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ARTICLE INFO ABSTRACT

Keywords: The educational landscape is undergoing a significant transformation driven by the rapid advancements in
Artificial intelligence Artificial Intelligence (AI) that hold immense potential for enhancing sustainable academic course delivery,
Education

fostering deeper understanding, and improving student-learning outcomes. However, while Al applications
promise individualized learning experiences and more efficient instructional methods, their integration into
Technical Universities, particularly in developing countries, remains limited. Few studies address the unique
challenges and opportunities of deploying Al in this context, leaving educators and policymakers without clear,
empirically-backed strategies for implementation. This study seeks to bridge this gap by analyzing the impact of
Al integration on academic course delivery in Technical Universities, guided by Adaptive Learning Theory. A
mixed-method approach was adopted, combining qualitative interviews with 8 students and 8 lecturers and
structured surveys from 124 randomly selected students and lecturers, achieving an 81 % response rate.
Structural equation modeling was employed to examine the relationships between Al-driven parameters and
academic course delivery. It was found that personalized learning, natural language processing, intelligent
tutoring systems, and data-driven insights significantly enhance course delivery, while virtual and augmented
reality showed limited impact in this setting. The results highlight AI's potential to transform course design and
delivery in Technical Universities, leading to improved learning outcomes. The study presents exciting possi-
bilities that Al presents for educators and policymakers.

Course delivery
Structural equation modelling
Adaptive learning theory

1. Introduction

The application of Artificial Intelligence (AI) across various in-
dustries has significantly enhanced operational processes and improved
outcomes. In manufacturing, for instance, Al has been instrumental in
improving decision-making and process efficiency [1], while also
enabling predictive maintenance and autonomous operations [2].
Similarly, the rapid adoption of Al is reshaping the workforce landscape,
creating both opportunities and challenges that demand urgent ups-
killing and reskilling initiatives to future-proof sectors such as education
and technical training [3]. These industry-wide transformations under-
score the growing relevance of Al in enabling adaptive and sustainable
systems, making its application in academic course delivery, especially
within Technical Universities, both timely and critical. In education,
Al-driven tools such as natural language processing (NLP), intelligent
tutoring systems (ITS), data-driven insights (DDI), and virtual/aug-
mented reality (VR/AR) have demonstrated their potential to improve
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learning experiences and instructional delivery [4-7]. However, con-
cerns persist among educators regarding data privacy, algorithmic bias,
and the potential for Al to undermine students’ critical and analytical
thinking skills [8,9]. Despite these concerns, research has highlighted
Al’s capacity to enhance learner-instructor interactions, underscoring
the need for further investigation into its role in academic course de-
livery, particularly in Technical Universities [5,10,11]

A thorough analysis of Al in Education (AIED) revealed that Al has
the potential to transform hybrid education by improving the indepen-
dence of both students and instructors, while creating a more dynamic
and participatory learning atmosphere [12]. AIEd has been extensively
adopted and used in the educational settings of many universities in
developed countries [5,13-16]. However, these studies do not cover
specialized applications to Technical Universities (TUs) and other
intrinsic challenges that such institutions of developing countries ought
to overcome for complete adoption and integration in academic course
delivery.
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As Technical Universities in developing countries strive to improve
educational quality and accessibility, the integration of Artificial Intel-
ligence (AI) offers transformative potential for academic course de-
livery. Al applications in personalized learning, natural language
processing, intelligent tutoring systems, and data-driven insights hold
the promise of individualized learning experiences, enhanced instruc-
tional methods, and more efficient resource allocation. Despite the
growing potential of Al-driven tools in education, the adoption of Vir-
tual and Augmented Reality (VR/AR) remains a challenge, particularly
in resource-limited settings. The integration of VR/AR requires
specialized hardware, high-bandwidth internet, and significant institu-
tional investment, which can be prohibitive for many Technical Uni-
versities. For instance, institutions often struggle with the high costs of
headsets and other equipment, as well as limited budgets to support such
investments [17]. Additionally, factors such as accessibility, cost, and
technical expertise hinder widespread implementation. Faculty mem-
bers frequently lack sufficient training to effectively integrate VR/AR
into curricula, while students face challenges in mastering the required
digital literacy skills [18]. These barriers make VR/AR less immediately
impactful compared to other Al-driven tools such as Natural Language
Processing (NLP) and Intelligent Tutoring Systems (ITS), which are more
scalable and accessible in constrained environments. Understanding
these limitations is crucial for designing more inclusive Al adoption
strategies in education. Further, the adoption of Al in education has been
limited, particularly in the technical higher education sector of devel-
oping nations. Existing studies focus predominantly on AI’s general
benefits in broader educational contexts, with little attention to how
these technologies can be harnessed specifically within Technical Uni-
versities, where practical and hands-on learning are crucial.

The lack of empirical studies on AI's impact in this setting creates a
significant knowledge gap, leaving educators, policymakers, and ad-
ministrators without clear evidence or frameworks for implementing Al
effectively. Additionally, the unique needs, constraints, and opportu-
nities presented by Technical Universities in developing countries (such
as resource limitations, specific skill requirements, and diverse student
demographics) necessitate tailored approaches to Al integration.

This study seeks to address these gaps by examining the impact of Al
tools on academic course delivery within Technical Universities, using
Adaptive Learning Theory (ALT) as a guiding framework. The ALT is a
methodology for teaching and learning that attempts to personalize
lessons, readings, practice activities, and assessments for individual
students based on their current skills and performance [19]. The justi-
fication for choosing this theory is founded evidence that it is useful for
providing immediate and specific problem-solving techniques, and
adopting learning contents specific to student skill proficiency [14,20,
21]. Through a mixed-method approach, this study integrates qualita-
tive insights from interviews and quantitative survey data to provide a
comprehensive understanding of AI's role in academic course delivery.
This directly addresses the study’s research questions:

1. How do students and lecturers perceive the role of Al in enhancing
course delivery?

2. Which Al-driven tools significantly influence academic course de-
livery in Technical Universities?

3. What are the key barriers to adopting Al technologies, particularly
Virtual and Augmented Reality (VR/AR), in Technical Universities?

Moreover, this the study fills the gap in literature characterised by
the a noticeable lack of studies that use factor analysis and partial least
squares structural equation model in examining the enhanced academic
course delivery using Al as a tool. The study provides empirical evidence
for informed decisions by stakeholders, ultimately contributing to
improved learning outcomes and educational quality in the technical
higher education sector.
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2. Literature review
2.1. Theoretical foundation: adaptive learning theory

The theoretical foundation of this study is based on the adaptive
learning theory. The adaptive learning theory in the educational space
provides a flexible learning environment for learners and facilitators
[22]. The idea of learning within the adaptive learning module creates
an alleyway for the development of learning content as part of the
learning support tool [23]. It is widely acknowledged that adaptive
learning is a type of learning that offers a suitable environment for
learning, ultimately, through the discovery and summarization of
learners themselves during learning, creates theories, and is able to work
out issues on their own. Adaptive learning is predicated on individual
differences in learners’ knowledge background, learning attitude,
learning style, and learning ability. From the educators’ perspectives,
adaptive learning has been defined as the use of adaptive learning sys-
tems as instructional tools to gather and evaluate data, plan lessons,
comprehend the learning state, assess, and promptly modify the cur-
riculum to match students’ evolving needs.

In the context of TUs, adaptive learning could provide an intelligent
and dynamic modification of learning materials, activities, and content
to match the particular requirements and preferences of individual
students using Al. Adaptive learning theory was used for this study
because it provides tailored learning experiences, raises students’
engagement, maximising and allowing flexibility in course content de-
livery by tutors and facilitators [22,24-26]. It allowed the researchers to
explore the effect of Al capabilities for optimising learners and educa-
tors’ outcomes for enhanced academic course delivery.

2.2. Technical universities and artificial intelligence

Technical Universities (TUs) were established in Ghana per the
Technical Universities Act 2016 (Act 922) to train students in the
technical, vocational, professional, research and innovation fields.
Therefore, transformations in the development of curriculum and course
content delivery using Al are crucial for the TUs considering the
changing academic environment. Al in education provides new oppor-
tunities, potentials and challenges for educational innovations. Change
to personalized learning, stimulating the instructor’s role and the
development of complex educational system have been enhanced [27,
28]. Al techniques such as natural language processing, artificial neural
networks, machine learning, deep learning, and genetic algorithm have
been implemented to create intelligent learning environments for
behaviour detection, model building, learning recommendation, among
others [29,30]. Wang and coworkers [15] have considered the relevance
of Al applications such as ChatGPT and Large Language models (LLM) by
teachers in the school settings. On the hindsight, Al adoption can be
associated with academic integrity, infrastructure and a potential for job
displacement [31,32]. Ethical AI policies, transformative frameworks,
PRISMA (Preferred Reporting Items for Systematic Reviews and
Meta-Analysis), six thinking hats framework and ABCD listing frame-
works have been developed as theoretical frameworks for Al [15,
33-35].

While this study focuses on Technical Universities (TUs) in Ghana, it
is important to place the discussion within a broader global context.
Various TUs and applied sciences universities worldwide have success-
fully integrated AI with a sustainability lens, offering valuable insights.
For instance, Germany’s universities of applied sciences have leveraged
Al in smart manufacturing and green technology education, optimizing
energy use and resource efficiency [36]. Similarly, Finland’s technical
institutions employ Al-driven adaptive learning systems to enhance
sustainability in education [37]. However, the adoption of Al in TUs
across different regions presents unique challenges, particularly in
resource-constrained settings like Ghana. Limited access to
high-performance computing, unreliable internet connectivity, and the
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high costs of Al adoption can hinder full-scale implementation. There-
fore, Al solutions in these contexts must be designed to optimize energy
efficiency, leverage cost-effective cloud-based technologies, and align
with institutional sustainability goals. Integrating these global per-
spectives highlights the potential for Al-driven educational models
tailored to different socio-economic and infrastructural realities.

2.3. Barriers to Al integration in technical universities in developing
countries

While the integration of Artificial Intelligence (AI) into education
holds immense potential, its adoption in Technical Universities (TUs)
within developing countries is often met with significant challenges.
One major barrier is the high implementation cost associated with Al
technologies [38]. The financial investment required for acquiring,
implementing, and maintaining Al systems often exceeds the budgets of
many Technical Universities (TUs) in developing countries. These in-
stitutions frequently prioritize other critical needs, leaving minimal
funding for advanced technologies [38]. Furthermore, the ongoing ex-
penses for updates, maintenance, and scaling exacerbate the financial
burden.

Another significant challenge is the lack of adequate training and
technical expertise. Effective use of Al tools requires instructors and
administrative staff to have sufficient knowledge and skills [39]. How-
ever, training programs tailored to the specific needs of Al in education
are often unavailable or insufficient in developing countries. As a result,
many educators feel unprepared to adopt Al, and the steep learning
curve further discourages widespread usage [40].

Ethical and privacy concerns pose significant barriers to Al adoption
in education [18]. The use of Al involves collecting and processing
personal data, raising critical issues related to data security and privacy
[18]. In developing countries, where data protection laws are often
weak or poorly enforced, there is a heightened risk of data misuse and
potential algorithmic discrimination.

Infrastructure limitations present another substantial hurdle. Many
Technical Universities in developing countries, particularly in low-
bandwidth and rural settings, lack the necessary technological infra-
structure, such as reliable internet connectivity, modern hardware, and
adequate IT support. These deficiencies make it challenging to imple-
ment and sustain Al-driven adaptive learning tools, significantly hin-
dering their effectiveness and accessibility [41].

Finally, resistance to change within educational institutions slows
down Al adoption. Traditional teaching methods are deeply rooted in
the culture and practices of many Technical Universities (TUs). Educa-
tors and administrators may be skeptical about the benefits of Al
leading to reluctance in embracing these advancements [40]. This
resistance often stems from skill gaps and a lack of understanding of AI's
potential. In developing countries, the challenges are compounded by
infrastructural limitations and the need for strategic navigation between
technological potential and effective implementation [40].

Addressing these barriers requires a comprehensive approach that
includes increasing investments in infrastructure, making Al tools more
affordable, providing capacity-building initiatives for faculty and stu-
dents, and establishing ethical guidelines to ensure fair and secure use of
AL Besides, institutions can explore lightweight Al models that function
offline or in hybrid learning environments. Additionally, partnerships
with industry stakeholders can facilitate access to cost-effective Al so-
lutions tailored to low-resource settings. By overcoming these chal-
lenges, Technical Universities in developing countries can unlock the
full potential of AI to enhance sustainable education and improve
learning outcomes.

2.4. Conceptual framework and research scope

The conceptual framework for this study is grounded in constructs
from Adaptive Learning Theory (ALT) and focuses on specific Al-driven
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technologies that enhance academic course delivery in Technical Uni-
versities (TUs). As illustrated in Fig. 1, the framework identifies five core
Al components: Personalized Learning (PL), Natural Language Process-
ing (NLP), Intelligent Tutoring Systems (ITS), Data-Driven Insights
(DDI), and Virtual and Augmented Reality (VR/AR). These components
represent the operational definition of Al in this study. Each componeny
is conceptualized as follows:

e PL refers to Al systems that adapt content to individual learning
styles and progress.

e NLP involves Al tools that support language understanding,
communication, and academic writing.

e ITS are systems that offer automated, interactive learning support
and feedback.

e DDI encompasses the use of Al analytics to inform teaching and
learning decisions.

e VR/AR refers to immersive technologies that simulate real-world
scenarios to enhance engagement and comprehension.

Together, these components form the technological configuration of
Al under investigation, establishing clear boundaries for the study’s
focus and ensuring alignment with ALT. This framework guides both the
data collection and analysis phases and supports the examination of AI’s
pedagogical, practical, and sustainability-related impacts.

3. Methodology and data collections
3.1. Research approach

This study adopted a mixed-method approach to leverage the
strengths of both qualitative and quantitative research. Data collection
and analysis integrated qualitative insights and statistical examination
to provide a comprehensive understanding of Al-driven course delivery
in Technical Universities. A technical route design diagram for this
study, outlining the sequential steps followed through the study is pre-
sented in Fig. 2. Considering the complex nature of the adaptive learning
system and Al, a qualitative inductive approach was employed in the
first phase of the study.

3.2. Qualitative phase

Qualitative interviews of eight (8) students and eight (8) lecturers,
two focus group discussion (FDGs) and cross-sectional survey were
employed for the study. The manual coding strategy was employed,
following an inductive approach in which data from participants was
categorized without fitting it into a predetermined coding frame. This
ensured that analysis was driven by the collected data rather than
imposed structures. Thematic analysis was conducted in two stages:
descriptive (summarizing participant responses) and interpretative
(identifying deeper patterns and meanings).

Transcription of the data initially yielded 51 distinct issues from
students and lecturers. Further analysis consolidated these into 33 cat-
egories, which were further refined into 20 thematic categories such as
Real-Time Feedback, Learning Style Adaptation, Predictive Student
Success Modeling, and Al-Based Course Content Optimization. A final
review of the transcripts and highlighted quotations led to further the-
matic consolidation into five overarching themes: Personalized Learning
Paths, Natural Language Processing, Intelligent Tutorial Systems, Data-
Driven Insights, and Virtual and Augmented Reality. To ensure reli-
ability and consistency, a rigorous iterative review process was con-
ducted, where the authors revisited the data multiple times to refine
categories and validate emerging themes. While no automated thematic
analysis software was used, intercoder agreement was established
through discussion and consensus among researchers to enhance val-
idity. Specifically, two researchers independently coded the data and
then met to compare their initial codes. Differences were discussed
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Fig. 1. Conceptual framework.
Source(s) Authors’ Construct (June 2024)
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Fig. 2. Technical route design diagram for the study.

systematically until consensus was reached for each theme. This itera-
tive process ensured that the themes were grounded in the data and
reflected a shared interpretation. This consensus approach provided
methodological rigor consistent with qualitative research standards.
Microsoft Excel was used to support data organization. Particularly,
Excel functions such as sorting, filtering, and grouping were employed to
organize and review code frequencies and patterns. This facilitated the
aggregation of codes into broader categories and the refinement of
themes into the thematic areas.

Insights from the qualitative interviews played a fundamental role in
shaping the questionnaire used to measure the constructs in the Adap-
tive Learning Theory (ALT). The interview data were analyzed induc-
tively to identify key themes related to students’ experiences and
lecturers’ usage of Al in science, engineering, and humanities course
delivery. These themes were systematically mapped onto the survey
constructs. For instance, discussions on Al-driven personalized learning
experiences led to the development of scale items measuring Personal-
ized Learning (PL), while feedback on Al-powered content optimization
and analytics informed items related to Data-Driven Insights (DDI).
Similarly, lecturers’ perceptions of Al-facilitated student engagement
and real-time assistance contributed to the development of items
assessing Intelligent Tutoring Systems (ITS). Moreover, concerns about
VR/AR accessibility and cost, which emerged as major discussion points,
guided the inclusion of items assessing the challenges of AI adoption in
Technical Universities. This approach ensured that the questionnaire
was directly grounded in empirical qualitative insights, enhancing its

validity and relevance to the study context.

The quantitative survey surveyed the students and lecturers’ per-
ceptions. The analysis identified potential impact of Al in enhancing
course delivery and balanced perspective that considers both the bene-
fits and impacts of Al integration in course delivery in TUs.

Accordingly, purposive sampling was used to select final-year stu-
dents from the science, engineering, and humanities disciplines, as well
as lecturers, for data collection for the qualitative analysis. This
approach was appropriate because it enabled the selection of individuals
with relevant experience and exposure to Al tools in academic settings,
ensuring rich and targeted insights. As affirmed by Creswell [42] and
Yin [43], purposive sampling is suitable when information is required
from individuals with expertise and contextual knowledge of the phe-
nomenon under study.

An interview guide was used for the interviews, which lasted be-
tween 30 min and 60 min. The triangulation methods to coding of the
qualitative data and cross section analyses in the various disciplines
were employed for the study.

3.3. Quantitative phase

On the other hand, the sample for the quantitative study was
randomly sampled to ensure a fair representation of both students and
lecturers. In the quantitative phase, the ALT was used to develop the
questionnaires involving the impact of using Al on course delivery.

A total of 124 questionnaires were distributed, targeting final-year
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students and lecturers across different disciplines. The response rate of
81 % (100 responses) reflects the combined feedback from both groups.
Additionally, the 10-times rule [44], which suggests that the minimum
sample size should be at least 10 times the largest number of indicators
in any construct or the largest number of structural paths directed at any
latent variable, a criterion that our sample meets. The questionnaires
were distributed in a hybrid form through Google Form link created and
shared with students randomly and in-person in the universities between
April and June 2024.

To ensure representativeness, the random sampling process involved
stratification by role, where the population was divided into two distinct
groups: students and lecturers. This approach ensured that both cate-
gories were proportionally represented in the study. Within each stra-
tum, respondents were randomly selected to avoid selection bias and to
provide a balanced dataset for analysis. In order to mitigate other po-
tential biases that could arise because of Al exposure and adoption
across disciplines, efforts were made to engage participants from all
targeted disciplines and ensure balanced representation across roles

Additionally, the distribution of questionnaires was carried out
across multiple disciplines to capture diverse perspectives on Al-driven
course delivery. This method allowed for a more comprehensive un-
derstanding of the varying experiences and insights from both students
and lecturers regarding the integration of Al tools in education.

The questionnaire used the five-point Likert Scale, ranging from 1,
strongly disagree to 5, strongly agree. The use of the Likert scale enabled
accurate ordinal measurements of variables considered in this study.
The questionnaire was pre-tested on six students in the three disciplines
and two lecturers before actual distribution. This paved the way for
assessing the validity of the questions, and correcting errors to improve
the collection of appropriate data for analysis. A sample questionnaire is
provided as Supplementary Material.

3.4. Data analysis

Quantitative data analysis was performed using partial least squares
structural equation modelling (PLS-SEM) version 4. This enabled as-
sessments of validity and reliability of the study. PLS-SEM was chosen
for this study due to its suitability for analyzing complex models with
relatively small sample sizes and its prediction-oriented approach [45].
PLS-SEM focuses on maximizing explained variance in endogenous
constructs, making it particularly effective for exploratory and applied
research settings. One key reason for adopting PLS-SEM is the study’s
sample size, which aligns with best practices recommending PLS-SEM
for studies with smaller datasets, especially when assessing complex
relationships among latent variables [46]. Given our sample size, we
employed bootstrapping (5000 resamples) to improve statistical reli-
ability and mitigate over-fitting concerns

Additionally, PLS-SEM does not assume normal data distributions,
making it a robust choice for datasets where normality cannot be
assumed [45]. To ensure the robustness of the model estimation, key
model fit indices were assessed. The Standardized Root Mean Square
Residual (SRMR) of 0.079 obtained for the model falls within acceptable
thresholds (< 0.08), indicating a good model fit. Other metric values
squared Euclidean distance (3.254) and geodesic distance (3.1) values
further confirm model adequacy, as they are within acceptable bounds
for assessing model discrepancy.

Focusing on AI’s impact on academic course delivery in Technical
Universities, PLS-SEM was the most appropriate choice as it allows for
evaluating complex relationships between Al-driven parameters and
academic outcomes, even with a relatively small sample [47]. This
approach ensures that the model effectively captures relevant relation-
ships and practical implications, making it highly relevant to this study.

3.5. Statement of informed consent

All participants were informed about the purpose and scope of this
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study, including the collection and usage of their data to evaluate the
impact of Al tools on academic course delivery in Technical Universities.
Participants were notified that their involvement was voluntary and that
they could withdraw from the study at any time without penalty. They
were assured of the confidentiality and anonymity of their responses,
with all identifying information removed or anonymized in the report-
ing process. Consent was obtained from each participant prior to data
collection, with an understanding that the results would be used strictly
for academic research and publication purposes.

4. Results
4.1. Results of qualitative analysis

The results were corroborated with qualitative interviews and FGDs
and participants revealed their familiarity with some Al tools which they
mostly use daily and a few weekly for academic learning using the ALT.
They indicated their familiarity with tools such as quillbot, perplexity ai,
reo, lamda, chatGPT, gemini, grammarly, consensus apps, plaito and
jupiter among others for academic learning. Participants in the FGDs 1
confirmed that some Al tools have been used as:

We are in a global world and we are aware that Al is the way to go for
our academic work. It is very important we familiarise ourselves with
the use of Al tools in this digital technology era. The digital devices
such as laptops and smart phones with access to internet enable us to
access and explore the Al tools. It enables us to compete intellectu-
ally with our counterparts in the intellectual global space (Focus
Group Discussion 1).

The implication of these results revealed that the participants made a
conscious and deliberate effort to use the Al tools to enhance their ac-
ademic work, and these had consequences on the academic course de-
livery. While many indicate that Al has been introduced in some of their
courses of study such as software development with python, program-
ming, project work and java script, web programming, data structures
and algorithms for the science and engineering participants, little
awareness existed among participants in the humanities.

Several participants indicated that the AI usage was very beneficial
to them and had a significant positive impact on their academic work
and learning. It was alarming for first time users of AL They initially
used it for their private studies and social activities before they explored
the Al tools to assist them to understand some of their courses. Many of
the participants use the Al for personalised learning and most of the time
refers to the Al tools to solve some of their assignments and course work
for them.

One participant stated:

I find it sometimes difficult to comprehend some of the courses our
lecturers teach us. We have seen the potential of the Al to assist us
understand our courses better from different perspectives and make
useful contribution during the course delivery. Though it is fast and
reliable tool for academic course delivery, it requires that students
become cautious in its usage since it could make one lazy (Student 5)

However, some participants raised concerns about academic integ-
rity, particularly regarding students relying on Al to generate assign-
ments rather than engaging in critical thinking. There were also
discussions about data privacy risks, as many Al tools require personal
data input, raising fears about how this information is stored and used.
These concerns are particularly relevant in the context of Ghana’s Data
Protection Act, 2012 (Act 843), which regulates the collection, use, and
disclosure of personal data. Although many Al tools operate outside
local jurisdiction, participants’ apprehensions reflect a growing aware-
ness of the need for stronger safeguards and digital literacy in line with
national data protection policies. Another key concern was the potential
over-reliance on Al, which, according to some lecturers, might hinder
students from developing independent problem-solving skills. One
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participant noted that while AI provides quick answers, it does not al-
ways encourage deep learning, making it essential for students to use Al
responsibly.

Apart from personalised learning, it was observed from the in-
terviews and FGDS that participants used the Al tools to facilitate their
language learning and understanding of course content and delivery. It
also increases their accessibility in the language processing and mini-
mizes the language barriers in the course content. Different explanations
and perspectives are demonstrated using the Al tools.

One FGDs 2 member reiterated that:

Some of the courses delivered by our lecturers are very technical and
difficult to comprehend. However, with the use of the AL I have been
able to understand many of the courses I had challenges. Technical
languages are no more a barrier as explanations and different per-
spectives are available through Al (Focus Group Discussion 2).

Beyond academic support, participants acknowledged AI’s potential
in sustainable resource management, such as optimizing learning ma-
terials and reducing reliance on printed textbooks through digital tools.
Some also noted how Al-driven language translation and accessibility
features promote inclusivity, enabling students from diverse linguistic
backgrounds to engage with course content more effectively. Addi-
tionally, participants expressed optimism about AI enhancing future
employability, as exposure to Al tools prepares them for technology-
driven job markets and fosters essential digital skills.

The qualitative data disclosed that many of the participants have
experienced adaptive learning to enhance their academic progress.
Critical thinking skills, intellectual discourse and quality of content and
relevant courses have been improved. Again, data driven insights have
been acquired using the Al tools.

One participant interviewed stated:

I do acknowledge the potential benefits of the Al tools in sharpening
my thinking skills and helping to be innovative and thinking outside the
box. I have observed that since I started using the AI my academic
performance has improved and I am able to follow the course being
taught in class (Student 8).

The Al concept is catching up with the TUs because programmes and
courses in Al are being introduced and the AI tools are being used for
academic learning. The virtual reality and augmented reality do exist for
the TUs to take advantage of it. It was noticed that though the AI con-
cepts are being adopted in the TUs context, a policy guideline of its usage
is required to obtain the maximum benefits and impact in the course
delivery. It can be adopted and applied to all courses for a better un-
derstanding of students’ academic work and provide a robust course
content and delivery.

A lecturer interviewed claimed this:

As a University, we cannot assume that Al tool usage is the prerog-
ative of students to explore. We want to see our lecturers embedding
this AI concept and tools usage in every aspect of our academic
course and delivery. This will enhance our thinking and innovative
skills. Our curriculum design and instructional strategies should be
practically guided by current AI tools for more self-innovative
teaching and learning as it is done in developed countries. We are
far behind and must catch up quickly. It seems to me that more
lecturers are becoming aware that we should develop the curriculum
for our students to adopt modern technological trends (Lecturer 1).

In order to systematically present the qualitative insights, Table 1
categorizes participants’ responses into key themes, highlighting their
perspectives on Al integration in academic course delivery.

4.2. Results of quantitative analysis
4.2.1. Demographic characteristics

The cross-section demographic composition of the study is in
Table 2, which displays the ages, sex, programme and field of study for

Table 1
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Qualitative Findings on Al integration on Academic Course Delivery.

Theme

Key findings

Representative quotes

Al familiarity
and usage

Benefits of Al in

Most students and lecturers
are familiar with Al tools
such as ChatGPT, Quillbot,
Gemini, and Grammarly.
Al enhances personalized

"We are in a global world, and
we are aware that Al is the
way to go for our academic
work." (FGD 1)

"I find it sometimes difficult to

Learning learning, aids in comprehend some courses. We
understanding complex have seen the potential of the
topics, and provides multiple Al to assist us understand our
perspectives. courses better" (Student 5)

Language AT tools help students "Technical languages are no
Processing and overcome language barriers, more a barrier as explanations
Accessibility improving comprehension. and perspectives are available

through AL" (FGD 2)

Impact on Al supports intellectual "Since I started using Al, my

Critical discourse, improves academic performance has

Thinking reasoning, and enhances improved." (Student 8)

Challenges in Al

content quality.
Limited awareness in

"A policy guideline on Al

Adoption humanities, lack of usage is required to maximize
institutional policy its impact." (Lecturer 1)
guidelines, and concerns
over-reliance.

Need for Al should be embedded in all ~ "Our curriculum design and
Curriculum courses for better academic 362instructional strategies
Integration delivery. should be practically guided

by current Al tools for more
self-innovative teaching and
learning as it is done in
developed countries."
(Lecturer 1)

Table 2

Demographic Characteristics of Respondents.

Variables Frequencies Percentages
n =100 100 %

Age

19-29 53 53.2

30-39 37 36.7

40-49 9 8.9

50+ 1 1.2

Sex

Male 69 69.4

Female 31 30.6

Programme

Non-Tertiary 14 14.1

HND 30 30.2

BTech 52 52.1

Masters 4 3.6

Field of Study/Teaching

Sciences 43 43.2

Engineering 42 41.5

Humanities 15 15.3

Source (s) Field Survey, June 2024.

students and lecturers’ respondents. The highest ages of respondents
ranged from 19-29 years, representing 53 % and the least of 40 years
and above represented 10 %. The respondents were predominantly
males, making up to 69 % (69) of the sample according to the de-
mographic parameters used in the study. The level of programmes of
study and teaching the respondents were mainly Bachelor of Technology
(B. Tech) 52 % (52). This is followed by the Higher National Diploma
(HND) programmes 30 (30 %) in the Technical Universities. Only a
small percentage 14 % and 4 % of the respondents respectively were
studying and teaching non-tertiary and masters’ students. The field of
study and teaching of respondents were predominantly science and
engineering representing 43 % and 42 respectively.
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4.2.2. Impact of AI on academic course delivery

Analysing the data using structural equation modelling enabled the
assessment of the load of item on every factor considered for the study.
We found satisfactory loadings on each of the factors personalized
learning, natural language processing, intelligence tutorial system, data
driven insights, virtual and augmented reality, and the measures of ac-
ademic course delivery. The satisfaction of these loadings emanates
from the high loading values that ranged between 0.7 and 1.0. Besides,
the constructs presented in this study were assessed to empirically
establish our assertion that by integrating Al into design and delivery of
courses, educators would enhance course delivery in Technical Uni-
versities. It was found that AI measures such as natural language pro-
cessing, intelligent tutorial system, data driven insights, and Al aids in
personalized learning enhanced academic course delivery (Table 3).
These were shown by the positive and statistically significant parameter
or regression coefficients of the Al variables (Table 3). These findings are
consistent with the findings of the qualitative analysis where re-
spondents’ consensus responses suggested that adopting AI enhanced
course delivery. However, virtual and augmented reality was not sta-
tistically significant although it had a positive coefficient to suggest it
could enhance academic course delivery (Table 3).

The statistically significant Al measures, natural language process-
ing, intelligent tutoring systems, data-driven insights, and personalized
learning, underscore the transformative potential of Al-driven education
in Technical Universities. These findings suggest that Al integration not
only enhances course delivery but also fosters sustainable educational
development by improving learning efficiency, accessibility, and
adaptability. In the context of sustainable development, these Al-driven
improvements align with SDG 4 by ensuring inclusive and equitable
learning experiences, particularly in resource-constrained environ-
ments. Moreover, the positive but non-significant effect of virtual and
augmented reality highlights the need for further investment in infra-
structure and digital capacity building within Technical Universities,
ensuring that emerging Al technologies are both accessible and im-
pactful in fostering long-term sustainability in education.

These results are further supported in the structural model (Fig. 3).
All the factor loadings connecting every item to each variable were
found to be statistical (p = 0.000). The model was deemed fit as 89 per
cent of the variation in academic course delivery is explained by the
model of the Al measures (R-square = 0.89, Adjusted R-square = 0.88).
Intelligent tutorial system had 4 factor loadings and the greatest impact
on academic course delivery compared to data driven insights, person-
alized learning, and natural language processing (Table 3). Among the
variables that were statistically significant, Natural language processing
had the least impact on academic course delivery (17.8 per cent). This
was to be expected since natural language required more technical skills
for its usage. We further assess the statistical adequacy of the study.

Further confirmation of validity of study instruments and quality of
study using measures such as Cronbach alpha, composite reliability, and
average variance extracted (AVE). Besides the natural language pro-
cessing that could lead to a Cronbach’s alpha of 77 per cent, the other
variables related higher values ranging between 83 per cent and 95 per
cent (Table 4). These higher values support acceptable internal consis-
tency, demonstrating strong reliability of our measurements supporting
the results for the study [48]. Furthermore, validity of our construct’s
reliability and validity instruments are supported with >50 per cent

Table 3

Statistical significance of AI parameters on course delivery.
AI Parameter Coefficient P-value
Personalized learning 0.203 0.001
Natural language processing 0.178 0.006
Intelligent tutorial system 0.376 0.000
Data driven insights 0.258 0.001
Virtual and augmented reality 0.084 0.330

Sustainable Futures 10 (2025) 100828

values for composite reliability and average variance extracted
(Table 4).

The strong reliability and validity of the study instruments, as evi-
denced by high Cronbach’s alpha (77 %-95 %), composite reliability,
and average variance extracted (above 50 %), reinforce the robustness of
the findings. In the context of sustainable development, these results
ensure that Al-driven educational interventions are measured with
precision and consistency, contributing to data-driven policy and
decision-making in Technical Universities. Reliable measurement tools
support the development of scalable and replicable Al-enhanced
learning models, which are essential for achieving SDG 4 by promot-
ing evidence-based improvements in teaching and learning. Further-
more, strong construct validity enhances confidence in AI's role in
fostering innovation, skill development, and long-term sustainability in
education.

Further, it must be mentioned clarified that the R-squared value of
0.89 indicates a strong explanatory power of the model, demonstrating
that Al-driven tools significantly impact academic course delivery in
Technical Universities. However, we acknowledge the potential con-
cerns regarding overfitting, particularly given the relatively small sam-
ple size. Overfitting occurs when a model captures noise or specific
patterns in the training data that may not generalize well to broader
populations. Measures mitigate these risks including bootstrapping and
the use of PLS-SEM, a method well-suited for predictive modeling in
small sample sizes due to its ability to handle complex relationships
while maintaining robustness, were employed. Additionally, model
complexity was carefully managed to prevent excessive parameteriza-
tion. Nonetheless, the constraints of data availability remain a limita-
tion. Future studies with larger and more diverse datasets across
multiple institutions would provide further validation and enhance the
generalizability of our findings.

4.3. Contextualizing findings within the global trends in Al and education

The findings of this study aligns with global trends in Artificial In-
telligence in Education. This emphasizes the transformative role of Al
tools in enhancing personalized and adaptive learning experiences. The
results show a significant trend of Al adoption among students for aca-
demic learning, aligning with global shifts in education. Students are
actively using a variety of Al tools like QuillBot, Perplexity Al, and
ChatGPT to enhance their understanding of course content, overcome
language barriers, and personalize their learning experiences is consis-
tent with global observations [49,50]. This reflects a broader move to-
wards integrating Al to support learning and improve accessibility. The
increased use of Al for personalized learning is also observed in the use
of Al for assignments and coursework, which has resulted in improved
academic performance and engagement among students.

However, the findings also underscore specific contextual challenges
and opportunities for Technical Universities in developing countries.
The conscious efforts of participants to use Al tools, despite limited
institutional support, highlight a growing awareness of AI's educational
value. Yet, the lack of structured curriculum integration and institu-
tional policies for Al usage creates a gap compared to global bench-
marks, where Al tools are deeply embedded in educational strategies.

Prior studies suggest that the integration of Al in educational
curricula is still in its infancy, particularly in developing regions. For
instance, it has been emphasized that the effectiveness of Al technology
in learning is significantly influenced by infrastructure and organiza-
tional support, indicating that many institutions struggle with these
foundational elements [51]. This gap in curriculum design reflects a
broader trend where educational institutions fail to keep pace with
technological advancements, resulting in a disconnect between stu-
dents’ learning experiences and the skills required in the global job
market [52].

The call for policy guidelines, training, and curriculum redesign to
incorporate Al tools reflects a pressing need to align universities with
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Fig. 3. Structural model of Al enhances academic course delivery (ACD). The significance of relationships is indicated by p-values on the arrows.

Table 4
Construct reliability and validity.
Cronbach’s Composite Composite Average
alpha reliability reliability variance
(rho_a) (rho_c) extracted
(AVE)

Academic 0.953 0.954 0.958 0.604
Course
Delivery

Data Driven 0.832 0.84 0.922 0.856
Insights

Intelligent 0.891 0.891 0.925 0.754
Tutorial
System

Natural 0.766 0.77 0.895 0.81
Language
Processing

Personalised 0.899 0.903 0.937 0.832
learning

Virtual and 0.941 0.943 0.954 0.774
augmented
reality

global trends which have been reported in other related studies [29,53].
By addressing these gaps and ensuring equitable access, Technical
Universities can harness Al to not only improve academic course de-
livery but also position their students to compete in the global intel-
lectual and technological space.

4.4. Consensus findings from qualitative and quantitative analysis

To enhance the linkage between qualitative and quantitative find-
ings, we explicitly examined how themes identified from FGDs align
with the statistical results obtained from PLS-SEM. The qualitative data
revealed that faculty members and students widely acknowledged Al-
driven tools as beneficial for academic course delivery, particularly in
areas such as personalized learning and intelligent tutoring systems
(ITS). These insights align with the statistically significant positive co-
efficients observed for Al measures such as natural language processing
(NLP), intelligent tutoring systems (ITS), and data-driven insights (DDI).
However, VR/AR emerged as a key point of divergence between quali-
tative and quantitative findings. While the statistical results showed that
VR/AR had a non-significant effect, qualitative responses emphasized its

potential benefits but also highlighted concerns regarding accessibility,
infrastructure costs, and technical expertise required for effective
adoption. This suggests that while VR/AR holds promise, its limited
practical implementation and institutional readiness may have
contributed to the observed statistical insignificance. These consensus
findings emphasize the need for targeted institutional strategies to
overcome implementation barriers and maximize AI's impact on aca-
demic course delivery. A summary of the alignment between qualitative
and quantitative findings is presented in Table 5, highlighting points of
convergence and divergence across the AI components examined.

5. Discussion

This study examined the impact of Al integration on academic course
delivery in Technical Universities (TUs), guided by the following
research questions:
1. How do students and lecturers perceive the role of Al in enhancing

course delivery?

Table 5
Alignment of Qualitative Themes and Quantitative Results on AI Tools.

Al Component Qualitative Insight Quantitative Alignment
Result

Personalized Strongly perceived as Statistically Aligned

Learning (PL) enhancing learning significant positive
flexibility and student effect (p < 0.05)
engagement

Natural Used to support Statistically Aligned
Language academic writing, significant positive
Processing comprehension, and effect (p < 0.05)

(NLP) language processing

Intelligent Recognized for adaptive Statistically Aligned
Tutoring feedback, student significant positive
Systems (ITS) support, and effect (p < 0.05)

independent study

Data-Driven Helps track student Statistically Aligned

Insights (DDI) performance and inform significant positive
learning strategies effect (p < 0.05)

Virtual and Acknowledged potential Statistically non- Partial
Augmented benefits, but barriers significant effect divergence
Reality (VR/ noted: access, cost, lack (positive
AR) of training coefficient)
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2. Which Al-driven tools significantly influence academic course de-
livery in TUs?

3. What are the key barriers to adopting Al technologies, particularly
Virtual and Augmented Reality (VR/AR), in TUs?

Addressing Research Question 1, qualitative findings revealed that
both students and lecturers recognize Al as a valuable tool in academic
learning. Students highlighted AI’s role in improving understanding of
complex course content, while lecturers emphasized the urgency of
integrating Al into curriculum development. These insights were rein-
forced by statistically significant relationships between Al parameters
namely personalized learning (PL), natural language processing (NLP),
intelligent tutoring systems (ITS), and data-driven insights (DDI), and
course delivery (P < 0.05). This aligns with recent studies on Al in ed-
ucation that contextualize student learning, reduce teaching workload,
and enable intelligent feedback systems [5,13,16,54,55].

In response to Research Question 2, participants reported frequent
use of Al tools such as ChatGPT, Grammarly, Quillbot, Consensus Al,
Gemini, and others. ChatGPT and Grammarly were most used (27 %),
confirming trends in similar studies [56]. Although all respondents had
access to Al tools, most used laptops (64 %) or smartphones (21 %),
while inconsistent internet access remained a challenge. Our findings
confirmed that PL significantly enhances academic delivery (Table 3), as
Al systems tailor content to individual learner needs, consistent with
Chaudhry and Kazim [57]. Likewise, NLP supported comprehension and
linguistic accessibility [58,59], and ITS improved engagement through
real-time feedback and adaptive learning [60-63]. DDI also enabled
strategic decision-making through performance trend analysis [64,65],
highlighting its relevance in resource-constrained TUs.

In relation to Research Question 3, while VR/AR showed a positive
coefficient, it was not statistically significant (Table 3). Qualitative in-
sights revealed four main barriers: lack of awareness and training,
limited curricular integration, infrastructure costs, and institutional
resistance. Many lecturers and students had not received adequate
training on VR/AR, and the technology remained peripheral to the
curriculum. Moreover, advanced hardware requirements and usability
issues limited accessibility. Institutional resistance rooted in traditional
teaching cultures further stalled adoption [66].

To address these barriers, TUs should implement structured training
programs, develop course-specific VR/AR content in collaboration with
industry, and embed VR/AR in core curricula. Cloud-based VR platforms
may improve accessibility, while policies and budget allocations can
incentivize adoption of immersive technologies.

Beyond academic delivery, the study emphasizes AI's role in
fostering socioeconomic development. Tools like ITS and DDI nurture
critical thinking and innovation skills vital for bridging workforce gaps
in technology and engineering. Al-enabled education also supports
entrepreneurial ecosystems by equipping students with self-directed
learning capacities and creative problem-solving abilities. These out-
comes align with global sustainability objectives, including SDGs on
Quality Education, Decent Work and Economic Growth, and Industry,
Innovation, and Infrastructure. This aligns with global best practices and
ethical considerations as emphasized in UNESCO’s Guidance for
Generative Al in Education and Research [67].

Ultimately, by integrating Al in teaching and learning, TUs can act as
catalysts for socioeconomic transformation, creating inclusive,
innovation-driven ecosystems where education and technology inter-
sect. This study thus reinforces existing AIEd research while offering
local insights that inform broader implementation strategies. Overall,
the findings of this study not only align with and reinforce existing
research in Al and education but also offer new context-specific insights
for Technical Universities in developing countries, thereby contributing
to the global discourse on Al integration in sustainable and inclusive
academic delivery.
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5.1. Social, practical and theoretical implications

Education policymakers should unreservedly embrace the use of Al
tools for enhancing education, especially in Africa. Rigorous utilisation
of Al in Technical Universities (TUs) across all courses and programmes
will boost the technological drive for innovation in these emerging
universities [68-70]. Practically, this will encourage more applied
research in this area by TUs. The use of Al could also enhance entre-
preneurship education in the TUs [71-73]. Consequently, the integra-
tion of Al in course design and delivery will improve knowledge transfer
through personalised learning for students and educators alike. This will
enable both groups to explore and better understand Natural Language
Processing (NLP), Intelligent Tutoring Systems (ITS), Data-Driven In-
sights (DDI), and Personalised Learning (PL), which can drive innova-
tion and improve learning outcomes.

However, the successful integration of Al in education requires tar-
geted policy measures and a collaborative approach involving govern-
ment, institutional governance, and industry stakeholders. Governments
should develop clear policy frameworks that support the integration of
Al tools in education, prioritizing equitable access to the required digital
infrastructure, such as internet connectivity and devices like smart-
phones, laptops, and desktops [74-76]. Institutional governance within
TUs must adopt strategies to embed Al into curricula while promoting
responsible and ethical Al use. This includes capacity-building initia-
tives for faculty members to integrate Al-driven teaching tools and
ensuring that students are educated on the ethical implications of Al
usage.

Furthermore, fostering industry collaboration is crucial to accelerate
Al adoption. Partnerships with tech companies can ensure that cutting-
edge Al tools are accessible and tailored to the specific educational
needs of TUs. These collaborations can also provide opportunities for
research, internships, and skills improvement, enabling students to
contribute meaningfully to the workforce and innovation ecosystems. By
leveraging such partnerships, TUs can align with global best practices in
Al integration and position themselves as key players in the knowledge
economy.

To ensure the systematic and sustainable integration of Al in Tech-
nical Universities, institutions can adopt best practices from established
frameworks such as UNESCO’s guidelines on Al in education and the
IEEE’s Ethically Aligned Design for AI. UNESCO’s guidance emphasizes
human agency, inclusion, equity, and ethical governance, providing
foundational policies for responsible Al implementation in education
[67]. The IEEE framework advocates embedding ethical considerations
into Al systems from their inception, prioritizing transparency, human
well-being, and accountability (Shahriari and [77]). Technical Univer-
sities can align their Al strategies with national digital transformation
policies, leveraging governance models that emphasize inclusive edu-
cation and long-term resource efficiency. For instance, Singapore’s
Institute of Technical Education (ITE) has implemented Al-driven
educational models through collaborations like its AI Lab with Micro-
soft, equipping students with responsible Al skills [78]. Furthermore,
Technical Universities can look to models such as India’s AI for All
program, which integrates Al literacy at multiple education levels and
fosters industry-academia collaboration [79]. Establishing clear insti-
tutional policies, faculty training programs, and Al ethics committees
can further support responsible and structured Al adoption in technical
universities.

Graduates trained in Al from Technical Universities (TUs) play a
critical role in addressing local and national development goals by
driving technological innovation, improving productivity, and fostering
digital transformation in key industries. In Ghana, AI expertise aligns
with government initiatives such as the National Digital Transformation
Agenda, which emphasizes the use of emerging technologies to enhance
education, healthcare, and industrial processes [80]. Graduates skilled
in Al can contribute by optimizing agricultural processes through pre-
dictive analytics, enhancing financial inclusion via Al-driven fintech
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solutions, and supporting smart city initiatives for efficient urban
planning. By leveraging such frameworks, Ghanaian TUs can develop
structured Al  curricula that are industry-aligned, gov-
ernment-supported, and locally relevant, ensuring that Al adoption
contributes meaningfully to sustainable development

5.2. Implications on global sustainability agenda

The integration of Al in education, particularly in Technical Uni-
versities (TUs), holds substantial potential to contribute to recognized
sustainability frameworks, such as the United Nations Sustainable
Development Goals (SDGs). Al-enhanced academic course delivery
aligns closely with SDG 4, which emphasizes inclusive and equitable
quality education and lifelong learning opportunities for all. By
personalizing learning experiences, Al can bridge learning gaps, pro-
mote equity, and ensure that diverse student populations, including
those in underserved and resource-constrained communities, have ac-
cess to tailored, high-quality education. This fosters the development of
skills needed for sustainable economic growth and innovation, as out-
lined in SDG 8.

Further, Al tools enable data-driven insights, which empower edu-
cators and institutions to optimize resource allocation, reduce in-
efficiencies, and promote sustainability within their operational
structures. For instance, by leveraging intelligent tutorial systems and
virtual platforms, TUs can minimize dependence on physical infra-
structure and traditional methods, reducing environmental footprints.
This contributes to SDG 9, which advocates for innovation, infrastruc-
ture development, and sustainable industrialization.

The broader implications of Al-enhanced education also support SDG
17, which emphasizes partnerships for sustainable development. Al
integration facilitates global collaboration by enabling students and
educators to access shared knowledge, collaborate across borders, and
adopt best practices in technology-driven education. In this way, the
study’s findings on AI’s role in improving academic course delivery can
be positioned as a pathway toward achieving sustainability by building
resilient, adaptive, and equitable educational ecosystems. By embedding
Al into the core of educational delivery in TUs, institutions can foster
sustainability not only in their academic outcomes but also in their
contributions to societal and environmental resilience.

To embed Al in pedagogically efficient, sustainable, and ethically
responsible ways, TUs should adopt a structured Al integration frame-
work guided by key principles such as transparency, accountability, and
equitable access. To begin with, policy frameworks should be developed
to ensure Al applications align with institutional and national education
goals while mitigating risks such as data privacy concerns and algo-
rithmic bias. Furthermore, faculty and student training programs should
be prioritized to build digital literacy and ethical awareness regarding
AI’s role in education. In addition, industry collaborations with Al firms
and policymakers can facilitate the development of contextually rele-
vant Al solutions tailored to the needs of TUs. It is further suggested that
Al integration should be continuously monitored through impact as-
sessments and feedback loops, ensuring that the technology remains a
tool for inclusion and not exclusion. By aligning Al-driven education
with global sustainability initiatives, TUs can create a transformative
learning ecosystem.

6. Conclusion

A conceptual framework based on ALT was developed for the study,
which established that Al enhanced academic course delivery. The study
confirmed the relationships between Al-inspired tools involving PL,
NLP, ITS, DDI and VRAR and improving academic course delivery. The
study bridges the theoretical gap of how the interaction between PL,
NLP, ITS, DDI and VRAR is pivotal in defining AI tools. The study
showed that AI (parameterized by PL, NLP, ITS, DDI) positively in-
fluences academic course delivery for effective academic performance
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with the exception of VRAR whose effect is not statistically significant.
Nevertheless, qualitative analysis of FGDs provided general support that
using Al enhanced academic course delivery and learning outcomes.
Therefore, the study provides an empirical support to the preposition
that the integration Al in academic course delivery in TUs improve
learning outcome. This sets the basis for other future works.

Future research could explore how Technical Universities (TUs) can
systematically integrate Al solutions to align with sustainability goals,
such as optimizing energy consumption, minimizing resource wastage,
and fostering economic resilience. For instance, Al-driven systems could
enhance efficiency by reducing redundant administrative processes,
enabling smart resource allocation, and supporting energy-efficient
digital learning environments. Additionally, AI applications in educa-
tion could contribute to socio-economic development by improving
workforce readiness, fostering innovation ecosystems, and promoting
equitable access to learning resources. Further, a potential future study
could employ longitudinal studies to assess Al's sustained impact on
student performance, retention, and engagement over multiple semes-
ters or years. Additionally, for long-term integration, Technical Uni-
versities must establish clear policies and structured training modules
that equip lecturers with the skills to embed Al-driven approaches
consistently across curricula, ensuring both pedagogical effectiveness
and sustainability. Examining these synergies will provide valuable in-
sights for policymakers and institutions seeking to balance technological
advancement with sustainable development objectives.

7. Limitation and future research

One limitation of this study is the sample size, consisting of quali-
tative interviews with 8 students and 8 lecturers, along with structured
responses from 124 randomly selected students, resulting in an 81 %
response rate. While the sample size may appear modest, it was selected
to ensure a manageable yet insightful balance of perspectives, consid-
ering the study’s specific context in Technical Universities within a
developing country. The qualitative component allowed for in-depth
understanding of participant experiences with Al-driven course de-
livery, while the quantitative survey provided statistically relevant in-
sights that reflect broader trends in student perceptions and learning
outcomes. However, this sample size may limit the generalizability of
the findings across diverse educational institutions or regions. Larger
samples could potentially capture a wider range of experiences and
further validate the findings. Future studies with expanded participant
pools could build on these results, helping to confirm or refine the
identified relationships between Al tools and academic course delivery
outcomes.

Besides, the limited use of Al tools significantly restricts the potential
benefits that AI could bring to educational practices. Future research
should investigate how a more comprehensive and widespread inte-
gration of AI could enhance academic course delivery. Second, the study
focused exclusively on technical education, which, while important,
does not account for the variety of subjects and learning styles found in a
broader educational curriculum. It would be useful to explore the
application of Al tools across different educational fields to determine if
the findings are consistent across a wider range of subjects. Furthermore,
future studies should replicate this research in various emerging coun-
tries to provide a more comprehensive understanding of how Al can be
integrated into diverse educational systems. Moreover, the focus on one
geographical area and one type of education highlights the need for
broader studies that consider different views and educational levels.
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