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Abstract: - The Intelligent Assisted Learning System for Higher Education Students is an innovative educational platform designed to
enhance the learning experience for college and university students. Leveraging artificial intelligence, machine learning, and data analytics,
this system provides personalized learning pathways, adaptive tutoring, and real-time feedback to students based on their learning styles,
preferences, and performance. By analyzing student interactions, engagement levels, and academic progress, the system dynamically adjusts
course materials, assignments, and assessments to optimize learning outcomes. This paper explores the integration of Cooperative User
Knowledge Modelling (CUKN) into Intelligent Assisted Learning Systems (IALS) tailored for higher education. Through a systematic
investigation of CUKN's role within IALS, we elucidate its potential to enhance personalized learning experiences for students. By
leveraging user data, collaborative filtering techniques, and adaptive learning strategies, CUKN empowers IALS to dynamically tailor
content recommendations, learning paths, and collaborative tools to individual student needs, preferences, and proficiency levels.
Simulation results suggest significant improvements in student engagement and performance, with metrics such as a 30% increase in
learning efficacy and an 85% satisfaction rate with feedback mechanisms. While promising, challenges remain in refining algorithms and
ensuring seamless integration into educational practices.
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1. Introduction

An Intelligent Assisted Learning System (IALS) is a sophisticated educational tool that leverages artificial
intelligence (Al) to enhance the learning experience[1]. It utilizes algorithms to analyze a student's learning
patterns, preferences, strengths, and weaknesses. By collecting data from various interactions such as quizzes,
exercises, and even behavior within the system, the IALS tailors the learning content and pace to suit individual
needs[2]. It can offer personalized recommendations for study materials, adapt the difficulty level of exercises in
real-time, and provide immediate feedback on performance[3]. Moreover, IALS often incorporates interactive
elements like simulations, virtual labs, and multimedia resources to engage learners more effectively. This
holistic approach not only fosters deeper understanding and retention of concepts but also promotes self-directed
learning skills. Additionally, educators can use the system to track students' progress, identify areas that need
improvement, and intervene when necessary, thus facilitating a more efficient and adaptive learning process[4].
An Intelligent Assisted Learning System (IALS) designed for higher education students is a cutting-edge tool
tailored to meet the specific demands of advanced learning environments. Incorporating artificial intelligence
(Al) algorithms, it functions as a personalized mentor, guiding students through their academic journey with
tailored support and resources[5]. These systems analyze individual learning styles, past performance, and
educational goals to deliver customized learning pathways. For higher education students, this means access to a
diverse range of learning materials, including interactive simulations, multimedia resources, and real-world case
studies, all curated to enhance comprehension and critical thinking skills[6]. Moreover, IALS platforms often
provide instant feedback on assignments and assessments, enabling students to track their progress and address
areas of weakness promptly. By fostering self-directed learning and adaptability, these systems empower
students to take ownership of their education and excel in their chosen fields. Additionally, educators can utilize
IALS data to identify trends, refine curriculum design, and provide targeted support to students, thereby
optimizing the learning experience for all stakeholders[7].

Intelligent Assisted Learning Systems for higher education offer a transformative approach to learning,
equipping students with the tools they need to thrive in today's complex academic landscape. In higher
education, where the learning landscape is often diverse and complex, Intelligent Assisted Learning Systems
(IALS) play a crucial role in providing tailored support to students navigating their academic pursuits[8]. These
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systems leverage advanced Al algorithms to deeply understand each student's unique learning profile,
encompassing factors such as preferred learning modalities, cognitive strengths and weaknesses, as well as their
individual pace of learning[9]. One of the key features of IALS for higher education students is the ability to
offer a diverse array of learning materials and resources that cater to various learning styles and preferences. For
instance, visual learners may benefit from interactive multimedia presentations, while kinesthetic learners might
engage more effectively with hands-on simulations or virtual laboratories. By delivering content in formats that
resonate with each student, IALS enhances comprehension and retention of complex concepts, fostering a
deeper understanding of the subject matter.

IALS platforms provide students with opportunities for continuous assessment and feedback, enabling them to
gauge their understanding of the material and track their progress over time[10]. Immediate feedback on
assignments, quizzes, and assessments allows students to identify areas where they may need further
clarification or practice, empowering them to take proactive steps towards improvement. Additionally, 1ALS
facilitates personalized learning pathways, guiding students through a curated sequence of topics and activities
that align with their academic goals and aspirations[11]. Whether it's exploring advanced topics within their
field of study or remedial exercises to strengthen foundational knowledge, these systems adapt in real-time to
meet the evolving needs of each student. IALS platforms serve as valuable tools for educators, providing
insights into student learning behaviors, performance trends, and areas of difficulty. By analyzing data generated
within the system, instructors can make informed decisions about instructional strategies, curriculum design,
and intervention strategies, ultimately enhancing the overall learning experience for students[12]. In essence,
Intelligent Assisted Learning Systems for higher education empower students to take ownership of their learning
journey, offering personalized support, resources, and feedback to help them succeed in their academic
endeavors[13]. By harnessing the power of Al to tailor the learning experience to individual needs, IALS
represents a transformative approach to education in the digital age.

The contribution of this paper lies in its comprehensive exploration of Cooperative User Knowledge Modelling
(CUKN) within Intelligent Assisted Learning Systems (IALS) tailored for higher education. By synthesizing
existing research and conducting in-depth analyses, the paper elucidates the transformative potential of CUKN
in revolutionizing personalized learning experiences. Through simulation results and theoretical discussions, it
highlights the efficacy of CUKN-driven IALS in dynamically adapting content recommendations, learning
paths, and collaborative tools to individual student needs and preferences. Furthermore, the paper sheds light on
the challenges and opportunities associated with integrating CUKN into educational practices, paving the way
for future research and development in this domain.

2. Related Works

In exploring the landscape of Intelligent Assisted Learning Systems (IALS), it is essential to examine the
existing body of related works that have contributed to the development and understanding of this innovative
educational technology. Over the past decade, research in the fields of artificial intelligence, machine learning,
and educational psychology has paved the way for the emergence of sophisticated IALS platforms designed to
enhance the learning experience for students across various educational levels. This review aims to delve into
the key findings, methodologies, and advancements in 1ALS, encompassing both theoretical frameworks and
practical implementations. In the field of Intelligent Assisted Learning Systems (IALS) presents a
comprehensive landscape of research and innovation aimed at leveraging artificial intelligence (Al) to enhance
higher education. Escotet (2023) discusses the optimistic future of Al in higher education, highlighting its
potential to transform teaching and learning processes. In contrast, Alam and Mohanty (2022) question the
implications of Al for human identity in education, raising concerns about 'misplaced optimism'. Chu et al.
(2022) conduct a systematic review of the roles and research trends of Al in higher education, shedding light on
the most cited articles in the field. Rangel-de Lazaro and Duart (2023) explore the use of extended reality and Al
technologies for online higher education, emphasizing their potential to enhance learning experiences.
Crompton and Burke (2023) provide an overview of the state of the field of Al in higher education, while Chen
et al. (2023) focus on the design of Al student assistants, particularly chatbots, to support student success.
Hooda et al. (2022) investigate the application of Al for assessment and feedback to enhance student success,
offering insights into its potential impact.
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Chaka (2023) reviews applications, prospects, and challenges of Al, robotics, and blockchain in higher
education within the context of the fourth industrial revolution. Haderer and Ciolacu (2022) propose an Al-
assisted task and time planning system as part of Education 4.0, highlighting its potential to optimize learning
experiences. Abgaryan et al. (2023) discuss revolutionary changes in higher education driven by Al, while
Bucea-Manea-Tonis et al. (2022) explore the potential of Al to enhance learning environments in Romania and
Serbia. Essel et al. (2022) investigate the impact of virtual teaching assistants, or chatbots, on students' learning
experiences in Ghanaian higher education. Alsobhi et al. (2023) conduct a systematic literature review on
blockchain-based micro-credentialing systems in higher education institutions. Algahtani et al. (2023) examine
the emergent role of Al, natural language processing, and large language models in higher education and
research. du Boulay (2022) addresses ethical considerations surrounding Al in education. Zhai and Wibowo
(2023) conduct a systematic review on Al dialogue systems for enhancing English as a foreign language
students' interactional competence. Rudolph et al. (2023) explore the potential of ChatGPT in higher education
assessments, while Chaudhry et al. (2023) advocate for revisiting student performance evaluation approaches in
light of ChatGPT.

Intelligent Assisted Learning Systems (IALS) in higher education reflects a dynamic landscape of research and
innovation fueled by artificial intelligence (Al). Scholars explore the transformative potential of Al in reshaping
teaching and learning paradigms, highlighting opportunities to enhance student success while also raising ethical
and practical concerns. Through systematic reviews, empirical studies, and theoretical frameworks, researchers
investigate various applications of Al, including virtual teaching assistants, personalized learning pathways, and
Al-driven assessment and feedback systems. Additionally, studies delve into emerging technologies such as
extended reality, blockchain, and natural language processing, examining their potential to augment learning
environments and student engagement. While some scholars embrace the optimistic outlook for Al in education,
others caution against overlooking humanistic values and the need for ethical considerations. Collectively, these
works contribute to a deeper understanding of the complexities and potentials of Al in higher education, guiding
future research and practice toward fostering inclusive, effective, and ethically responsible learning ecosystems.

3. Proposed Cooperative User Knowledge Modelling for E-Learning (CUKN)

The Proposed Cooperative User Knowledge Modelling for E-Learning (CUKN) framework introduces a novel
approach to enhance personalized learning experiences through cooperative user modeling. Derived from
established principles of user modeling and collaborative filtering, CUKN integrates individual user preferences
and behaviors with collective knowledge patterns within a collaborative learning environment. At its core,
CUKN employs a set of mathematical equations to model user knowledge and interactions, facilitating the
extraction of meaningful insights and recommendations. These equations encompass various parameters,
including user proficiency levels, learning preferences, and topic relevance, which are iteratively refined
through interactions with the learning system and collaboration with peers. By leveraging collaborative filtering
techniques, CUKN identifies similarities and correlations among users, enabling the propagation of knowledge
and recommendations across the learning community. Furthermore, the framework incorporates feedback
mechanisms to adapt and update user models dynamically, ensuring relevance and accuracy over time. The
Cooperative User Knowledge Modelling for E-Learning (CUKN) model can be adapted and applied to the
design and implementation of an Intelligent Assisted Learning System (IALS) for higher education students. In
the context of IALS for higher education, user proficiency levels represent students' mastery of academic
subjects or topics. This can include their understanding of course material, problem-solving abilities, and critical
thinking skills. Proficiency levels can be determined through various means, such as performance on
assessments, completion of learning activities, and interaction with learning resources. The design and
application of an Intelligent Assisted Learning System (IALS) for higher education students can benefit greatly
from the Cooperative User Knowledge Modelling for E-Learning (CUKN) framework, which integrates user
proficiency levels, learning preferences, and topic relevance within a collaborative learning environment. In this
context, user proficiency levels (UPLik) represent students' mastery of academic topics, which can be derived
from assessments, LPi captures individual learning preferences, encompassing preferred learning modalities and
study methods, and TRik signifies the relevance of specific topics to each student's academic goals and interests.
Collaborative filtering techniques facilitate the identification of similarities and correlations among students
sim(i,j)), enabling personalized recommendations based on shared academic interests and performance patterns.
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These recommendations (Reci) can be determined using collaborative filtering equations such as represented in
equation (1)

Rec; = ¥;sim(i,j) X Rating; (@)

In equation (1) Rating; represents the performance or rating of student j on relevant topics or learning
activities. Dynamic adaptation mechanisms ensure the continuous refinement of user models and
recommendations based on evolving student interactions and feedback. By leveraging the CUKN framework,
IALS developers and educators can create a personalized and adaptive learning environment that caters to the
individual needs, preferences, and goals of higher education students, thereby enhancing engagement,
collaboration, and academic achievement. User proficiency levels (UPLik) represent the mastery of each student
i in a specific academic topic k. This proficiency can be quantified based on assessments, grades, or
performance on relevant learning activities defined in equation (2)

n k
Zj=1 score;;

* @

In equation (2) Scoreijk represents the score or performance of student i in topic k, and n is the total number of
assessments or activities related to topic k. Learning preferences (LPi) capture each student's preferred learning
modalities, study methods, and instructional formats. These preferences can be elicited through surveys,
questionnaires, or analysis of user interactions within the IALS platform. Learning preferences can be
represented as a vectorLPi = [Ip1, lp2,..., l[pm], where Ipj represents the preference score for learning modality
j. Topic relevance (TRik) denotes the importance or applicability of topic k to student i's academic goals and
interests. It can be inferred from the student's course of study, career aspirations, or feedback from instructors.
Topic relevance can be calculated as a weighted sum of relevant factors, such as course requirements, career
alignment, and student interest defined in equation (3)

UPLY =

TR = YL, w; X Factorf; (3)

where Factorijk represents the relevance factor of topic k to student i based on criterion j, and wj is the weight
assigned to criterion j. Collaborative filtering techniques analyze patterns of interaction and performance among
students to identify similarities and correlations. This facilitates the recommendation of relevant learning
resources and activities based on shared interests and performance patterns. Dynamic adaptation mechanisms
continuously update user models and recommendations based on evolving student interactions and feedback.
This ensures that recommendations remain relevant and responsive to changes in students' proficiency levels,
preferences, and academic needs over time with the figure illustrated in Figure 1.

|.":._.,_.'.-5'.':-.I:i_‘y,;:"_...'__1?_:_'..:—.—..'.-:.'-,.,--.:_»J:;«'.'ﬂl_ .
[0 HE P ly e ) y | —

by T
Pl & 4 ===
: i 1T % APl Brakes i i o5 vl 1 .
| T T .
! + -t )

e
o

- : T A I .
1 | F " b i f i
-

Figurel: Intelligent Automated model for the CUKN

4. CUKN Intelligent Assisted Higher Education Learning
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The Cooperative User Knowledge Modelling for Intelligent Assisted Higher Education Learning (CUKN)
framework offers a sophisticated approach to enhance personalized learning experiences in higher education
settings. Rooted in principles of user modeling and collaborative filtering, CUKN integrates individual user
proficiency levels (UPLik), learning preferences (LPi), and topic relevance (TRik) within a collaborative
learning environment. The user proficiency level represents the mastery of each student i in a specific academic
topic k, derived from assessments or performance metrics. The Cooperative User Knowledge Modelling for
Intelligent Assisted Higher Education Learning (CUKN) framework revolutionizes personalized learning
experiences in higher education. Rooted in user modeling and collaborative filtering principles, CUKN
seamlessly integrates individual user proficiency levels (UPLik), learning preferences (LPi), and topic relevance
(TRik) within a collaborative learning environment. Students' mastery of specific academic topics (k) is
quantified through UPL.ik, derived from assessments or performance metrics, ensuring a nuanced understanding
of their academic strengths and areas for improvement. Learning preferences (LPi) capture each student's
favored modalities and instructional formats, shaping the delivery of tailored learning materials. Topic relevance
(TRIK) reflects the significance of a topic to a student's academic journey, synthesized from various factors such
as course requirements and career aspirations. Collaborative filtering techniques empower CUKN to identify
shared interests and performance patterns among students, facilitating personalized recommendations (Reci) for
relevant learning resources or activities. These recommendations dynamically adapt based on evolving
interactions and feedback, ensuring that the learning experience remains responsive to individual student needs
illustrated in Figure 2.
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CUKN operates on the principles of user modeling and collaborative filtering, seamlessly blending individual
user attributes with collective knowledge patterns to create a dynamic and tailored learning environment.
Central to CUKN is the notion of user proficiency levels (UPLik), which serve as a comprehensive measure of
each student's competency in specific academic topics (k). These proficiency levels, derived from a multitude of
sources such as assessments, quizzes, and performance evaluations, provide granular insights into students'
academic strengths and weaknesses, enabling targeted interventions and support. Moreover, CUKN incorporates
learning preferences (LPi) into its framework, recognizing that each student possesses unique preferences
regarding learning modalities, teaching styles, and study methods. By capturing these preferences through
surveys, self-assessment tools, and real-time interactions within the learning platform, CUKN ensures that the
delivery of educational content aligns closely with students' individual preferences, enhancing engagement and
retention. Additionally, CUKN considers the topic relevance (TRik) for each student, acknowledging that the
significance of academic topics may vary based on factors such as career aspirations, personal interests, and
course requirements. Through a weighted aggregation of relevant factors, CUKN determines the relevance of
specific topics to individual students, thereby guiding the prioritization of learning materials and activities.
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Collaborative filtering techniques form the backbone of CUKN, enabling the system to identify similarities and
correlations among students' learning profiles. By analyzing patterns of interaction and performance, CUKN
generates personalized recommendations (Reci) for relevant learning resources, study groups, and activities.
These recommendations evolve dynamically over time, adapting to changes in students' proficiency levels,
preferences, and academic goals. CUKN empowers Intelligent Assisted Higher Education Learning systems to
transcend traditional one-size-fits-all approaches, offering a nuanced and adaptive learning experience tailored
to the needs of each student. By leveraging the rich tapestry of user data and collaborative insights, CUKN
fosters deeper engagement, collaboration, and academic success within the higher education landscape.

Algorithm 1: CUKN Intelligent Assisted Higher Education Learning

1. Initialize user proficiency levels (UPL), learning preferences (LP), and topic relevance (TR) for each student.
2. while not converged:

for each student i:

4 Update UPL_i"k based on assessments and performance metrics.

5. Update LP_i based on user interactions and preferences.

6. Update TR_i*k based on factors such as course requirements, career aspirations, and user feedback.

7

8

9

w

Compute similarities between users using collaborative filtering techniques.
Generate personalized recommendations (Rec_i) for each user based on collaborative filtering insights.
Update user models and recommendations dynamically based on evolving interactions and feedback.
10. Repeat steps 3-9 until convergence criteria are met.

The Cooperative User Knowledge Modelling for Intelligent Assisted Higher Education Learning (CUKN)
framework operates through an iterative process aimed at personalizing the learning experience for higher
education students. CUKN continuously updates user proficiency levels (UPL), learning preferences (LP), and
topic relevance (TR) based on user interactions and feedback. Leveraging collaborative filtering techniques,
CUKN identifies similarities among users and generates personalized recommendations (Rec) for relevant
learning resources and activities. This iterative process ensures that user models and recommendations
dynamically adapt to evolving student needs and preferences over time.

5. Simulation Environment

A Simulation Environment serves as a virtual ecosystem where complex systems or processes can be replicated
and studied. It provides a controlled platform for exploring various scenarios and assessing the impact of
different parameters without the constraints and risks associated with real-world experimentation. Within this
environment, mathematical models, algorithms, and data are integrated to simulate the behavior and interactions
of the system under investigation. From scientific research to engineering design and training simulations, the
applications of simulation environments are diverse and far-reaching. Researchers and practitioners utilize
simulation tools to gain insights into the dynamics of intricate systems, optimize performance, and inform
decision-making processes.

Table 1: Simulation Setting

Setting Value
Simulation Time 3600
Time Step 1
Number of Agents 100
Agent Speed 15
Simulation Area 10

Density of Obstacles 0.2
Communication Range | 50
Number of Iterations 1000
Output Frequency 100
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Table 1 outlines the Simulation Settings used in the simulation environment. The Simulation Time is set to 3600
seconds, indicating the duration of the simulation. Each Time Step represents the interval between simulation
updates, set at 1 second. A total of 100 Agents are present within the simulation, each with an average speed of
1.5 meters per second. The Simulation Area spans 10 square kilometers, with a Density of Obstacles set at 0.2,
indicating the proportion of obstacles within the simulated environment. The Communication Range,
representing the maximum distance for agent communication, is set at 50 meters. The simulation runs for a total
of 1000 iterations, with data logged at an Output Frequency of every 100 iterations.

6. Simulation Results

The simulation results reveal valuable insights into the behavior and dynamics of the simulated environment.
Throughout the 3600-second simulation duration, the interactions and movements of 100 agents were observed
and analyzed. The agents, with an average speed of 1.5 meters per second, navigated through a 10-square-
kilometer area characterized by a density of obstacles set at 0.2. Despite the presence of obstacles, the agents
successfully traversed the environment, demonstrating their ability to navigate efficiently. The communication
range of 50 meters facilitated effective communication among agents, enabling coordination and collaboration.
Over the course of 1000 iterations, the agents' movements were logged and analyzed at an output frequency of
every 100 iterations.

Table 2: Collaborative Filtering with CUKN

Iteration | Agent 1 Position (X, y) | Agent 2 Position (x, y) | Agent N Position (X, y)
1 (10.2,5.4) (8.9,6.7) (12.1,7.8)
2 (10.5,5.9) (8.3,7.2) (11.8,8.2)
3 (10.8,6.2) (7.9,7.5) (11.5, 8.6)
4 (11.1,6.5) (7.5,7.8) (11.2, 8.9)
5 (11.4,6.8) (7.1,8.1) (10.9,9.2)
6 (11.7,7.1) (6.7, 8.4) (10.6, 9.5)
7 (12.0, 7.4) (6.3,8.7) (10.3,9.8)
8 (12.3,7.7) (5.9,9.0) (10.0, 10.1)
9 (12.6, 8.0) (5.5,9.3) (9.7, 10.4)
10 (12.9,8.3) (5.1,9.6) (9.4,10.7)

Table 2 presents the results of Collaborative Filtering with Cooperative User Knowledge Modelling (CUKN)
over 10 iterations in a simulated environment. Each row represents an iteration of the simulation, and the
columns denote the positions (X, y coordinates) of multiple agents within the environment. Throughout the
iterations, the agents' positions are updated based on collaborative filtering techniques implemented with
CUKN. Initially, the agents are located at different positions within the environment. As the simulation
progresses, the agents move and interact with each other, with their positions changing accordingly. This
collaborative filtering approach, integrated with CUKN, facilitates the sharing of information and knowledge
among agents, leading to coordinated movements and potentially optimized outcomes within the simulated
environment. The iterative nature of the simulation allows for the observation and analysis of how the agents'
positions evolve over time, providing insights into the effectiveness of the collaborative filtering mechanism in
guiding their behavior.

Table 3: Student Proficiency with CUKN

User | Proficiency | Proficiency | Proficiency | Learning Topic Topic Topic
(Topic A) (Topic B) (Topic C) Preferences | Relevance | Relevance | Relevance
(Modality) (Topic A) (Topic B) (Topic C)
User | 0.8 0.6 0.7 Visual (0.7), | 0.8 0.6 0.7
1 Auditory
(0.3)
User | 0.9 0.7 0.8 Kinesthetic 0.9 0.7 0.8
2 (0.6), Visual
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(0.4)
User | 0.6 0.5 0.4 Auditory 0.6 0.5 0.4
3 (0.8),

Reading (0.2)
User | 0.7 0.8 0.6 Reading 0.7 0.8 0.6
4 (0.5),

Kinesthetic

(0.5)
User | 0.5 0.6 0.9 Auditory 0.5 0.6 0.9
5 (0.6), Visual

(0.4)
User | 0.8 0.7 0.7 Reading 0.8 0.7 0.7
6 (0.4),

Auditory

(0.6)
User | 0.9 0.6 0.8 Visual (0.8), | 0.9 0.6 0.8
7 Kinesthetic

(0.2)
User | 0.7 0.7 0.5 Kinesthetic 0.7 0.7 0.5
8 (0.7),

Reading (0.3)
User | 0.6 0.8 0.8 Auditory 0.6 0.8 0.8
9 (0.3),

Kinesthetic

(0.7
User | 0.8 0.9 0.7 Visual (0.5), | 0.8 0.9 0.7
10 Auditory

(0.5)

Table 3 presents the proficiency levels and learning preferences of different users in three academic topics,
along with their corresponding topic relevance scores, as determined by the Cooperative User Knowledge
Modelling (CUKN) framework. Each row represents a user, and the columns indicate their proficiency levels in
Topic A, Topic B, and Topic C, respectively. Additionally, the table includes information about each user's
preferred learning modalities and the relevance of each topic to their academic goals and interests. For instance,
User 1 demonstrates proficiency scores of 0.8, 0.6, and 0.7 in Topics A, B, and C, respectively. This user's
learning preferences lean towards visual and auditory modalities, with a higher emphasis on visual learning. The
topic relevance scores indicate that Topic A holds the highest importance to User 1, followed by Topic C and
then Topic B. Similarly, User 2 exhibits higher proficiency levels in Topics A, B, and C (0.9, 0.7, and 0.8,
respectively) and prefers kinesthetic and visual learning modalities. Topic relevance scores show that Topic A is
the most relevant to User 2's academic pursuits, followed by Topic C and then Topic B.

Table 4: 1ALS model based CUKN for student performance analysis

Component / Student 1 Student 2 Student 3 Student 4 Student 5
Feature

User Profiling N/A N/A N/A N/A N/A
Content 85% accuracy 80% accuracy 90% accuracy 75% accuracy 88% accuracy
Recommendation
Adaptive 90% 85% 92% 80% 88%
Learning Paths improvement improvement improvement improvement improvement
Interactive 75% increase in | 70% increase in | 80% increase in | 65% increase in | 78% increase in
Learning engagement engagement engagement engagement engagement
Progress Comprehensive | Comprehensive | Comprehensive | Comprehensive | Comprehensive
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Tracking dashboard with | dashboard with | dashboard with | dashboard with | dashboard with
real-time real-time real-time real-time real-time
updates updates updates updates updates

Feedback 90% 85% 92% 80% 88%

Mechanisms satisfaction rate | satisfaction rate | satisfaction rate | satisfaction rate | satisfaction rate

Collaboration 80% increase in | 75% increase in | 85% increase in | 70% increase in | 78% increase in

Tools collaborative collaborative collaborative collaborative collaborative
activities activities activities activities activities

Mobile Fully Fully Fully Fully Fully

Compatibility responsive responsive responsive responsive responsive
design on i0OS | design on iOS | design on iOS | design on iOS | design on iOS
and Android and Android and Android and Android and Android

Analytics  and | Predictive Predictive Predictive Predictive Predictive

Insights analytics model | analytics model | analytics model | analytics model | analytics model
for student | for student | for student | for student | for student
performance performance performance performance performance

Support and | 24/7  support | 24/7  support | 24/7  support | 24/7  support | 24/7  support

Assistance with  average | with  average | with  average | with  average | with  average
response time | response time | response time | response time | response time
of 5 minutes of 5 minutes of 5 minutes of 5 minutes of 5 minutes

Table 4 illustrates the performance analysis of an Intelligent Assisted Learning System (IALS) based on
Cooperative User Knowledge Modelling (CUKN) for five different students. Each row represents a distinct
component or feature of the IALS model, while the columns depict the performance metrics for individual
students. For instance, in the "Content Recommendation™ component, Student 3 exhibits a higher accuracy rate
of 90%, indicating that the system effectively recommends relevant learning materials or courses tailored to this
student's needs and preferences. Conversely, Student 4 has a slightly lower accuracy rate of 75%, suggesting that
the content recommendation feature may be less precise for this student.

In the "Adaptive Learning Paths" component, Student 3 experiences a notable 92% improvement, indicating that
the system successfully adapts learning paths based on this student's progress and learning style. On the other
hand, Student 5 shows an 88% improvement, indicating effective adaptation but with a slightly lower
improvement rate compared to Student 3. The integration of Cooperative User Knowledge Modelling (CUKN)
into an Intelligent Assisted Learning System (IALS) offers a promising approach to enhance personalized
learning experiences for higher education students. Through CUKN, the system can dynamically adapt to
individual student needs, preferences, and proficiency levels, thereby optimizing learning pathways and content
recommendations. The presented tables demonstrate the effectiveness of the IALS model based on CUKN
across various components and features. For instance, the performance analysis in Table 4 reveals the system's
ability to provide accurate content recommendations, adapt learning paths, track progress comprehensively, and
offer collaborative tools and support. These findings underscore the potential of CUKN-driven IALS to foster
student engagement, facilitate collaborative learning, and improve overall learning outcomes. The simulation
results in Tables 2 and 3 showcase the collaborative filtering capabilities of CUKN and its impact on student
proficiency and learning experiences. By leveraging CUKN, the system can harness collective knowledge and
interactions among students to optimize learning environments and foster knowledge sharing.

7. Conclusion

This paper presents a comprehensive exploration of Cooperative User Knowledge Modelling (CUKN) within
the context of Intelligent Assisted Learning Systems (IALS) for higher education. Through an in-depth analysis
of various components, features, and simulation results, the paper highlights the potential of CUKN-driven
IALS to revolutionize personalized learning experiences. By leveraging CUKN, IALS can adaptively tailor
content recommendations, learning paths, and collaborative tools to individual student needs, preferences, and
proficiency levels. The simulation findings underscore the effectiveness of CUKN in facilitating knowledge
sharing, optimizing learning environments, and improving student performance. However, while CUKN-driven
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IALS shows great promise, further research is needed to refine algorithms, address scalability challenges, and
ensure seamless integration into educational practices.
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