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Abstract

Artificial Intelligence (Al) has emerged as an important component of contemporary engineering
education, offering opportunities to improve learning outcomes through data-driven instructional
approaches. Technologies such as machine learning, intelligent tutoring systems, natural language
processing, learning analytics, and generative Al facilitate personalised learning, automated
evaluation, continuous progress tracking, and practical simulation-based experiences. This study
presents the Artificial Intelligence-Driven Engineering Education Framework (AIEEF), developed to
examine the impact of Al-enabled educational practices on student learning, engagement, and
innovation. The framework was evaluated through a systematic review of existing research and
empirical analysis of educational performance indicators. The results indicate notable improvements
in student achievement, engagement, and participation in creative activities following the
implementation of the proposed framework. Among the predictive models examined, Gradient
Boosting achieved an accuracy of 94.2%, while overall student engagement increased from 68.7% to
89.8%. The study also considers challenges associated with Al adoption, including data privacy,
algorithmic fairness, and academic integrity. The findings suggest that carefully designed Al-
supported learning environments can enhance engineering education and assist institutions in
preparing graduates for emerging technological and industrial requirements.
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I. Introduction teaching and learning processes. Traditional

instructional approaches often rely on uniform
Engineering  education is  undergoing content delivery and periodic assessments,
significant changes as institutions increasingly which may not adequately address differences
integrate Artificial Intelligence (Al) into in students’ learning needs, abilities, and
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progress. As a result, variations in academic
performance and skill development are
frequently observed among engineering
students. Al-based educational technologies
offer opportunities to address these challenges
through personalised learning support,
continuous feedback, and data-informed
instructional decisions.

Recent developments in machine learning,
intelligent tutoring systems, natural language
processing, and generative Al have expanded
the use of Al in educational environments.
These technologies enable automated
assessment, performance prediction, adaptive
learning pathways, and simulation-based
training experiences. Such applications have
the potential to improve student learning
outcomes while supporting the development of
practical and problem-solving skills required
in engineering disciplines. However, the
successful implementation of Al in education
also depends on addressing issues related to
data privacy, algorithmic bias, infrastructure
readiness, and academic integrity.

This study examines the role of Al in
engineering education with a focus on learning
outcomes, student  engagement, and
innovation. The objectives of the study are to:
(i) analyse the impact of Al on teaching and
learning practices; (ii) evaluate its influence on
student performance and engagement; (iii)
examine its contribution to innovation and
technical skill development; (iv) identify key
challenges associated with implementation;
and (v) provide recommendations for future
research and educational practice.

II. Literature Review

2.1 Al in Higher and Engineering Education
Artificial Intelligence (Al) is increasingly
being adopted in higher education to support
both teaching and administrative functions.
Previous studies have shown that Al-based
systems can improve learning outcomes by
providing personalised instructional support
and facilitating data-driven educational
decision-making [1, 2]. In engineering
education, predictive models have been used to
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identify students who may require additional
academic support, allowing instructors to
intervene before performance declines
significantly [3].

One of the most widely reported applications
of Al is personalised learning. Adaptive
learning systems analyse student performance
and learning behaviour to recommend suitable
learning materials and activities. Research
indicates that these systems can improve
student engagement, conceptual
understanding, and  overall academic
performance in engineering courses [4, 5].
Such flexibility is particularly beneficial in
engineering programmes where students often
progress at different rates when learning
complex technical concepts.

2.2 Intelligent Tutoring Systems, Learning
Analytics, and Generative Al

Intelligent Tutoring Systems (ITS) provide
personalised guidance by combining expert
knowledge, machine learning techniques, and
natural language processing. Studies have
reported improvements in learning outcomes
when students receive adaptive feedback and
targeted instructional support through ITS
platforms [6]. These systems have been
applied successfully in subjects such as
programming, mathematics, and electronics,
where continuous feedback plays an important
role in developing problem-solving skills [7].
Learning  analytics  further  supports
educational improvement by analysing
academic and behavioural data to identify
learning patterns and engagement trends.
Previous research has demonstrated that
predictive models can assist educators in
monitoring student progress and implementing
timely interventions when required [8, 9].

The emergence of generative Al has
introduced new opportunities for personalised
tutoring, content development, and project-
based learning activities [10]. At the same
time, concerns related to academic integrity
and the responsible use of Al-generated
content have attracted increasing attention
from researchers and educational institutions
[11]. Al-supported virtual laboratories also
provide additional learning opportunities by
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enabling simulation-based experimentation,
particularly in situations where access to
physical laboratory facilities is limited [12,
13].

2.3 Student Engagement and Ethical
Considerations

Student engagement is widely recognised as an
important  factor influencing academic
performance. Al technologies can support
engagement through adaptive learning
environments, personalised recommendations,
gamified activities, and Al-powered support
systems that provide assistance beyond regular
classroom interactions [14, 15].

The growing use of Al in education has also
raised ethical concerns. Issues related to
fairness,  transparency,  privacy, and
accountability have been highlighted in recent
studies and policy frameworks. UNESCO and
other organisations have emphasised the
importance of establishing appropriate
governance mechanisms and faculty training
programmes to ensure the responsible
implementation of Al in educational settings
[16, 17].

2.4 Research Gap

Although previous studies have examined
various Al applications in education, limited
research has investigated their combined
influence on learning outcomes, innovation,
and student engagement within engineering
education. In addition, the integration of
generative Al into engineering curricula and its
implications for learning practices and
academic integrity require further
investigation. To address these gaps, this study
proposes and evaluates the Artificial
Intelligence-Driven Engineering Education
Framework (AIEEF).

II1. Methodology
3.1 Framework Overview

The Artificial Intelligence-Driven Engineering
Education Framework (AIEEF) was designed
to improve learning outcomes, student
engagement, and academic support in
engineering education. The framework was
developed through five stages: problem
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identification, data collection, framework
design, implementation of Al-based learning
components, and performance evaluation.

The design of the framework was motivated by
several challenges commonly observed in
engineering education, including limited
personalisation of instruction, delayed
identification of academically vulnerable
students, insufficient engagement in learning
activities, slow feedback mechanisms, and
restricted access to practical laboratory
experiences. To address these issues, the
framework integrates personalised learning,
intelligent tutoring, automated assessment, and
virtual laboratory support.

3.2 Data Collection and Preprocessing

The framework uses four categories of data:
academic records, LMS activity data,
behavioural indicators, and innovation-related
activities. Academic data include examination
scores, assignment performance, and GPA
records. LMS data capture student interaction
patterns such as login frequency, session
duration, and resource utilisation. Behavioural
indicators include attendance, participation,
and Al tool usage, while innovation metrics
include project completion, hackathon
participation, and research outputs.

Data  preprocessing involved cleaning
incomplete records, removing duplicate
entries, normalising variables, extracting
relevant features, and integrating information
from multiple institutional systems into a
unified educational database.

3.3 Framework Architecture

The AIEEF consists of a Data Acquisition
Layer and an Al Analytics Layer. The Data
Acquisition Layer gathers and stores student
learning and engagement data, while the Al
Analytics Layer processes these data using
machine learning techniques.
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Classification algorithms such as Decision
Trees, Random Forests, and Support Vector
Machines were employed for performance
prediction and identification of at-risk
students. Clustering methods, including K-
Means and Hierarchical Clustering, were used
to group learners based on engagement
patterns. Regression models, including Linear
Regression and Gradient Boosting, were
applied to estimate academic performance
trends.
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Figurel: Al-Driven Engineering Education
Framework Architecture Diagram.

Based on these analyses, the system generates
personalised  recommendations,  learning
resources, remedial activities, and study plans.

The framework incorporates four key learning
modules:

1. Personalised Learning System
2. Intelligent Tutoring System
3. Al-Powered Assessment System
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4. Virtual Laboratory Module

Together, these modules support adaptive
learning, automated feedback, continuous
assessment, and simulation-based practical
training.

3.4 Student Engagement Measurement

Student engagement was evaluated using
behavioural, emotional, and cognitive
indicators. Behavioural engagement included
attendance, assignment completion, and LMS
activity. Emotional engagement was assessed
through sentiment analysis and student
feedback, while cognitive engagement was
measured through problem-solving activities
and practical task performance.

An Engagement Score (ES) was calculated as:
ES=A+P+C+L)/4

where A represents  Attendance, P
Participation, C Content Interaction, and L
Learning Activity.

Based on the calculated score, students were
classified as Highly Engaged, Moderately
Engaged, or At-Risk.

3.5 Evaluation Strategy

The framework was evaluated using learning,
engagement, innovation, and  system-
performance indicators. Learning performance
was measured through examination scores,
GPA, and course completion rates.
Engagement was assessed using LMS activity
and participation records, while innovation
was measured through projects, publications,
and competition participation.

System performance was evaluated using
Accuracy, Precision, Recall, and F1-Score.
Validation involved expert review, student
feedback, and statistical analysis using
descriptive statistics, Pearson correlation,
ANOVA, and regression techniques.
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IV. Results and Discussion Engagement Traditional  AI-Driven
Parameter (%) (%)
4.1 Academic Performance Attendance Score 78.5 91.2
Table 1. Academic Performance: Traditional vs. o
Al-Driven Learning Participation Score 65.3 88.4
Performance Traditional Al- Improvement Content Interaction 61.8 90.1
Indicator Driven (%) Score
Average 68.4 82.7 20.91 Learning Activity 69.2 89.5
Examination Score
Score
i Overall Engagement ~ 68.7 89.8
Assignment  74.5 923 23.89 Score
Completion
Rate (%)
Practical 70.2 85.6 21.94 Chart Title
Examination
Score 85 100
80 95
Course 81.4 95.2 16.95 75 90
Completion 70 85
Rate (%) 65 80
Overall GPA ~ 7.12 843 18.40 60 e N =
o & A & IR
‘\&}\O Oé\é\z Q@é& & &
. S o N
4.1 Academic Performance & ¥ O\\e@

The academic performance data presented in
Table 1 indicate noticeable improvements
following the implementation of the Al-driven
learning framework. The average examination
score increased from 68.4 to 82.7, representing
a 2091%  improvement.  Assignment
completion rates also increased from 74.5% to
92.3%, suggesting that personalised learning
support and timely feedback encouraged
greater student participation in coursework.
Practical examination scores improved from
70.2 to 85.6. This increase may be associated
with the use of virtual laboratory activities and
additional practice opportunities provided
through the framework. Course completion
rates rose from 81.4% to 95.2%, while the
average GPA increased from 7.12 to 8.43.
Taken together, these results suggest that the
integration of Al-supported learning tools was
associated ~ with  improved  academic
performance across multiple indicators.

4.2 Student Engagement
Table 2. Student Engagement Metrics
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I Traditional Learning === A|-Driven Learning

Figure 2: Academic Performance Comparison

Table 3. Student Engagement Classification
(Before and After Al)

Engagement Before Al After Al
Category (%) (%)
Highly Engaged 24 61
Moderately Engaged 52 31
At-Risk Students 24 8

successfully identified struggling learners and

provided timely interventions.
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Chart Title
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Figure 3: Student Engagement Categories

The overall engagement score increased from
68.7% to 89.8% (Table 2). Among the
engagement indicators, Content Interaction
showed the highest improvement, indicating
greater use of learning materials and online
resources. Participation scores also increased,
suggesting that students were more actively
involved in learning activities and discussions
supported by Al-based tools.

A notable change was observed in the
distribution of engagement categories (Table
3). The percentage of highly engaged students
increased from 24% to 61%, while the
proportion of at-risk students decreased from
24% to 8%. These findings suggest that
continuous monitoring and personalised
support helped identify students requiring
additional assistance and enabled timely
intervention. Overall, the results indicate a
positive association between Al-supported
learning practices and student engagement.

4.3 Innovation Outcomes
Table 4. Innovation Performance Indicators

Innovation Indicator Before Al After Al

Student Projects 85 132
Completed

Research Publications 12 27
Hackathon Participation ~ 48 91
Technical Competition 55 108
Participation

Prototype Development 22 49
Projects
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Figure 4: Innovation Performance Indicatorsx

Table 4 shows improvements across all
innovation indicators after the implementation
of the AIEEF. Student project completion
increased from 85 to 132, research
publications rose from 12 to 27, and
participation in hackathons and technical
competitions increased considerably. The
results indicate higher student involvement in
research, project development, and innovation-
related activities during the study period.

4.4 Student Satisfaction and Model
Performance

Table 5. Student Satisfaction (Five-Point Likert
Scale)

Evaluation Parameter Mean Score (/ 5)
Ease of Use 4.42
Learning Effectiveness 4.58
Personalised Learning Experience 4.71
Intelligent Tutoring Support 4.63
Virtual Laboratory Experience 4.51

Overall Satisfaction 4.57

Table 5 shows high levels of student
satisfaction across all evaluation parameters,
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with  personalised learning
receiving the highest rating (4.71).

experience

Table 6. ML Model Performance
Model Accuracy Precision Recall F1-

(%) (%) (%) Score

(%)

Decision 84.6 83.4 82.7 83.0
Tree

Random 92.8 91.6 92.2 91.9
Forest

Support 89.5 88.3 87.9 88.1
Vector
Machine

Gradient 94.2 93.1 92.8 92.9
Boosting

Chart Title

@ Decision Tree @ Support Vector Machine

Figure 5: Student Engagement Categories

Table 6 indicates that Gradient Boosting
achieved the highest predictive accuracy
(94.2%), followed by Random Forest (92.8%),
SVM (89.5%), and Decision Tree (84.6%).
The findings suggest that ensemble-based
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models provide effective support for
educational prediction and recommendation
tasks.

4.5 Statistical Analysis

Table 7. Correlation Analysis Summary

Parameter Relationship r p-value
Al Usage vs Academic 0.82 <0.001
Performance

Al Usage vs Student 0.87 <0.001
Engagement

Al Usage vs Innovation 0.79 <0.001
Activities

Engagement vs Academic  0.85 <0.001
Performance

Table 7 shows statistically significant positive
correlations among all variables (p < 0.001).
The strongest relationships were observed
between Al usage and student engagement (r =
0.87) and between engagement and academic
performance (r = 0.85). These results suggest
that increased use of Al-supported learning
tools was associated with higher levels of
engagement and improved academic
outcomes. The findings were further supported
by expert evaluation and student feedback.

V. Conclusion

This study examined the application of the
Artificial Intelligence-Driven Engineering
Education Framework (AIEEF) in engineering
education and evaluated its impact on
academic performance, student engagement,
and innovation-related activities. The findings
indicate improvements across all major
performance  indicators  following  the
implementation of the framework. Student
engagement increased, the proportion of at-
risk students decreased from 24% to 8%, and
the machine learning models achieved high
predictive  performance, with  Gradient
Boosting recording an accuracy of 94.2%.

The results suggest that Al-supported
educational tools can contribute to more
personalised learning experiences, timely
academic support, and improved access to
practical  learning  opportunities.  The
framework also demonstrated potential to
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support student participation in projects,
research activities, and technical competitions.
Despite these benefits, several challenges
remain. Issues related to data privacy,
algorithmic fairness, academic integrity, and
institutional ~ readiness  require  careful
consideration during implementation. Faculty
training and  appropriate = governance
mechanisms are important for ensuring the
effective and responsible wuse of Al
technologies in education.

Future engineering education is likely to
involve  greater collaboration  between
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educators and Al-based systems. While Al can
assist with personalised learning, monitoring,
and assessment, educators continue to play a
central role in curriculum design, mentorship,
and academic decision-making. Further
research is needed to evaluate the long-term
impact of Al-supported learning environments
across different institutional and educational
contexts.
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