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Abstract - In recent few years students learning in higher 
education is changed completely due to introduction of 
Artificial Intelligence. Introducing AI make change, which 
are very clear to show how schools are trying to make 
learning more personal for each student. For a many times 
schools just put all the students in one room gave them the 
same lecture and had them take the same test. This 
technique is good for some people but not for all students. 
Especially for students who were not well prepared or 
learned in ways. 

 

Now Artificial Intelligence helps to understand each student 
and prepare unique study technique to improve their 
learning techniques. This review looks at what has been 
learned from 2019 to 2024 about how different Artificial 
Intelligence affecting learning in colleges and universities. 
With the help of advanced AI tool, we looked multiple 
include system that helps students to learn at their pace. 
These computer program can teach like a human tutor. This 
system that can predict how well a student will do and also 
help them to improve more. 

 

Students learn more effectively when artificial intelligence is 
used to personalize the learning process. It’s hardly a 
significant improvement. Pupils who are ill-prepared for 
school typically gain the most. Multiple domain students 
seem to do better than other students. Furthermore, it seems 
that pupils are more driven to finish their assignments. 

 

However, there are still some major issues. One issue is 
about keeping student data private. Another issue is that the 
computer programs used in Artificial Intelligence might be 
biased against students. This means that some students 
might not get a chance to succeed. There is also a major 
concern about how to make sure that students are doing 
their work when they are using Artificial Intelligence tools. 

To address these problems, we suggest a plan for schools to 
follow when they are using Artificial Intelligence. The plan 
has four steps. Is based on clear goals for teaching and 
learning a commitment, to fairness and equality and honest 
leadership. The plan makes sure that teachers are involved 
in the process and that Artificial Intelligence is used in a 
way that’s thoughtful and responsible. The goal 

is to use Artificial Intelligence in a way that helps students 
learn better while also making sure that teachers are still a 
part of the learning process. 

 

1. Introduction 

1.1 Background and Motivation 

These days universities and colleges are really struggling. 
More and more students are signing up. They are all 
different. They come from places and have different levels 
of preparation. The government and the public are putting 
a lot of pressure on schools to show that students are 
actually learning. 

The problem is that teaching all students the way is not 
working for many of them. This is not an idea. Experts who 
study education have been saying this for a time. What’s 
new is that we now have the technology to do something 
about it. 

We can use things like machine learning and data analytics 
to track how each student is doing. We can give them help 
when they need it. This is a deal because it means we can 
finally give students the kind of personalized help they 
need. 

Now people are really interested in using intelligence to 
help students learn. This is not an idea. It is actually 
happening in schools over the world. 

It is really important that we understand what is working 
and what is not. We need to look at the evidence so we can 
make decisions, about how to help students. Machine 
learning and data analytics are key here. They can help us 
make a difference. 

1.2 Research Gap 

There has been a lot of research on intelligence in 
education but it has not been evenly spread out. A lot of 
the research has been about how the technology works, 
but not as much about how it affects students in the long 
term. 
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We do not know if using intelligence is actually helping 
students learn more or if it is worth the cost. We also do 
not know if it works the way in different schools with 
different kinds of students. 

There are also some questions about whether using 
artificial intelligence is fair to all students. For example: 
does it. Hurt students who have been marginalized in the 
past? 

These are questions but they have not been studied as 
much as they should be. This review is trying to help fill in 
some of these gaps. 

1.3 Objectives and Contributions 

This review has four goals. First it looks at the kinds of 
artificial intelligence being used in schools to help 
students learn. 

Second it tries to figure out if these technologies are 
actually helping students. 

Third it looks at the challenges of using these technologies 
especially when it comes to fairness and equality. 

Fourth it puts all of this information together to create a 
guide that schools can use to make sure they are using 
intelligence in a responsible way. 

The idea of intelligence in education is a big one and 
artificial intelligence is becoming more and more 
important, in education. Artificial intelligence is changing 
the way we think about education and education is a part 
of our lives. 

2. Literature Review 

AI-powered personalized learning uses ideas from areas 
and has different approaches. 

A key idea in this area is Benjamin Blooms (1984) two-
sigma problem. He found that students who get one-on-
one tutoring do better than those in regular classrooms. 
About two standard deviations better. Bloom asked how 
we can make one-on-one instruction work for students. 
Some people think AI systems could be the answer. It’s 
still unclear if they can really do what good human tutors 
do. 

Van Lehn’s (2011) study helped us understand this better. 
He looked at studies and compared how well human 
tutoring, computer-based tutoring and regular teaching 
methods work. He found that computer tutoring systems 
work better than instruction but not as well as human 
tutoring. This shows that AI can help but can’t fully replace 
teachers. 

The idea of learning is based on cognitive science. 
Research by Brusilovsky and Millan (2007) on learner 
models and adaptive systems is still important today. 
Luckin and her team (2016) said that AI in education 
should help students learn on their own not do better on 
tests. They called this "learner intelligence". 

Recently deep learning has become a deal in AI. Bengio 
and his team (2016) showed how it can be used in 
education. A big breakthrough was GPT-3, which can have 
conversations with students and adapt to their 

questions. This also raises concerns about cheating and 
who we can trust. 

There are also policy guidelines from groups like the OECD 
(2019) UNESCO (2020) and IEEE (2020) on how 

to use AI in education transparently. Romero and Venturas 
(2020) survey showed that there are still problems, with 
data quality and understanding. Zawacki-Richter and 
colleagues (2019) found that most research focuses on 
students and AI systems not on teachers and schools. Kulik 
and Fletchers (2016) study showed that AI systems can 
help. Their effectiveness varies a lot. 

3. Conceptual Foundations 

3.1 Reframing Personalized Learning in 
Higher Education 

People have ideas about what personalized learning is. It 
is about changing how hard something is or how fast 
someone learns based on how they do. It is also about 
thinking about how people learn and how we teach them. 

Higher education is more complicated. Universities want 
students to be good at thinking for themselves and 
analysing things. So, making things personal in education 
cannot just be about giving students things faster or 
slower. It needs to be hard and also think about the kinds 
of students. 

Personalized learning in education needs to be good at 
teaching and also think about the students. Artificial 
intelligence is helpful with this. It is hard to know if the 
computer is really helping or just pretending to. 

3.2 Theoretical Foundations 

This idea comes from people like Jean Piaget and Lev 
Vygotsky. 

Computers can help students learn. They cannot do all the 
hard work for them. 
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Vygotskys idea, about the Zone of Proximal Development 
helps us understand how computers can teach. It also 
shows us where computers have limits. 

Computers can teach in this zone. Students and computers 
work together. 

3.3 From Rule-Based Systems to Generative 
Models 

Artificial intelligence in education has changed over time. 
It used to be simple and easy to understand. Now it is 
more complicated and harder to understand. 

A time ago computers used simple rules to teach. Then 
they got better. Could do more things. Now they can have 
conversations and answer questions in a way that’s 
personal. 

Now it is hard to know how the computers are making 
decisions. This is a problem because we need to know if 
we can trust the computers to make decisions about 
education. Personalized learning in education is important 
and artificial intelligence can help with personalized 
learning, in higher education. 

4. Technological Architectures 

4.1 The Logic of Adaptive Platforms 

Right now, adaptive learning is the most common AI-
driven tool in the university setting, particularly for those 
massive intro-level courses where a single professor 
simply can’t reach every student. These platforms aren’t 
just "digital textbooks"; they maintain complex, 
probabilistic maps of what a student actually knows. By 
leaning on models like Item Response Theory (IRT) or 
Bayesian Knowledge Tracing (BKT), the software 
sequences material to hit that "sweet spot" of learning 
efficiency. While the data generally looks good, it’s very 
dependent on the subject. We see clear wins in math and 
coding-where the logic is binary-but the effectiveness 
drops off the moment the implementation becomes lazy or 
purely automated. 

4.2 The Cognitive Ambition of Tutoring 
Systems. 

If adaptive platforms are about managing the flow of 
content, Intelligent Tutoring Systems (ITS) are trying 
something far more guts. They don’t just care if you got the 
answer right; they want to know how you got there. By 
modelling the step-by-step mental moves required to 
solve a problem, an ITS can offer a "hint" the second a 
student trips up Meta-analyses show that the best of these 
systems can actually outperform a standard classroom 
lecture. However, they still can’t quite touch the level of a 

skilled, one-on-one human tutor who can read a student’s 
frustration or hesitation. 

4.3 Closing the Loop. 

Automated Feedback, the real "game-changer" here is the 
speed of the feedback loop. In a 500-person lecture hall, a 
student might wait a week to get a paper back-long after 
the "learning moment" has evaporated. AI-based 
assessment fixes this by offering a response in seconds. 
We’ve seen automated essay scoring evolve from simple 
grammar-checkers into systems that can actually track an 
argument’s structure or its rhetorical flow. In the world of 
Computer Science, these tools can run a student’s code, 
test it, and explain exactly why it failed. 

4.4 Predictive Analytics. 

The Human Requirement Learning analytics work by 
tracking "digital footprints"-everything from how often a 
student logs in to how long they spend on a specific 
reading. These early-warning systems are brilliant at 
flagging at-risk students who might otherwise disappear 
in a crowded system. But there’s a massive caveat: the 
data itself doesn’t save anyone. Identifying a student at 
risk is only half the battle. If that "flag" isn’t followed up by 
a human advisor or a mentor, the technology is essentially 
just documenting a failure in slow motion. The tech finds 
the problem; only a human can solve it. 

5. Student Outcomes: What the Evidence Actually 
Shows 

5.1 The "Equalizer" Effect in Academic 
Achievement 

The data from controlled and quasi-experimental trials 
points toward a clear, if modest, reality: AI-driven 
personalization works. We generally see "small-to-
moderate" gains in performance, but the impact is 
anything but uniform across the board. In "hard" sciences 
like math and engineering, where rules are rigid, the 
algorithms thrive. In the humanities? Not so much. The 
interpretive "grey areas" of social sciences still seem to 
evade the binary logic of current AI models. 

The real story here is the "compensatory" pattern. AI 
doesn’t just help everyone equally; it acts as a lifeline for 
those starting with the least. For a student struggling with 
the basics, AI scaffolding is a critical bridge. However, we 
still have a massive unanswered question: are we building 
real, long-term intelligence, or just helping student "game" 
the next midterm? Most research hasn’t looked far enough 
ahead to tell. 
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5.2 Persistence: It's the Human, Not the 
Machine 

In the world of student retention, "Early Warning 
Systems" have shown massive promise, but let’s be clear: 
the algorithm isn’t doing the saving. The real "lift" in 
graduation rates only happens when the data triggers a 
human response. If a student is flagged as "at-risk" and 
then gets a call from a real advisor, the results are great. If 
the data sits on a dashboard with no human follow-up? 
Nothing changes. 

5.3 The Higher-Order "Blind Spot" 

Perhaps the most worrying gap in the research is the lack 
of proof regarding "higher-order" thinking. Critical 
thinking, creative problem-solving, and self-awareness-the 
very things college is supposed to teach-are notoriously 
hard to measure and even harder for AI to coach. 

6. Ethical, Institutional, and Equity 
Considerations 

The technical ability to launch an AI system is not a 
mandate for its use. We must stop treating ethical 
questions as "afterthoughts" or secondary hurdles to be 
cleared post-launch. On the contrary, these dimensions are 
what define a responsible implementation in the first 
place. 

6.1 Beyond Surface-Level Data Governance 

It is no secret that AI thrives on data, but the "behavioral 
traces" these systems collect-click-paths, login 
frequencies, and resource sequences-go far beyond 
traditional academic records. We are essentially building a 
digital shadow of every student. 

The problem is that our enthusiasm for the tech has 
outpaced our oversight. Many institutions are plugging in 
these systems without a real governance framework, 
failing to ensure that data collection stays strictly within 
educational bounds. Without meaningful student control 
and ironclad security, we aren’t just innovating; we’re 
creating a massive privacy liability. 

6.2 The Trap of Algorithmic Feedback Loops 

We have to face a hard truth: algorithms learn from a past 
that wasn’t fair. If an AI is trained on historical data from a 
system with deep-seated inequities, it won’t just reflect 
those gaps-it will automate them. 

We’ve already seen cases where "risk scores" shifted 
based on race or zip code, regardless of a student’s actual 
performance. Fixing this isn’t just about a better line of 
code; it’s about a political commitment to transparency. 

Institutions must be willing to trade a bit of "predictive 
accuracy" for actual fairness. If we don’t audit these 
outputs constantly, we are just scaling the status quo. 

6.3 Faculty as Architects, Not End-Users 

There is a common mistake in tech rollouts: treating 
professors like they are just another set of users. Faculty 
are professionals with deep pedagogical skin in the game. 
When AI is handed down as a top-down "solution," 
resistance isn’t an obstacle to be managed-it’s a rational 
pushback from experts being sidelined. 

Integration only works if faculty are genuine partners. 
They need the power to shape how these tools function in 
their specific classrooms and, more importantly, the 
authority to override an algorithmic "insight" when their 
professional gut says otherwise. If adoption is a technical 
task rather than a pedagogical dialogue, it’s destined to 
stall. 

6.4 The Great Assessment Redesign 

Let’s be honest: Generative AI has made the traditional 
take-home essay obsolete. If a machine can solve a 
complex problem in three seconds, the old ways of testing 
analytical ability are dead. 

We can’t win an "arms race" against AI detection; the 
technology moves too fast. The only productive path is to 
change the game entirely. 

7. A Framework for Responsible AI Integration 

The evidence we’ve sifted through suggests a clear path 
forward: we need a staged, disciplined approach to AI. 
This isn’t about chasing the latest vendor hype; it’s about 
tying technology to pedagogical goals and a hard-line 
commitment to equity. I propose a four-step framework 
that moves from prep-work to full-scale governance. 

The evidence we’ve sifted through suggests a clear path 
forward: we need a staged, disciplined approach to AI. 
This isn’t about chasing the latest vendor hype; it’s about 
tying technology to pedagogical goals and a hard-line 
commitment to equity. I propose a four-step framework 
that moves from prep-work to full-scale governance. 

7.1 The "Readiness" Phase: 

You can’t build a house on sand. "Foundational Readiness" 
is about setting the stage before a single piece of software 
is bought. This means hammering out data governance, 
figuring out what your students actually need, and-
crucially-checking if your faculty are even ready for 
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this. Institutions that try to skip this "boring" prep work 
usually end up spending the next five years cleaning up 
the mess they made. 

7.2 Targeted Piloting: Solving Real Problems 

Next comes the pilot phase. But here’s the rule: pilots 
should fix actual teaching problems, not just show off cool 
gadgets. We need to build equity checks into these pilots 
from day one. It shouldn’t be an afterthought or a 
"diversity" checkbox at the end of the year; we need to see, 
in real-time, if these tools are helping everyone or just the 
kids who already have an edge. 

7.3 Iterative Scaling: Moving with Evidence 

If a pilot works, you scale it-but you do it slowly. Decisions 
to expand should be based on hard evidence, not on which 
vendor has the slickest marketing or which neighbouring 
university just bought a new system. If the data shows a 
tool isn’t hitting its marks, you don’t scale it. Simple as 
that. 

7.4 Maturation: Making it Part of the DNA 

The final goal is "Maturation." This is where AI stops being 
a "shiny new project" and becomes a managed part of how 
the school runs. You need regular audits and a clear, loud 
channel for students and faculty to voice their concerns. If 
a system is acting up or showing bias, there has to be a 
way to pull the plug or fix it fast. 

"Foundational Readiness" is about setting the stage before 
a single piece of software is bought. This means 
hammering out data governance, figuring out what your 
students actually need, and-crucially-checking if your 
faculty are even ready for this. Institutions that try to skip 
this "boring" prep work usually end up spending the next 
five years cleaning up the mess they made. 

7.5 Targeted Piloting: Solving Real Problems 

Next comes the pilot phase. But here’s the rule: pilots 
should fix actual teaching problems, not just show off cool 
gadgets. We need to build equity checks into these pilots 
from day one. It shouldn’t be an afterthought or a 
"diversity" checkbox at the end of the year; we need to see, 
in real-time, if these tools are helping everyone or just the 
kids who already have an edge. 

7.6 Iterative Scaling: Moving with Evidence 

If a pilot works, you scale it-but you do it slowly. Decisions 
to expand should be based on hard evidence, not on which 
vendor has the slickest marketing or which neighbouring 
university just bought a new system. If the data shows a 

tool isn’t hitting its marks, you don’t scale it. Simple as 
that. 

7 Maturation: Making it Part of the DNA 

The final goal is "Maturation." This is where AI stops being 
a "shiny new project" and becomes a managed part of how 
the school runs. You need regular audits and aclear, loud 
channel for students and faculty to voice their concerns. 

8. Discussion 

The synthesis of current empirical evidence points toward 
a conclusion that is as intellectually demanding as it is 
practically significant. While the data confirms that AI-
augmented personalization facilitates measurable 
improvements in higher education-offering a robust 
response to long-standing instructional bottlenecks-these 
gains are profoundly conditional. The efficacy of such 
systems appears tethered to specific implementation 
environments that, in many institutional contexts, remain 
underdeveloped. Furthermore, the deployment of these 
technologies carries risks that are often eclipsed by the 
enthusiasm for digital transformation, leaving the more 
nuanced, "human-centric" goals of the academy largely 
unaddressed. 

The Primacy of the Hybrid Model Perhaps the most critical 
insight derived from the existing literature is the clear 
superiority of integrated, human-AI frameworks over fully 
autonomous systems. The evidence suggests that when AI 
functions as a force-multiplier for faculty-by automating 
routine diagnostic tasks or distilling behavioural data into 
actionable insights-the pedagogical outcomes are 
substantively enhanced. Conversely, when these systems 
are positioned as functional substitutes for human 
instruction, the results are notably less impressive. In 
these automated scenarios, the "relational" deficit 
becomes a primary obstacle, and the risks of student 
disengagement or algorithmic error become more 
pronounced. The evidence thus refutes the notion of 
faculty displacement, suggesting instead that the value of 
AI lies in its capacity to optimize the faculty’s ability to 
conduct high-level, interactive teaching. 

Equity, Design, and the Algorithmic Future The potential 
for AI to act as a "levelling" force in education is a 
recurring theme, yet it is one that demands rigorous 
oversight. There is a documented danger that these tools, 
if deployed without an explicit equity framework, will 
simply automate and scale the systemic disparities already 
present in higher education. 

9. Conclusion and Future Research Directions 

This review studied AI-powered individualized learning in 
higher education from technological, empirical, and ethical 
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perspectives. Overall, there has been significant but 
limited development. AI solutions have shown the 
potential to increase engagement and retention in certain 
contexts, improve academic achievements for significant 
student populations, and increase access to types of 
support that were previously restricted by budget 
limitations. These are sincere efforts that should be 
recognized and developed further. 

The evidentiary base is seriously limited in the interim. 
There  is  little  information  on  long-term  outcomes. 

Analysis that is equity-focused is inconsistent. In 
comparison to its significance, research on teacher 
experience and pedagogical agency in AI-augmented 
environments has received relatively little attention. 
Furthermore, the current literature almost entirely lacks 
thorough cost-effectiveness analysis. 

It is not a technological question that will eventually 
determine AI’s legacy in higher education. The question is 
whether institutions will use these tools in service of a 
truly humanistic educational vision-one in which AI 
augments rather than replaces human capacities for 
teaching and learning-or whether efficiency imperatives 
and commercial incentives gradually reshape educational 
practice in ways that limit what higher education can offer. 
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