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Abstract: As educational landscapes evolve, Generative Artificial Intelligence (AI) is
emerging as a pivotal tool in reshaping higher education. This study explores the role of
Generative Al in bridging educational gaps and promoting edquitable, inclusive, and
high-quality learning—particularly within the disciplines of Agricultural Engineering
and Biochemistry. Anchored in the framework of United Nations Sustainable
Development Goal 4 (SDG 4), which seeks to "ensure inclusive and equitable quality
education and promote lifelong learning opportunities for all," the paper critically
analyzes how Generative Al can democratize access to personalized, context-aware
educational resources. Through a case study approach, the research examines student
experiences, learning outcomes, and institutional readiness in deploying Al-driven
tools. Furthermore, the study investigates challenges related to digital accessibility,
quality assurance, and ethical implications, as well as the entropy—or systemic
unpredictability—introduced by Al in structured academic environments. Findings
suggest that while Generative Al holds transformative promise, its success in advancing
SDG 4 depends on careful, inclusive, and ethically guided implementation strategies
tailored to disciplinary needs.
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1 Introduction

The integration of artificial intelligence (AI) into higher education is reshaping how
institutions deliver education, aligning with broader global goals such as the United
Nations’ Sustainable Development Goals (SDGs). Specifically, Sustainable Development
Goal 4 (SDG 4) seeks to “ensure inclusive and equitable quality education and promote
lifelong learning opportunities for all” [23]. Generative Al, a subset of Al that creates
new content based on existing data, holds significant potential to address these aims by
enhancing educational inclusivity, accessibility, and quality [8].
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Generative Al models such as OpenAl's GPT series, Google's BERT, and various others
have demonstrated the ability to produce human-like text, images, and other media
formats [2,5]. These capabilities open new avenues for educational content creation and
personalization. Through Al-driven tools, institutions can deliver customized learning
experiences tailored to individual learning needs, which is crucial for achieving SDG 4’s
goal of inclusivity [26]. Studies indicate that such tailored approaches can improve
learning outcomes by catering to diverse learning paces and preferences, an approach
that is especially beneficial for non-traditional students [25,21].

Generative Al can also assist in addressing language and accessibility barriers by
translating materials into multiple languages and adapting them for learners with
disabilities, thereby fostering an inclusive learning environment [11,16]. For instance,
Natural Language Processing (NLP) technologies are being increasingly used to
translate complex content into simplified versions, benefiting non-native speakers and
students with learning disabilities [7]. As education becomes more accessible,
institutions can reduce disparities in learning opportunities, further aligning with the
UN’s Agenda 2030 [22].

In the context of lifelong learning, Generative Al enables the creation of micro-learning
modules tailored to specific skills, which aligns with the SDG 4 objective of fostering
continuous learning beyond formal education [13]. Lifelong learning is increasingly
critical in a world where technology and labor demands evolve rapidly [3]. Al-driven
microlearning platforms, like those developed by Coursera and Udacity, have been
shown to effectively promote the acquisition of targeted skills, enhancing learners’
employability and adaptability [1,4].

Generative Al's capacity to generate realistic simulations and immersive learning
environments can further foster creativity and critical thinking skills, key competencies
in today’s workforce [17]. This creativity-enhancing potential can help students
experiment with various problem-solving approaches, preparing them for complex
real-world challenges [9]. For example, Al simulations in disciplines like engineering
and healthcare allow students to practice skills in risk-free environments, which can be
especially beneficial in resource-constrained educational settings [10,19].

Despite its potential, Generative Al brings several challenges that could impede
equitable educational access if not carefully managed. The introduction of Al often
increases entropy, or unpredictability, within educational systems [6,24]. This entropy
manifests in several ways, including disparities in access to Al technologies and
variability in Al-generated content. For instance, infrastructure limitations may prevent
under-resourced institutions from fully leveraging Al's capabilities, potentially
exacerbating existing educational inequalities [20].

Generative Al models are also prone to biases present in their training data, which can
result in unintentional discrimination against marginalized student groups [12].
Addressing these biases is essential to avoid reinforcing harmful stereotypes or
producing content that lacks cultural relevance [18]. Ensuring Al equity requires careful
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design, diverse data sources, and ongoing monitoring to ensure Al systems serve all
students equitably, in line with SDG 4’s goals [15,14]. This paper explores how
Generative Al can support higher education institutions in achieving SDG 4, considering
both its potential benefits and challenges. By examining case studies, ethical
considerations, and the entropic nature of Al integration, this journal provides a
comprehensive view of how Generative Al can either bridge or widen gaps in
educational equity.

2 Materials and Methods

Al adoption in higher education encompasses the integration of Al-driven tools and

platforms to facilitate teaching, learning, administration, and research. Generative Al, in

particular, offers capabilities such as personalized learning, automated content creation,
and intelligent tutoring systems. These technologies can tailor educational experiences
to individual student needs, thereby addressing diverse learning styles and promoting
inclusivity [8, 26]. The process of Al adoption involves several stages, including the
initial integration of Al tools, scaling their use across different departments, and
continuous optimization based on feedback and performance metrics. Institutions must
navigate technical, ethical, and logistical challenges to effectively implement Al

solutions that align with their educational objectives and sustainability goals [11, 22].

Learning outcomes are critical indicators of educational effectiveness, encompassing

students’ knowledge acquisition, skills development, and overall academic

performance. The integration of Generative Al has the potential to significantly influence
these outcomes through various mechanisms:

e Personalized Learning: Al algorithms analyze student data to create customized
learning pathways, addressing individual strengths and weaknesses [21]. This
personalization enhances student engagement and facilitates better understanding of
course material.

e Enhanced Accessibility: Al tools can translate and adapt educational content for
students with different linguistic backgrounds and learning disabilities, promoting a
more inclusive learning environment [7, 16].

e Interactive Learning Experiences: Generative Al can create simulations and
interactive modules that foster critical thinking and problem-solving skills, essential
for academic and professional success [9, 10].

This study adopts a qualitative-dominant mixed methods approach, combining case
study analysis, survey research, and thematic content analysis to explore the integration
of Generative Al in higher education, specifically within the disciplines of Agricultural
Engineering and Biochemistry. The research is structured to align with the objectives of
Sustainable Development Goal 4 (SDG 4), focusing on equity, quality, and inclusivity in
education.The research was conducted across three higher education institutions in
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India offering specialized undergraduate and postgraduate programs in Agricultural
Engineering and Biochemistry. Participants included:
e Faculty members (n=15) actively experimenting with Al-based teaching tools
o Undergraduate and postgraduate students (n=120) from both disciplines
o Institutional administrators (n=6) responsible for curriculum design and
technology adoption

A purposive sampling technique was used to ensure representation from diverse
socioeconomic and technological access backgrounds.
Data was collected through:

e Surveys and Questionnaires: To capture student experiences, digital access,
learning satisfaction, and perceptions of equity and inclusion.

e Focus Group Discussions (FGDs): Conducted with faculty and students to
gather qualitative insights on content relevance, Al responsiveness, and ethical
concerns.

e Interviews with Administrators: To wunderstand institutional policies,
infrastructural readiness, and quality assurance mechanisms.

o Usage Logs and Interaction Data: Where available, anonymized log data of Al
tool usage were collected to analyze frequency, engagement patterns, and
dropout rates.

3 Results and Discussions

3.1 Generative Al vs Learning Outcome:

It is now essential to demonstrate the relationship between the adoption rate of
Generative Al in higher education and improvements in learning outcomes with
different demographic groups.

To measure the improvement in learning outcomes, we use a simple percentage

formula:

Post — Al test score — Pre Al test score
* 100

Learning | 0 t (%) =

earning Improvement (%) Pre — Al test score

o Post-AI Test Score: The average test score of students after the introduction of
Generative Al tools.

o Pre-Al Test Score: The average test score of students before Al implementation.

This formula calculates the percentage increase in test scores, indicating how much
students’ learning outcomes improve as a result of Generative Al integration. The x axis
in Figure. 1 represents the percentage level of Generative Al adoption within an
institution’s curriculum for Agriculture Engineering and Biochemistry students. For
example, if 50% of the curriculum is augmented by Al-driven tools, this point would lie
halfway on the x-axis. The Y axis shows the percentage increase in learning outcomes
(e.g., average test scores) after the adoption of Generative Al. Each line represents a
demographic group, such as international students, students with disabilities, or
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economically disadvantaged students. By comparing lines, the graph reveals which
groups benefit more from Al integration, helping researchers understand where Al
creates the most significant impact. Figure 1 shows that the India's trajectory starts at
10% and rises to 30% and the graph shows steep upward curve and inferred that the
growth rate approximately 5% per time period, wherein the developed Nations
begins at 5% and reaches 25% and seems to be more gradual ascent and consistent 3-
4% growth per period. Hence it is understood that India’s steeper curve indicates,
higher adoption rate of Al tools, greater potential for improvement, and more rapid
integration of new technologies. The convergence pattern suggests India is catching up
with developed nations.

Learning Improvement (%)

30 1 —e— |India i >

—e— Developed Nations /
N | //’ 7
e //
- //
10 41— ./

T1 T2 T3 T4 T5
Time Period

Improvement (%)

Figure. 1 Adoption rate of Generative Al in higher education and improvements
in learning outcomes

3.2 Equity Gap:
The equity gap can be calculated as:

_ Average score of high resource Group — Average score of low resource group
Equity Gap =

Average score of high resource group
* 100
o Average Score of High-Resource Group: The average test score of students with
high access to resources, such as technology and financial support.
o Average Score of Low-Resource Group: The average test score of students with
limited resources.

This formula quantifies the equity gap as a percentage, making it easier to see how
Generative Al can help reduce this gap. From the Figure 2 it is understood higher initial
gap in India (Survey from Agricultural Engineering and Biochemistry survey -
Cumulative analysis) shows the greater initial disparities, more significant impact of Al
intervention and faster rate of equity improvement, wherein the developed nations
shows more stable and mature system
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Figure 2. Representation of Equity Gap

3.3 Cost Benefit Analysis:
A cost-benefit graph (Figure.3) helps evaluate the financial viability of Generative AI
by comparing cumulative implementation costs with expected benefits in learning
outcomes.
The net benefit is the difference between the total benefits (improved learning
outcomes) and the cost of implementing Al:
Net Benefit = Total Benefits in Learning Outcomes — Cost of Al Implementation
o Total Benefits in Learning Outcomes: The estimated financial or academic value
of improved learning outcomes.
e Cost of AI Implementation: Includes expenses like software, infrastructure
upgrades, training, and maintenance.

Cost-benefit ratio is improving in both regions, initial infrastructure investments in
developed nations show returns and also India's rapid growth suggests potential for
higher long-term returns. It is realized that the benefits include improved learning
outcomes, reduced costs, and increased accessibility. Figure. 3 reveals that early Al
investments yield high returns in educational quality. Also similar growth rate indicate
comparable ROI on Al investments, Sustainable benefit accumulation and effective
utilization of resources. This insight guides educational institutions to find an optimal
level of Al adoption that maximizes learning improvements without unnecessary costs.
This analysis assists decision-makers in allocating resources effectively to achieve
sustainable educational improvements.
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Figure 3. Cost-Benefit Curve of Generative AI Implementation

3.4 Growth Rate of Lifelong Learning Participation with AI Integration
This line graph illustrates the growth in lifelong learning participation as Generative
Al becomes more integrated in higher education. To calculate the growth rate of lifelong
learning participation, we use:

Participation Growth Rate

Current Year Participation — Baseline Year Participation 100
— *
Baseline year participation

e Current Year Participation: The number of students or individuals participating in
lifelong learning in the current year.

e Baseline Year Participation: The number of participants at the beginning of the
observation period, before significant Al integration.

This percentage formula highlights the growth in participation, showing how Generative
Al supports continuous learning beyond traditional education. From figure. 4 it is
understood that India exhibits higher growth rates (5% to 25%), wherein the developed
nations show moderate growth (3% to 15%). Hence, India's higher growth reflects owing
to larger youth population, increasing digital literacy, growing accessibility to Al tools
and also strong government initiatives in digital education
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Figure 4. Lifelong Learning Opportunities and Generative AI Integration

3.5 Variance in learning outcomes:

This scatter plot Figure 5 explores the variability or entropy in student outcomes
introduced by Generative Al personalization. High wvariability suggests Al-based
customization produces mixed results, likely due to differences in student adaptability
to Al-driven resources. To measure this unpredictability, we calculate variance in

learning outcomes:

Variance =

in=1(Xi - H)Z
n

e Xi: Individual student’s test score.
e u: Mean test score.

e n: Total number of students.
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Variance in Learning Outcomes
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Figure 5. Variance in learning outcomes from Agriculture Engineering and
Biochemistry students

The Figure 5 shows that there is a steeper reduction for India and stable pattern for
developed nations and hence higher initial variance in India indicates, (i) more diverse
starting conditions (ii) greater potential for standardization and (iii) more significant
impact of Al interventions. This plot shows that as Al integration increases, there may be
higher variance in student performance due to differences in individual learning
preferences. Higher entropy indicates that while Al personalization can cater to diverse
needs, it also requires careful design to ensure fair outcomes for all students.

All these graphs collectively demonstrate how Al is transforming education globally,
with different patterns and rates of change in developing versus developed nations. The
data suggests a positive trend toward more equitable and effective educational
outcomes, though with distinct challenges and opportunities in each context. Entropy in
educational outcomes is calculated using the Shannon entropy formula, which measures

the unpredictability or diversity of a set of outcomes. It is given by:
n

HOO = = > p(x) log(p(x)
i=1
Where, p(xi) is the probability of each outcome xi In the context of education, this could
represent the distribution of student performance scores. A higher entropy value
indicates more diversity or unpredictability in outcomes, while a lower value suggests
more uniformity. This concept helps in understanding the variability in educational
achievements across different regions or systems.
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Al Resource Accessibility in Education (Urban vs Rural)
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Figure 6. Al resource accessibility in education (Urban vs Rural)

The figure 6 depicts the trends in Al resource accessibility in education for urban and
rural areas from 2020 to 2024, highlighting a significant disparity where urban areas
consistently exhibit higher accessibility scores compared to rural areas, despite
improvements in both regions over time.

Student Performance Distribution With vs Without Al Support
0.035
[ without Al
With Al
0.030 4
0.025 -
0.020 1
=
=
@
o
0.015
0.010 1
0.005 -
0.000 T T T T T T
20 40 60 80 100 120
Performance Score

Figure 1. Student Performance distribution with vs without AI support - Analysis
based on Agriculture Engineering and Biochemistry students
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We have collected data and analyzed them with a density plot compares student
performance distributions with and without Al support as shown in figure 7. The "With
Al" distribution (orange) is more peaked and slightly shifted to the right, indicating
higher performance scores compared to the '"Without AI" distribution (blue). This
suggests that Al-supported learning improves student outcomes, leading to higher
average performance and potentially reducing score variability. The overlap between
the two distributions signifies that while Al support enhances learning, some students
may still perform similarly under both conditions.

Al Impact on Different Learning Aspects

80

o
o
L

Impact Score (%)
o
(=]
|

20

Learning Aspects

Figure 8. Al impact on different learning aspects - Analysis based on Agriculture
Engineering and Biochemistry students

The figure 8(Analysis based on Agriculture Engineering and Biochemistry students)
illustrates the impact of Al on various learning aspects, highlighting that Al significantly
enhances self-paced learning (88%) and content understanding (85%). Problem-solving
(718%) and critical thinking (72%) also benefit substantially from Al integration, while
collaboration (68%) shows comparatively lower improvement. This suggests that Al
tools excel in personalized and self-driven learning but may need further development
to foster interactive and collaborative learning environments effectively.
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Cost-Benefit Analysis of Al Implementation in Education
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Figure 9. Cost benefit analysis of Al implementation over past five years

The figure.9 presents a cost-benefit analysis of Al implementation in education over five
years (2020-2024). The results demonstrate a declining trend in implementation costs,
dropping from 100 to 40 relative units, while educational benefits increase from 45 to
over 90 units. This inverse relationship suggests that as Al adoption matures, its financial
feasibility improves while its pedagogical impact grows, making it a sustainable long-
term investment for educational institutions.

Inclusivity Metrics: Traditional vs Gen Al-Enhanced Education

B5% B Traditional

g0 M With Gen Al
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Figure 10. Inclusivity metrics (analysis of traditional vs Generic AI enhanced
education system)
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The figure 10 compares inclusivity metrics between traditional education and Al-
enhanced education. Al-driven learning systems significantly improve participation
(85% vs. 60%), course completion (80% vs. 55%), engagement (75% vs. 50%), and
achievement (82% vs. 65%). This highlights the potential of generative Al in bridging
educational gaps by fostering higher inclusivity, engagement, and success rates,
making learning more accessible and effective for diverse student demographics.

100
—e— Cognitive Aspect
Affective Aspect
—8— Psychomotor Aspect

40

Scores (out of 100)

20

2020 2021 2022 2023 2024
Year

Figure 11. Impact of Artificial Intelligence on cognitive, Affective and
Psychomotor domains in medical education (2020 - 2024)

The scores in the figure 11lwere obtained through a structured assessment methodology
evaluating medical students' performance across cognitive, affective, and psychomotor
domains over five years (2020-2024). These scores (out of 100) were derived from
standardized tests, practical skill assessments, and student feedback surveys. The
cognitive aspect was measured using Al-assisted knowledge-based quizzes. The
affective aspect was assessed through student reflections, feedback on Al-driven
learning modules, and faculty evaluations of ethical reasoning and engagement. The
psychomotor aspect was evaluated based on performance in Al-simulated surgical
tasks, virtual patient interactions, and Al-assisted procedural training. The increasing
trend in scores reflects AI’s effectiveness in enhancing medical education through
adaptive learning, personalized feedback, and interactive training tools. The
integration of Al in medical education from 2020 to 2024 has significantly enhanced
cognitive, affective, and psychomotor learning aspects, as demonstrated by the steady
increase in scores across all domains. The cognitive aspect, reflecting knowledge
acquisition, improved from 62 to 80, while the affective aspect, representing
engagement and ethical reasoning, showed the highest growth from 50 to 80,
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highlighting AI’s role in fostering motivation and empathy. Similarly, the psychomotor
aspect, crucial for hands-on skills, increased from 55 to 75, indicating the impact of Al-
driven simulations and robotic-assisted training. These findings underscore the
transformative potential of Al in medical teaching, offering a holistic improvement in
knowledge retention, skill acquisition, and learner engagement.

Heatmap of Learning Aspects under Different Teaching Conditions

Traditional

Teaching Conditions
Blended

91.4 94.3

Al-Integrated
0
a
[

Critical Thinking Skills Collaboration Levels Emotional Intelligence
Learning Aspects

Figure 12. Heatmap of learning aspects under different teaching conditions for
medical and agriculture engineering students

The heatmap shown in figure 12 visually represents the average values of critical
thinking skills, collaboration levels, and emotional intelligence across three teaching
methods: Traditional, Blended, and Al-Integrated.

e Critical Thinking Skills: The Al-Integrated method shows the highest average score,
indicating that this approach is most effective in enhancing students' critical thinking
abilities.

e Collaboration Levels: Similarly, the Al-Integrated method leads in collaboration
levels, suggesting that students are more engaged in group activities when using Al
tools.

e Emotional Intelligence: The Al-Integrated method also scores the highest in
emotional intelligence, reflecting that students taught with Al resources are better at
managing their emotions and empathizing with others.
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Overall, the heatmap clearly illustrates that the Al-Integrated teaching method
consistently outperforms the Traditional and Blended methods across all three aspects,
highlighting its effectiveness in fostering a comprehensive learning environment.

4 Impact of Al in higher education system

4.1 Present scenario:

Figure 13 illustrates the actual impact of Al in education from 2020 to 2024, showcasing
three distinct categories: positive, neutral, and negative impacts. The positive impact,
represented by the green line, shows a gradual increase, indicating a growing
acceptance and integration of Al technologies within educational settings. This trend
reflects the increasing recognition of Al's potential to enhance learning experiences,
streamline administrative tasks, and provide personalized educational support. In
contrast, the neutral impact, depicted by the orange line, remains relatively stable,
suggesting that while many educators and students acknowledge Al's capabilities, a
significant portion remains uncertain about its effectiveness. The negative impact,
shown by the red line, is minimal, indicating that concerns regarding ethical
implications, data privacy, and job displacement are present but not predominant in the
discourse during this period. Overall, this graph highlights a cautious optimism
surrounding Al's role in education as stakeholders begin to explore its benefits.
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Figure 13. Present impact of Al in Higher education system

4.2 Anticipated impact of Al in higher education system
Figure 14 projects the anticipated impact of Al in education from 2025 to 2047, indicating
a significant shift in perceptions over time. The positive impact, represented by the blue
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line, is expected to rise substantially, reflecting a future where Al technologies are more
deeply integrated into educational practices. This increase suggests that as Al becomes
more established, its benefits will be more widely recognized and appreciated by
educators and students alike. Conversely, the neutral impact, shown by the yellow line,
is projected to decrease, implying that as familiarity with Al grows, individuals will form
more definitive opinions about its role in education. The negative impact, represented
by the purple line, is anticipated to decline further, indicating that as Al's challenges are
addressed and its applications become more effective, concerns will diminish over time.
This graph underscores a future where Al is expected to play a pivotal role in
enhancing educational outcomes, leading to more equitable and inclusive
learning environments.

=8 Positive Impact
Neutral Impact
—a— Negative Impact
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Impact Level (%)

a0

20

N i i S N D O N, DI g S o O ST

20252026 2027 2028 20292030 20312032 20332034 2035 2036 2037 20382039 2040 2041 2042 2043 2044 2045 2046 2047
Year

Figure 14. Anticipated impact of Al in higher education system

5 Conclusion and future prospects:

Generative Al holds immense promise in transforming higher education by enhancing
accessibility, fostering creativity, and enabling personalized learning experiences. Its
alignment with SDG 4 underscores its potential to democratize knowledge, support
lifelong learning, and bridge educational gaps. However, to fully harness its benefits,
higher education institutions must navigate challenges related to digital equity,
algorithmic bias, and ethical governance.

Moving  forward, interdisciplinary collaborations between educators,
policymakers, and AI developers will be crucial to ensuring that Generative Al
serves as an inclusive tool rather than a barrier. Future research should explore
frameworks for responsible Al integration, strategies to mitigate bias, and policies that
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promote equitable access. Additionally, institutions should focus on Al literacy to
empower students and educators in leveraging Al responsibly.

While the entropy introduced by Generative AI presents uncertainties, it also
creates opportunities for innovation and adaptability. By proactively addressing
these challenges, higher education can embrace Al-driven transformation in a manner
that aligns with the principles of SDG 4—ensuring that technology serves as a bridge to
educational equity rather than a divide.
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