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Abstract—Personalized approaches and tailored support have
become increasingly significant in the field of online education,
aiming to enhance the overall learning experiences of learners.
This paper introduces a novel approach for addressing
challenges in providing tailored support by utilizing chatbot
technology and the flexibility of fuzzy logic. The chatbot is
responsible for delivering precise and tailored responses to
learners, considering their input, typically in text form. This is
accomplished through the utilization of a rule-based system that
is capable of generating accurate answers according to
predefined criteria. To augment this support, fuzzy logic is
employed for modeling the learners' knowledge, thereby
enhancing the chatbot's proficiency in accurately evaluating and
responding to inquiries. Consequently, the provision of assistance
can be tailored to the specific knowledge level of learners, aiding
them in achieving their educational goals. This methodology is
incorporated in an intelligent tutoring system designed to provide
tutoring for the programming language Java. The evaluation
findings demonstrated the effectiveness of our approach in
delivering personalized assistance through a chatbot. The results
indicated that the chatbot's responses were highly rated in terms
of clarity, relevance, and usefulness. Additionally, the system was
found to effectively address learners' needs with quality and
adequacy.

Keywords—intelligent tutoring systems; intelligent agents;
personalized assistance; distance learning; chatbot; fuzzy logic;
rule-based system.

[. INTRODUCTION

In the realm of e-learning, personalized strategies and
individualized assistance have gained considerable importance
as effective strategies for enhancing learners' educational
experiences [1,2]. Learners can greatly benefit from tailored
support that caters to their specific needs and preferences. One
effective approach to achieving personalized assistance is
through the utilization of chatbots, which offer real-time
guidance and support [3].

Chatbots have emerged as promising tools for delivering
personalized support in education due to their accessibility,
responsiveness, and adaptability. However, challenges exist in
accurately  understanding learner queries, generating
appropriate responses, and adapting to changing learning

979-8-3503-2771-7/23/$31.00 ©2023 IEEE

contexts [4]. Engaging learners and maintaining motivation
throughout the learning process are also critical for the success
of chatbot-based assistance.

To ensure personalized assistance, it is essential to take into
account the unique characteristics of learners, including their
knowledge level. Various intelligent techniques have been
employed to model learners’ knowledge, enabling a deeper
understanding of their individual capabilities and needs. One
prevalent technique in this regard is fuzzy logic, which has
been widely utilized in numerous systems [5]. Fuzzy logic
proves valuable in this context due to its ability to represent
and analyze uncertain and imprecise information effectively.
By leveraging the power of fuzzy logic, systems can capture
the nuanced nature of learners' knowledge, leading to more
accurate and tailored support in educational settings [5,6].

Analyzing the related literature, there has been substantial
research conducted on the topic of chatbots in educational
settings and the utilization of fuzzy logic for modeling learners'
knowledge. The integration of chatbots in education has gained
significant attention due to their potential to provide
personalized and adaptive learning experiences. These
intelligent conversational agents have been explored as tools
for delivering educational content [7-9], facilitating learner
engagement [10-12], offering personalized assistance [13-15],
evaluating learners’ knowledge [16-18]. Also, fuzzy logic has
emerged as a powerful approach for modeling learners'
knowledge, particularly due to its ability to handle uncertainty
and imprecision inherent in educational contexts. Researchers
have investigated the effectiveness of fuzzy logic in capturing
the complex and dynamic nature of learners' knowledge,
allowing for more accurate assessments, personalized
recommendations, and targeted interventions [19-24].

In view of the above, this paper presents a novel approach
for personalized learner assistance through the dynamic
adaptation of a chatbot using fuzzy logic knowledge modeling.
The paper aims to address the challenges in providing tailored
support and assistance to learners by leveraging the capabilities
of chatbot technology and the flexibility of fuzzy logic. The
proposed framework incorporates a two-layer rule-based
system that allows the chatbot to deliver adequate responses.
By considering learners’ knowledge level, the chatbot can
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provide customized explanations, examples and resources that
align with the learner’s specific needs through the use of fuzzy
logic. The utilization of fuzzy logic enables the modeling of
uncertain cases, enhancing the chatbot's ability to accurately
assess and respond to learners' queries and requests. This
approach has been incorporated in an intelligent tutoring
system for learning the programming language Java. The
subject matter encompasses introductory as well as advanced
concepts in Java programming.

II. LEARNERS’ KNOWLEDGE MODELING USING Fuzzy LOoGIC

The provision of student assistance necessitates the
consideration of their knowledge level, which, in itself, is not a
straightforward task and is accompanied by uncertainty. For
example, a student with a score of 7/10 cannot be definitively
classified as either good or very good, as both classifications
hold a certain degree of truth. To address this issue, fuzzy logic
emerges as a viable solution. Within this framework, three
fuzzy weights, namely Novice (N), Intermediate (I), and Expert
(E), have been defined to denote the knowledge level of
students in learning the Java programming language. Each
fuzzy weight is represented by trapezoidal membership
functions, characterized by four boundary values (ai, az, a3, as).
The membership degree increases from 0 to 1 between a; and
ap, remains at 1 between a, and a3, and then decreases from 1 to
0 between as and as. The selection of trapezoidal membership
functions stems from the fact that within each knowledge level
category, there exists an interval (between a, and a3) where
students’ scores fully align with the corresponding category.

TABLE L Fuzzy WEIGHTS.
Knowledge Level
Membership Function | Interval
Novice (N)
[ 1 x =3
| x—3
Iu,T,(_r]=a;I_— > T=x=3 0,0,3,5)
L 0 =35
Intermediate (I)
x =3
3 3=<x<=3
1 “x=
wm=4 L., °>=¥=7 (3,5.7.8)
1- 1 T=x=8
0 x=<3orx=>=8
Expert (E)
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Fig. 1. Fuzzy weights.

Based on the aforementioned considerations, the three
fuzzy weights have been employed to represent the current
knowledge level of students in the specific domain of Java
programming. These fuzzy weights are assigned values ranging
from 0 to 1, with a value of 1 indicating complete mastery and
familiarity with the domain. Consequently, the cumulative
value of the divided fuzzy sets represents the knowledge level
of a learner in the domain, and the equation pun(x) + p(x) +
pe(x) = 1 holds true.

To establish the fuzzy weights and determine the thresholds
for their membership functions, a group of 15 faculty members
specializing in computer programming tutoring from public
universities participated in the process. These experienced
faculty members, with over 10 years of experience in teaching
programming languages at the university level, provided
descriptive definitions of learners' knowledge levels in the
context of learning Java. They also specified the success
thresholds corresponding to each knowledge level. By
leveraging their expertise, the faculty members ensured an
accurate portrayal of students' knowledge levels, thereby
minimizing any potential errors.

III. DYNAMIC ADAPTATION OF CHATBOT

The chatbot is responsible for providing specific and
accurate answer to learners based on their input, which can be
in text format. This is achieved using a rule-based system that
is able to provide accurate responses based on predefined
criteria. The rule-based system of the chatbot employs a two-
layer approach. The first layer consists of generic rules, while
the second layer consists of rules that are tailored to each
category of learners.

The general rule set serves as the starting filter for all
learner types at the first layer. These rules are made to
accommodate various types of inquiries and to deal with
frequent ones. For instance, it contains rules that address
factual issues, seek for clarity on ideas, offer instances or
illustrations, and provide more resources or material. These
guidelines form the chatbot's knowledge base and give it the
flexibility to respond to a variety of learner queries, as shown
in the following rules:

e Rulel:

o Condition: If a factual question is posed by
the learner.
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o Action: If the query includes the terms
“What”, “Who”, or "When”, give a brief and
factual response from the knowledge source.

e Rule2:

o Condition: If a learner wants further

information on a concept.

o Action: If the query contains terms that
indicate misunderstanding or confusion, give
a brief clarification or more examples to help
the reader comprehend.

e Rule3:

o Condition: If the learner requests examples
or illustrations.

o Action: If the query contains keywords like
“Example” or “Illustration”, provide relevant
examples or visual aids to enhance
understanding.

e Rule 4:

o Condition: If a learner indicates that they
favor a particular learning style

o Action: If a learner says that s/he is a visual
learner, include diagrams, charts, or pictures
to illustrate the points.

o Action: Break down complex concepts into
logical steps if the learner is more
comfortable with step-by-step instructions.

e Rule5:

o Condition: If the learner requests further
sources or references

o Action: If aquery includes terms like
“Reference” or “Further Reading”, give
some suggested resources, such as books,
articles or online materials.

The chatbot contains more precise rules that are adapted to
each learner category (novice, intermediate, and expert) in the
second layer. These guidelines consider the diverse degrees of
knowledge and expertise displayed by students in several areas.
For instance, rules tailored to beginners are intended to cover
core ideas, offer clearer explanations, and provide step-by-step
guidance for simple programming jobs. Intermediate-specific
rules concentrate on increasingly complex linguistic elements,
industry standards, and problem-solving techniques that are
pertinent to learners in that group. The advanced themes,
optimization strategies, and project-related queries that are
specific to learners with a greater level of experience are
covered by expert-specific rules. The second layer of
predefined rules encompasses different approaches based on
the proficiency levels of learners.

For Novice learners, the chatbot focuses on simplifying
explanations, providing step-by-step guidance, and offering
basic examples. It aims to use clear language, avoid complex
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technical terms, break down tasks into manageable steps, and
emphasize fundamental concepts.

Intermediate learners receive assistance that builds upon
their foundational knowledge. The chatbot acknowledges their
existing understanding and introduces more advanced
concepts, techniques, and best practices. It also provides
suggestions for code optimization, efficient coding patterns,
and debugging strategies to enhance their skills.

Expert learners engage in discussions about advanced
topics, including cutting-edge techniques, emerging trends, and
critical analysis. The chatbot encourages them to think
critically, explore new ideas, and stay updated with the latest
advancements in the field. Additionally, it assists them in
finding and comprehending research papers, academic
resources, and industry-specific case studies.

Given the aforementioned considerations, in situations
where both novice and expert users pose the same question, the
chatbot demonstrates its ability to adapt its response based on
the learner's category. This adaptive feature enables the chatbot
to tailor its answer to suit the specific knowledge level and
requirements of each learner. For example, let’s assume that a
novice and an expert user types “Tell me how I can iterate over
an array.” The chatbot will give the following responses:

e To the novice learner: “You can iterate over an array
using for loop.”, followed by the corresponding code
in Java.

e To the expert learner: “Depending on your objectives
and coding preferences, there are several techniques
you can investigate when it comes to iterating over an
array in Java. In addition to the conventional for loop
and for-each loop, you might also take into account
more sophisticated strategies like utilizing the Iterator
interface or Java 8's Stream API for more functional
programming  techniques. To improve your
comprehension of array iteration in Java, it is advised
that you investigate these ideas in more detail.”,
followed by the corresponding code in Java.

IV. EVALUATION

The evaluation was carried out within the informatics
conversion course at a public university located in the capital
city, within the authors’ department. The sample for the
evaluation comprised 70 postgraduate students who were
enrolled in the mandatory Java programming course. All the
students belonged to the first year of studies and had similar
age and educational backgrounds. The evaluation process
spanned an entire semester. It is worth noting that the course
was conducted online and synchronously, and the students
relied on the system throughout this period to support their
learning. The students displayed a high level of interest in
using the system and received support from lecturers whenever
required.

To ensure a rigorous evaluation process, the lecturers
divided the students into two equally sized groups (Groups A
and B), with 35 students in each group. The division of
students into groups was carried out meticulously by the
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lecturers, taking into consideration their individual
characteristics in order to maintain the quality of the
evaluation. During the initial evaluation phase, all students
from Groups A and B were provided with a questionnaire at
the end of the academic semester to assess the system. The
questionnaire consisted of five questions that evaluated
different dimensions, as presented in Table II.

TABLE IL QUESTIONS

Scale

Dimension (D)

Question (Q)

Clarity of
Responses (D1)

Rate the clarity of the explanations
provided by the chatbot. (Q1)

Relevance of
Responses (D2)

Rate the relevance of the chatbot's
responses to your needs. (Q2)

Rate the usefulness of the chatbot's

Usefulness of .
responses to your learning needs.

Responses (D3) Q3)
To what extent did the chatbot 15(1((1)1‘.:%}2:)0
Personalized provide personalized assistance &
Assistance (D4) tailored to your individual needs?
Q4
ﬁgz(rl:;;z;f Were your specific questions or
.. concerns resolved satisfactorily by
Individual Needs the chatbot? (QS3)
(D5) i

Regarding D1 (Fig. 2), the students' responses exhibit a
significantly high rating, indicating a strong positive
experience regarding the clarity of the explanations provided.
Moreover, when analyzing D2, the students’ assessments
highlight a substantial correlation between the chatbot’s
responses and their specific needs, demonstrating a high level
of relevance. In terms of D3, the students’ feedback
emphasizes the substantial utility of the chatbot’s responses in
addressing their individual learning needs. Moving on to D4,
the students report a statistically significant level of
personalized assistance provided by the chatbot, specifically
tailored to their unique requirements. Finally, when evaluating
D5, the students affirm that their specific questions and
concerns were resolved satisfactorily by the chatbot, with a
high level of confidence. These findings provide strong
statistical evidence to support the conclusion that the chatbot
consistently performs at a high level across all evaluated
dimensions, thereby significantly enhancing the students'
overall learning experience.

Q1 Q2 a3 Q

2 .1

100,00%
80,00%
60,00%
40,00%
20,00%
0,00%
4 Qs
m5 m4 m3

Fig. 2. Learners’ responses.
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To further investigate the impact of the presented system on
students regarding the Usefulness of Chatbot's Responses and
Personalized Assistance, a statistical hypothesis test (t-test) was
conducted. The test compared the performance of the presented
system (Group A) with its conventional version (Group B).
The conventional version of the chatbot shared the same
interface and utilized the same rule-based approach, lacking the
incorporation of fuzzy logic for personalized learner assistance.
The t-test was specifically applied to questions Q3 and Q4,
which focused on assessing these aspects (Table III).

TABLE III. T-TEST RESULTS.
Q3 Q4
Group A| Group B | Group A | Group B
4,742 | 2,54285 | 4,68571
Mean 857 7 4 2
0,196 | 0,25546 | 0,22184 | 0,35294
Variance 639 2 9 1
Observations 35 35 35 35
Pooled 0,226 0,28739
Variance 05 5
Hypothesized
Mean
Difference 0 0
df 68 68
19,35 20,9574
t Stat 704 9
P(T<=t) one- | 1,14E-
tail 29 1,1E-31
P(T<=t) two- | 2,27E-
tail 29 2,2E-31

Based on the aforementioned findings, it can be deduced
that there is a statistically significant distinction between the
means of the two groups regarding Q3 and Q4. Specifically, it
was observed that our software, utilized by Group A, exhibited
substantial performance concerning the usefulness of the
chatbot’s responses to students’ learning needs compared to the
conventional version used by Group B (Q3: t Stat~ 193,
p<0.05). Moreover, there was a significant difference in the
personalization of chatbot’s assistance tailored to students’
individual needs between Group A (Mean~ 4,68, Variance~
0.22) and Group B (Mean= 2, Variance~ 0,35), where t Stat~
12.18, p= 2.47x1072!,

V. CONCLUSIONS

In this paper, we explored the application of personalized
learner assistance through dynamic adaptation of a chatbot
using fuzzy logic knowledge modeling. The system utilizes
fuzzy logic knowledge modeling to provide tailored
recommendations and assistance to learners through the
chatbot using a rule-based approach. Our findings demonstrate
that the incorporation of fuzzy logic knowledge modeling in
the chatbot system leads to positive results in terms of learner
assistance.

In our future research, we plan to incorporate machine
learning techniques into the chatbot system. This integration
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will enable us to explore how such algorithms can enhance the
system’s adaptability and overall performance.
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