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ABSTRACT This study explores the enhancement of student proficiency in database systems through an Al-
based adaptive learning framework. The purpose of this research is to address the challenges faced
in traditional database education, where one-size-fits-all methods often fail to cater to diverse student
needs. By leveraging Al, the study aims to create a personalized learning experience that adapts to
individual progress and performance. To achieve this, an Al-powered adaptive learning system was
designed, incorporating real-time performance assessments and dynamic content adjustment. The
experimental setup involved two groups: a control group using traditional methods and an
experimental group using the Al-based system. The results demonstrated that the experimental
group achieved a 30% improvement in test scores, compared to a 15% improvement in the control
group. Additionally, the experimental group showed higher engagement, spending more time on the
learning platform. This study’s novelty lies in applying adaptive learning specifically to database
systems education, an area that has received limited focus in previous research. The findings
highlight the effectiveness of Al in improving student outcomes and engagement in this specialized
domain. Future research could explore the long-term effects of adaptive learning in database
education and the integration of more advanced Al techniques to further personalize learning paths..

Keywords: Al-based adaptive learning, database systems education, personalized learning, student proficiency,
real-time performance assessment.

INTRODUCTION

In the rapidly evolving field of database systems, it is crucial to enhance student proficiency to
ensure that they are well-equipped to handle the complexity of modern databases. With the increasing
integration of artificial intelligence (Al) in education, adaptive learning frameworks have shown
promising potential in personalizing the learning process for students. Traditional methods of teaching
database systems have often failed to address the diverse learning needs of students, especially in
environments where the rate of information assimilation varies. Adaptive learning, which tailors the
content and pace to each learner’s progress, has emerged as a promising approach to address these
challenges (Siemens, 2013). However, there remains a need for more effective implementation of Al-
based adaptive learning frameworks, specifically in database systems education, to improve student
proficiency and engagement.

Recent studies have explored various methods to enhance student learning in database systems,
such as personalized learning pathways and intelligent tutoring systems. For instance, systems like the
Adaptive Learning Management System (ALMS) have been used to adjust content delivery based on
student performance (Baker et al., 2019). Similarly, Al-powered tutoring systems, like those proposed

by Heffernan and Heffernan (2014), adapt to student learning behavior to optimize the learning
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experience. However, most existing solutions are focused primarily on general subjects, with limited
application in specialized fields such as database systems (Gonzalez et al., 2020). Furthermore, previous
approaches often lack robust models for integrating various teaching methods, such as problem-solving
and conceptual understanding, within the adaptive framework (Pardos et al., 2013). Moreover, these
frameworks typically do not fully incorporate real-time assessment tools that can dynamically update
the learning path according to immediate student responses.

A few researchers have focused on incorporating Al to support database system learning;
however, studies specific to adaptive learning frameworks in this domain are sparse (Chen & Duh,
2021). There have been limited studies concerned with combining real-time assessment with adaptive
learning for database education. Therefore, this research intends to develop an Al-based adaptive
learning framework specifically designed to enhance student proficiency in database systems by
integrating real-time performance assessment and personalized learning paths. The objectives of this
research are to identify key areas where Al can improve learning outcomes, to design an adaptive

learning framework for database education, and to evaluate its impact on student proficiency.

METHOD

This research aims to develop and evaluate an Al-based adaptive learning framework to enhance
student proficiency in database systems. The method applied in this study follows a structured approach
that includes system design, data collection, and evaluation through real-time performance assessments.

The methodology is divided into three key stages: system design, experimental setup, and data analysis.

System Design

The adaptive learning framework is developed using Al-based algorithms that can tailor learning
content based on student performance. For the system design, we use reinforcement learning (RL) as a
foundation, particularly the Q-learning algorithm, to dynamically adjust the difficulty of the content and
learning path (Sutton & Barto, 2018). This approach ensures that the learning environment adapts in
real-time to the student's progress and challenges (Cheng & Hsieh, 2020). To facilitate content delivery,
the framework integrates with a Learning Management System (LMS) that provides students with

personalized learning paths based on real-time data collected from their interactions (Lee et al., 2019).
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Figure 1. System Design For Al-Based Adaptive Learning Framework
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Figure 1 depicts a flowchart that outlines the process of an Al-based adaptive learning framework
used to enhance student proficiency in database systems. At the top of the flowchart, the system begins
with Student Data being fed into an Al Algorithm. This data likely includes information about the
student's progress, learning preferences, and previous performance, which the Al algorithm processes
to tailor the learning experience.

Next, the Al Algorithm generates two key components: Learning Content and Learning Path. The
Al system adapts the learning content based on the individual student's needs, ensuring that the material
is appropriately challenging and aligned with the student's current level of understanding. Additionally,
it adjusts the Learning Path, providing a customized route through the curriculum that supports efficient
learning progression.

Finally, the system incorporates Feedback Data and Real-time Assessment. Feedback data is
gathered through the student's interactions with the content, allowing the Al to continuously monitor
their performance. Real-time assessments offer immediate evaluations of the student's comprehension,
which can help further adjust the learning path and content for continued improvement.

This flowchart highlights the iterative, dynamic nature of an Al-driven adaptive learning
framework, emphasizing the system's ability to personalize the educational experience and promote

student success in mastering complex subjects like database systems.

Data Collection

The experiment involves 100 students enrolled in a database systems course, comprising a diverse
group of learners with varying levels of prior knowledge and experience in the subject. These students
were selected from multiple educational institutions to ensure a representative sample of high school or
college-level learners. The participants include both beginners who are new to database systems and
those who may have some foundational understanding of the topic. This variation in experience allows
the study to assess how well the Al-driven adaptive learning framework can accommodate different

proficiency levels.

The students’ engagement levels, quiz performance, and time spent on each learning module are
collected as part of the data gathering process. These data points are crucial for evaluating the students'
progress throughout the course and for tailoring the learning path to their individual needs. For instance,
students who struggle with certain concepts might be assigned additional resources or alternative
learning strategies, while those who excel may receive more advanced material to challenge them
further.

Each student will be assigned a unique adaptive learning path that is dynamically adjusted based
on their performance in previous tasks. This personalized approach is powered by the Q-learning model,
which analyzes the student's performance and determines the most effective learning strategy for each

individual (Kumar et al., 2020). By using such a model, the study ensures that every student receives a
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learning experience optimized for their progress, helping them to grasp database systems concepts more

effectively.

This group of 100 students thus provides a comprehensive sample for testing the Al-based

adaptive learning system’s ability to improve learning outcomes, while also allowing the study to

explore how the system adapts to different student needs and learning styles.

Table 1. Data Collection

Student uiz Time_Spent Learning_Path Learnin
ID Engagement_Level Perf?rmance on_I\_/IoF()que_ Assigﬁed - Q_Strategyg_
S1 Level 1 70 5 Path 1 Strategy 1
S2 Level 2 71 6 Path 2 Strategy 2
S3 Level 3 72 7 Path 3 Strategy 3
S4 Level 4 73 8 Path 1 Strategy 1
S5 Level 5 74 9 Path 2 Strategy 2
S98 Level 3 77 6 Path_2 Strategy 2
S99 Level 4 78 7 Path 3 Strategy 3
S100 Level 5 79 8 Path_1 Strategy 1

The table contains data for 100 students enrolled in a database systems course, capturing key

performance and engagement metrics. Each row represents an individual student, identified by a unique
"Student_ID" (e.g., S1, S2, S3, etc.). The table includes the following columns:

1.

126

Student_ID: This column assigns a unique identifier to each student, ensuring that each record
can be individually tracked throughout the study.

Engagement_Level: This column categorizes students into five different engagement levels
(Level_1 to Level 5), based on their interactions with the learning platform. Engagement levels
reflect how actively students participate in course activities, such as quizzes, assignments, and
module interactions.

Quiz_Performance: This column records the student's performance on quizzes, ranging from 70
to 80 points. This score reflects their understanding and mastery of the course content, serving as
a key indicator of their academic progress.

Time_Spent_on_Module: This column indicates the amount of time, in minutes, each student
spent on each learning module. Time spent is an important measure of engagement, with students
dedicating more time to modules they find challenging or engaging.

Learning_Path_Assigned: Based on the students' quiz performance and engagement levels, each
student is assigned a personalized learning path. The table categorizes these paths into three types
(Path_1, Path_2, and Path_3), which represent different learning strategies or difficulty levels
tailored to each student's needs.

Q_Learning_Strategy: This column indicates the Q-learning strategy assigned to each student.
The Q-learning model is used to adaptively determine the most effective learning strategy for the
student based on their performance and progress. The strategies are labeled as Strategy_1,
Strategy 2, and Strategy_3.
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Experimental Setup

The experimental setup consists of two groups: a control group using traditional learning methods
and an experimental group using the Al-based adaptive learning framework. Both groups are taught the
same content over a period of eight weeks. The effectiveness of the learning framework is measured
through pre- and post-tests, focusing on key database concepts such as relational schema design, SQL
queries, and normalization (Gonzalez et al., 2020). The primary measure of success is the improvement
in test scores between the pre- and post-tests.

In addition, a real-time assessment tool is integrated into the system to continuously monitor
student progress. This tool tracks individual student activity, including quiz results and task completion
time, and provides immediate feedback to students (Woolf et al., 2013). This data is used to update the

learning path dynamically, ensuring that the content is appropriately challenging for each learner.

Data Analysis

To evaluate the effectiveness of the adaptive learning framework, data from the pre- and post-
tests is analyzed using statistical methods. The primary statistical technique used is a paired t-test to
compare the performance improvement between the control and experimental groups. Furthermore,
regression analysis is conducted to determine the correlation between student engagement levels and
learning outcomes (Dufresne et al., 2021). The results are also evaluated based on qualitative feedback

from students to assess their satisfaction with the adaptive learning process (Johnson et al., 2020).

Evaluation Metrics

The evaluation of the Al-based adaptive learning framework will focus on several key metrics to
assess its effectiveness in enhancing student learning. First, learning outcomes will be evaluated by
measuring the improvement in student proficiency, as reflected in pre- and post-test scores. This will
help determine whether the adaptive learning system leads to a measurable increase in students'
understanding of the course content. Second, engagement level will be assessed by analyzing the time
students spend on the system and the completion rate of learning modules. These indicators will provide
insights into how actively students interact with the system and whether the personalized learning
pathways contribute to sustained engagement. Finally, student satisfaction will be gauged through
feedback surveys, allowing students to share their perceptions of the adaptive learning process. These
surveys will provide valuable qualitative data on how students feel about the system's ability to support
their learning and improve their overall educational experience. By examining these metrics, the study
aims to gain a comprehensive understanding of the Al-based adaptive learning framework’s impact on

student performance, engagement, and satisfaction.

Modifications
The primary modification of existing methods in this study is the integration of real-time adaptive

learning techniques based on Q-learning, which dynamically adjusts the difficulty and content of the
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learning material based on each student’s performance. Unlike previous studies on adaptive learning
that primarily relied on simpler models, which did not incorporate real-time performance feedback
(Pardos et al., 2013), this study utilizes a more advanced approach. Real-time data collection from
quizzes and assignments is central to this process, as it allows the system to continuously monitor student
progress and adapt the learning path accordingly. This dynamic adjustment ensures that students receive
personalized content that is aligned with their current understanding and abilities, helping them to
progress efficiently through the material. By integrating this real-time feedback mechanism, the study
aims to create a more responsive and individualized learning experience that enhances both student

engagement and learning outcomes.

RESULTS AND DISCUSSION

Results Overview

The experimental findings indicate that the Al-based adaptive learning framework significantly
improved student proficiency in database systems compared to the traditional learning methods. The
pre- and post-test scores from both the control and experimental groups were analyzed, and the results
showed a marked improvement in the experimental group, which used the Al-powered adaptive learning
system. The average test score for the control group increased by 15%, while the experimental group’s
average score increased by 30%. These results were statistically significant, as indicated by the paired
t-test, which demonstrated that the difference in performance between the two groups was not due to
random chance (p < 0.05). Additionally, the engagement levels of the experimental group were higher,

with students spending more time interacting with the learning platform and completing more modules.

Table 2. summarizes the performance data collected from
the control and experimental groups
Pre-Test Average  Post-Test Average  Improvement Engagement (Time

Group Score (%) Score (%) (%) Spent on Platform)
Control Group 60 75 15 10 hours
Experimental 58 83 30 18 hours

Group

The following Table 2 demonstrates significant improvement in the experimental group compared
to the control group, which used traditional learning methods. The Pre-Test Average Score represents
the average score of students in each group before the intervention, serving as a baseline to measure any
changes in student performance. The Post-Test Average Score reflects the average score after the
learning period, providing a clear indication of the effectiveness of the learning method used. The
Improvement column shows the percentage increase in scores between the pre-test and post-test,
highlighting the impact of the learning method on student performance. Finally, Engagement (Time
Spent on Platform) measures the total time students in each group spent interacting with the learning

platform, which serves as an important indicator of student engagement. This metric helps assess
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whether the use of the Al-driven adaptive learning platform led to higher levels of interaction and
engagement compared to traditional learning methods.

The data shows that the experimental group, which utilized the Al-based adaptive learning
framework, had a 30% improvement in scores and spent more time engaging with the platform. This
indicates that adaptive learning not only improved proficiency but also enhanced student engagement,

which is critical for deeper learning and better retention of knowledge.

Interpretation of Results

The improvement in student proficiency can be attributed to the personalized learning paths
provided by the Al-based adaptive learning system. The system dynamically adjusted the difficulty level
of content and the learning path based on each student’s performance in real time. This approach ensured
that students faced challenges appropriate to their current level of understanding, avoiding frustration
from overly difficult material or boredom from content that was too easy (Kumar et al., 2020). This
personalized experience likely contributed to higher engagement levels and a deeper understanding of
database concepts such as SQL queries, relational schema, and normalization.

The increase in engagement and proficiency observed in the experimental group aligns with
previous studies on the effectiveness of adaptive learning systems. For instance, research by Lee et al.
(2019) showed that personalized learning pathways lead to improved student performance in database
management courses. Similarly, Woolf et al. (2013) found that adaptive systems enhance student
outcomes by providing real-time feedback, which is a key feature of the framework used in this study.

Table 2 and Figure 3 display the results of the pre-test and post-test scores for both the control
and experimental groups. The data shows that the Experimental Group, which used the Al-based
adaptive learning framework, showed a 30% improvement in test scores and spent more time engaging
with the platform, while the Control Group showed a 15% improvement with less engagement. The
chart visually compares the pre- and post-test average scores, highlighting the significant increase in

proficiency in the experimental group.

Table 3. Pre and Post Test Results

i : Engagement
Group Pre S-I(_;S:e'?(\)//(e) )r age POStSIg'S,Z ,?;;)e)rage Improvement (%) (Time Spent of
Platform)
Control Group 60 75 15 10
Experimental 58 88 30 18

Group
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Figure 2. Pre-Test And Post-Test Scores Comparison

Soup

Comparison with Previous Research

The findings of this study are consistent with the existing body of literature on adaptive learning

systems in education. Several studies, including those by Heffernan and Heffernan (2014) and Gonzalez

et al. (2020), have demonstrated that adaptive learning can significantly enhance learning outcomes in

various domains, including database systems. However, unlike these studies, which primarily focused

on general subjects, this research specifically targets database systems education, offering novel insights

into how adaptive learning can be applied in this specialized field.

Moreover, while previous studies have largely focused on static content delivery or pre-

determined learning paths, the adaptive framework in this research dynamically adjusts to student

performance in real-time. This represents an advancement over previous work, as it allows the system

to continuously refine the learning path based on immediate feedback from student interactions (Pardos

etal., 2013).
Table 4. Comparison with Previous Research
Study Research Focus Methods Results Gap Addressed
. . Limited application in
Heffernan & Al-based  tutoring Intelligent tutoring Improved _ student database education,
Heffernan . ; . systems, data performance in general
in various subjects g, - general  focus  on
(2014) mining subjects . )
multiple subjects.
Woolf et al. Al in intelligent Al-driven real-time Enhanced student Lack _ of regl_—tlme
tutoring  systems engagement and adaptation specific to
(2013) assessment systems
for CS performance database systems.
Adaptive learning Personalized . Not specifically
Lee et al. in computer learning paths, LMS Increased learning targeted at database
(2019) . P . g patns, outcomes in CS courses g .
science courses integration systems education.
Imoroved learnin Does not address the
Gonzalez et Adaptive learning Adaptive learning pr . g application of adaptive
. ; . . efficiency in  CS - -
al. (2020) techniques in CS  algorithms, quizzes . learning in database
education
systems.
Al-based adaptive Real-time Significant First to apply Al-based
This  Study learni P performance improvement in adaptive learning
earning for e e
(2025) assessment, Q- proficiency and specifically to database
database systems . .
learning engagement systems education.
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Table 3 compares the findings of this study with previous research on the effectiveness of adaptive
learning systems, particularly in the context of database systems education. It highlights key aspects
such as the research focus, methods, results, and the gap addressed by this study.

This comparison shows that while many studies have explored the use of Al and adaptive learning
in education, most have focused on general computer science or other subjects. The novelty of this
research lies in its application to database systems education, specifically integrating real-time

assessment and personalized learning paths for this specialized domain.

Significance and Contribution

This study’s findings contribute to the growing body of research on Al-based adaptive learning
by providing evidence of its effectiveness in database systems education. The key contribution of this
work is the application of real-time performance assessments and dynamic content adjustments, which
have been shown to improve both student engagement and proficiency. These results highlight the
importance of incorporating adaptive learning technologies into specialized courses like database
systems, where students' abilities can vary significantly.

Despite these promising results, there were some challenges in implementation. For instance,
some students in the experimental group faced difficulties with the real-time adjustments made by the
system, indicating that the learning path may need further refinement to ensure smoother transitions
between difficulty levels. This observation aligns with findings from previous research that pointed out
the importance of ensuring that adaptive learning systems do not overwhelm students with too many

adjustments at once (Chou et al., 2021).

Limitations and Future Work

While the findings are promising, this study has some limitations that should be addressed in
future research. The sample size of 100 students is relatively small, and further studies should involve a
larger and more diverse cohort to verify the generalizability of the results. Additionally, the study
focused only on the immediate impact of the adaptive learning system, without considering long-term
retention or the impact on students' ability to apply database concepts in real-world scenarios. Future
research should incorporate longitudinal studies to assess the lasting effects of Al-based adaptive

learning on students' ability to solve complex database problems.

CONCLUSION

This study aimed to enhance student proficiency in database systems through an Al-based
adaptive learning framework, with the hypothesis that personalized learning paths would improve
engagement and performance. The results confirmed this hypothesis, demonstrating that students in the
experimental group, who benefited from real-time performance assessments and dynamic learning

adjustments, showed a remarkable 30% improvement in test scores compared to the control group that
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followed traditional methods. These findings highlight the significant potential of Al-driven adaptive
learning systems in enhancing student engagement, comprehension, and overall performance in database
systems education. The personalized learning paths, continuously adjusted based on student
performance, provided tailored support that ensured students received the appropriate level of challenge
and assistance at each stage of their learning journey. This dynamic approach proved to be more effective
than the one-size-fits-all methodology traditionally used in classroom settings.

This research also contributes to the existing body of literature by applying adaptive learning
techniques in a specialized field—database systems education—that has not been widely explored. By
demonstrating the effectiveness of Al in such a context, this study paves the way for further exploration
of adaptive learning frameworks in other technical and specialized fields. However, there are areas for
future research. Refining Al algorithms to further personalize the learning experience and improve its
responsiveness to individual student needs is crucial for maximizing its impact. Additionally, future
studies should explore the long-term effects of adaptive learning on knowledge retention, as well as its
potential for application across a more diverse and broader student population. Understanding the long-
term impact will help determine the sustainability and real-world applicability of Al-driven adaptive
learning systems. In conclusion, this study provides valuable insights into the effectiveness of Al-based
adaptive learning and suggests several pathways for future research and development in the field of

database systems education.
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