an engine for decision-making, the system can effectively adapt feedback to enhance learning outcomes.

Table 2: Level of information in Feedback (T) and scaffolding based on student’s answer

	Level 
	Incorrect Answers
	Correct Answers

	T1
	· Allow students to attempt to answer (AUC – Answer Until Correct).
· If the answer is correct, move to a higher difficulty level of question (new question); if not, move to T2.
	· Confirmation (Simply informs that the provided answer is correct).
· Move to a higher difficulty level.

	T2
	· Show example answers that are similar to the answered question – Elaborative example and error flagging. Allow students to attempt to answer (AUC).
· If the answer is correct, move to a higher difficulty level of question; if not, move to T3.
	· Confirmation (Simply informs that the provided answer is correct).
· Move to a higher difficulty level of question.

	T3
	· Explain the concepts needed to answer the question – Elaborative concepts and error flagging.  Allow students to attempt to answer (AUC).
· If the answer is correct, remain at the same difficulty level of question until the next question can be answered correctly; if not, move to T4.
	· Confirmation and explanation of the correct answer.
· Move to a higher difficulty level of question.

	T4
	· Explain the answer that should be obtained – KCR (Knowledge of Correct Response) and error flagging.
· Move to a lower difficulty level of question or remain at the same level.
	· Confirmation and explanation of the correct answer.
· Move to a higher difficulty level of question.

	T5
	· Explain the answer that should be obtained – KCR and error flagging.
· Move to a lower difficulty level of question or remain at the same level.
	· Confirmation and explanation of the concept of the correct answer.
· Remain at the same position until able to answer the next question correctly.
· If the answer is correct then completed, if not then move to next question (the same level)



For Level 1 (T1), the feedback provided to students who are proficient and considered to have a high level of mastery contains the least relevant information. Meanwhile, Level 5 (T5) is assumed to be difficult for a student, requiring more information such as examples or concepts that need to be mastered.

Feedback at Level 5 (PFbT5) indicates that the system assumes the question is difficult for some students; therefore, these students require more detailed feedback information, such as Knowledge of Correct Response (KCR), to guide them in improving or reinforcing their knowledge. If the provided answer is correct, the student will be given the next question, either at the same level or at a lower difficulty level.

The formation of levels in the PFS, as shown in Table 3, is based on the variables of question difficulty, answer categories, and the time taken to answer the questions. After a student answers a question, they require feedback determined based on these three variables. Table 3 shows the overall relationship in the form of fuzzy rules. These fuzzy rules are closely related to how an expert makes decisions in varying situations. For example, when an expert grades answers for questions of easy difficulty, they typically provide only confirmation feedback. If a student does not answer correctly, the expert will give them another chance and guide them on how to solve that question. Meanwhile, Figure 3 illustrates the fuzzy membership function for PFS, which functions similarly to other membership functions and will be explained in subsequent processes (fuzzy inference system process).

Table 3:  Fuzzy rules for Personalized feedback

	Time (T)
	Difficulty level of question (D)
	Answer Category

	
	
	Incorrect
	Correct

	Minimum
	Easy
	PFsT1
	PFbT1

	
	Medium
	PFsT2
	PFbT2

	
	Complex
	PFsT3
	PFbT3

	Optimal
	Easy
	PFsT2
	PFbT2

	
	Medium
	PFsT3
	PFbT3

	
	Complex
	PFsT4
	PFbT4

	Maximum
	Easy
	PFsT3
	PFbT3

	
	Medium
	PFsT4
	PFbT4

	
	Complex
	PFsT5
	PFbT5
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Figure 3: Fuzzy Membership Function for PFS

FUZZY INFERENCE SYSTEM (FUZZIFICATION PROCESS, FUZZY REASONING, AND DEFUZZIFICATION) IN FEEDBACK GENERATION

Figure 4 illustrates the processes implemented in a fuzzy inference system, which includes the fuzzification process, fuzzy reasoning, and defuzzification. This depicts the structure of how information flows from left to right. In a fuzzy logic system, the simultaneous evaluation (parallel) of rules is an important aspect. It is the process of matching any rules that are most appropriate.

Rule 1 : IF Time = Minimum and the Difficulty Level of the Question is Easy and the Answer is Incorrect THEN the Feedback Level is T1.
Input 1
Difficulty level of question
Input 2
Answer categories
Input 3
Time
.
.
.
Rule n : IF Time = Optimal and the Difficulty Level of the Question is Hard and the Answer is Correct THEN the Feedback Level is T5.


Output:
Personalized Feedback 












Input in crisp (not fuzzy) numbers is based on a specific range
All rules will be evaluated in parallel (simultaneously) using fuzzy reasoning
All results from the rules will be combine and defuzzification
The result or output is in the form of number (not fuzzy)





Figure 4:  Proses fuzzy inference – Mamdani FRBS-type

CONCLUSION

The PFS consists of three main components: The Student Model, the Expert Model, and Feedback Generation. The Student Model captures existing knowledge and learning objectives, while the Expert Model incorporates expert inputs to create tips, define membership functions, and develop a question bank. The Feedback Generation section employs algorithms to provide personalized feedback based on student interactions.

The system emphasizes two key aspects of feedback: the type of feedback provided and the scaffolding assistance offered to students. Five types of feedback are identified: Knowledge of Response (KR), Answer Until Correct (AUC), Knowledge of Correct Response (KCR), Error Flagging, and Elaborative feedback. The feedback is tailored according to various parameters, including prior knowledge, learning objectives, question difficulty, answer categories, and response time. 

The PFS represents a significant advancement in personalized education by leveraging fuzzy logic to adaptively respond to individual student needs. By structuring feedback according to varying levels of understanding and difficulty, the system fosters a more effective learning environment where students receive relevant and constructive guidance tailored to their specific challenges. This approach not only enhances learning outcomes but also empowers students by providing them with the necessary support to improve their knowledge and skills progressively. The integration of expert knowledge into the system ensures that the feedback is grounded in established educational principles, making it a robust tool for enhancing student learning experiences.
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