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Abstract. Agentic artificial intelligence (Al) in education can reshape
student success by fostering adaptive and personalized learning experi-
ences. Al-powered systems are individually built to analyze academic
records, career aspirations, and engagement with curricular and co-
curricular activities to generate tailored recommendations that dynam-
ically adjust learning pathways. While existing research has explored
AT’s role in education, its full potential in holistic student development
remains under-examined. This practitioner report presents an agentic
framework that leverages advances in learning analytics to propose a
practical application of agentic Al, emphasizing its future role in inte-
grating academic support, skill-building opportunities, and career prepa-
ration. By continuously refining recommendations based on real-time
progress, Al-powered systems will enhance student engagement, optimize
resource accessibility, and ensure education remains flexible and respon-
sive to evolving career pathways. This ongoing work aims to provide per-
spective and advance discussions on the future of Al in education, posi-
tioning agentic Al as a transformative proponent for student-centered
success.
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1 Introduction

Artificial intelligence (AI) is transforming education by reshaping how students
engage with learning and how institutions provide academic support. Learn-
ing analytics is one of its most impactful applications, which leverages data
to enhance student success [4]. Traditionally, learning analytics has focused on
tracking academic performance through structured data, such as grades, atten-
dance, and participation metrics [12,20]. Early warning systems [14], predictive
analytics [18], skills identification [7], and adaptive learning platforms [10] have
enabled educators to make data-informed decisions to support students at risk
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of failing or dropping out. However, these systems primarily function retrospec-
tively, predicting risks based on past performance, and often do not consider stu-
dents’ personal learning goals. Since education is a dynamic and evolving process,
Al-powered learning analytics must move beyond prediction-based intervention
models toward a proactive, student-centered approach that continuously adapts
to learners’ evolving goals and needs.

Generative Al introduces a significant shift in learning analytics by
enabling real-time analysis, guidance, and personalization of student experi-
ences. Context-aware large language models and chain-of-thought reasoning play
a crucial role in this transformation by synthesizing learning content, adapt-
ing instructional materials, and generating tailored goal-oriented recommenda-
tions [2]. Despite growing interest in generative Al for education, much existing
research has focused on content generation, automated assessment, and per-
sonalized tutoring. Learning analytics remains primarily confined to academic
monitoring and predictive modeling for student retention [2]. Recent studies have
begun to explore generative Al’s potential in understanding learning motivation
and engagement [3,5,6], but a more comprehensive integration of Al in student
development is still lacking.

Agentic Al is an emerging intelligence system demonstrating autonomy, goal-
directed behavior, and the ability to take independent actions to achieve objec-
tives. These systems can plan, make decisions, and execute tasks without con-
stant human intervention [1]. Agentic Al expands the possibilities of AT in educa-~
tion by shifting from passive analytics to active guidance, empowering students
with personalized learning trajectories that evolve in response to their real-time
progress, skills development, and career aspirations. Unlike traditional systems
that primarily identify struggling students for remedial interventions, agentic
AT dynamically adjusts learning pathways for all students based on academic
history, engagement with curricular and co-curricular activities, and emerging
career trends. However, existing frameworks often fail to integrate essential non-
academic factors such as internships, mentorship programs, and experiential
learning, all critical for workforce readiness [13,17,19]. By advancing discussions
on agentic Al, this paper highlights its potential to support student success
through personalized, adaptive, and holistic learning experiences, positioning Al
as a key enabler of lifelong learning and professional growth.

2 Agentic Artificial Intelligence Implementation
in Higher Education Practice

Learning analytics at our institution, Nanyang Technological University, Singa-
pore, is performed as a data service through cleaning, engineering, modeling,
analysis, visualization, and deployment. This is done by integrating and leverag-
ing leading data science and machine learning technologies, including Denodo,
Dataiku, Qliksense, Snowflake, and Sreamlit. These data services cater for the
learning needs of 25,000 undergraduate students, pulling information from five
key data hubs:
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1. The Curriculum Hub contains curricular and co-curricular activity data, offer-
ing structured academic content and additional learning experiences beyond
the classroom. This information might be used to recommend academic
courses, workshops, or extracurricular engagements that align with the user’s
educational goals.

2. The Education Hub includes diverse continuous learning activities such
as student engagement with online interactive exercises, assignments, and
announcements, as well as course-specific resources such as videos, textbooks,
and PowerPoint slides that would enhance students’ understanding of the
course.

3. The Career Hub aggregates career preparation opportunities, including
internships, mentorship programs, and industry-specific training. This infor-
mation might help students align their academic experiences with career aspi-
rations and gain exposure to professional environments.

4. The Library/Resource Hub provides access to digital libraries and online
learning resources, including books, research articles, and multimedia mate-
rials. These resources might support self-directed learning and provide addi-
tional context to academic coursework.

5. The Student Academic Hub serves as a personalized knowledge repository
that is the foundation of a student profile, which includes information such
as their academic background, performance, course registration history, pro-
gram, and academic requirements. These historical data are essential for refin-
ing future recommendations and adapting learning pathways to ensure con-
tinuous student growth.

2.1 Existing Work 1: Early Alert for Learning Intervention

This project aims to proactively identify students who may require academic sup-
port before the commencement of a new semester. By leveraging machine and
deep learning models—specifically SVM, logistic regression, LSTM, and Short-
term gated LSTM-—our predictive learning analytics model analyzes historical
performance data from the aforementioned student academic hub to predict stu-
dents at risk of failing and pinpoint specific courses where intervention might be
necessary [14,15] (See data pipeline Fig.1). The implementation involves gen-
erating a list of students at risk of academic warning. This list is provided to
student care managers through a dedicated dashboard. These managers may con-
tact the identified students to offer academic, financial, psychological, or social
support. Its primary aim is to analyze student engagement and learning behav-
iors using data-driven insights, ultimately improving teaching effectiveness and
student outcomes by:

— Understanding Student Learning Patterns: By analyzing data such as time
spent on course materials, participation in online discussions, and frequency of
resource access, the system identifies trends, such as both long-term academic
trajectories and short-term performance fluctuations, in how students engage
with their studies.
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— Providing Timely Interventions: Leveraging predictive data analytics, the
system identifies students who may struggle academically before their per-
formance declines significantly. The model detects patterns associated with
academic risk by analyzing historical academic records and engagement met-
rics.

Trialed across six cohorts in five schools (nearly 14,000 students), it achieved
over 70% true-positive rates. Reports from student care managers indicate that
early intervention has improved academic outcomes, with some students showing
significant GPA improvements following personalized support.
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Fig. 1. The automated model pipeline for grade prediction to highlight potential at-
risk students. Can be augmented with, and replicated for other forms of academic
prediction.

2.2 Existing Work 2: Career Preparation with Skills Profile

Additionally, we have implemented an Al-enabled career preparation platform to
enhance university students’ awareness of their career readiness and skill devel-
opment (Fig.2) based on a needs analysis from a previous study [8]. It acts as an
intervention that allows students to self-assess their current competencies and
identify gaps in relation to industry requirements. The platform aims to pro-
vide students with tailored insights into their suitability for specific roles and
to identify skill gaps based on their skill profile and career aspirations. Its key
goal is to empower students to map their career goals, develop essential skills,
and discover suitable internships, bridging the gap between their current skill
set and future aspirations. The platform is a prototype of the career hub and
assists students in identifying their skills and skills gaps through:

— Al-powered Skill Profiling: The platform automatically generates a skills pro-
file by analyzing uploaded resumes, showcasing the student’s relevant com-
petencies based on Al methods and tagging.

— Comparison with Role Requirements: When students explore internship
opportunities, the platform displays the skills required for each role and high-
lights the skills they already possess. This visual comparison helps students
understand which skills they have and which are needed for their desired
roles.
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— Identification of Skills for Development: The platform automatically shows
skills for development. This feature directly addresses the students’ skill gaps
in relation to their career aspirations.
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Fig. 2. Skills in demand for a specific internship, skills possessed by the user are iden-
tified from their resume by AI and highlighted in green. This allows the user to identify
skill gaps and work on them. (Color figure online)

From our existing works, we know that learning analytics can help inform
through predictive means in a student’s academic and career-preparation jour-
ney. However, they currently operate in silos, answering to specific needs.

We now outline our proposed transformation into an agentic system. By
embedding Al-powered learning analytics within student-facing platforms, learn-
ers can receive personalized recommendations on course selection, skill develop-
ment, and career planning based on their learning goals. This shift from an
institutional-centric approach to a student-centered model aligns with the vision
of agentic Al, empowering students to take ownership of their learning path-
ways. This expansion will require robust Al-powered interfaces that translate
complex learning analytics insights into actionable recommendations tailored to
each student. The AT Orchestrator performs this task while handing the agency
of goal-setting and learning pathways to the student.

As illustrated in Fig. 3, the agentic Al framework operates as an intelligent
intermediary between the user and multiple academic and career-related infor-
mation hubs. This Al-powered system synthesizes data from various sources to
provide highly personalized learning recommendations based on a user’s needs,
preferences, and academic or career aspirations. At the core of this framework
is the AI Orchestrator, which functions as the central intelligence responsible
for dynamically processing and generating personalized learning pathways. Stu-
dents interact with this system via a front-end interface. They are encouraged
to select areas they would like to learn and the cadence (such as weekly, fort-
nightly, or monthly) they want AI recommendations to be delivered to them.
In response, the Al Orchestrator will communicate with specialized Al agents
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Fig. 3. Agentic Al Framework for Personalized Learning — The AI Orchestrator inte-
grates data from multiple hubs to provide tailored learning recommendations based on
user requests.

attached to each hub to fulfill the request. In our proposed architecture, gen-
erative Al models embedded within individual hubs enable localized knowledge
generation, while the agentic orchestrator synthesizes their outputs to achieve a
higher-order, adaptive decision-making capability.

For example, students set learning goals (“I want to be in data science”) and
when they want recommendations (such as “I want recommendations every fort-
night”) to be pushed to them. Based on this information and their academic
history from the student academic hub, the AT Orchestrator would be activated
and seek inputs from the specialized Al agents responsible for each hub. If the
request is near the course registration period, the Al agent for the curriculum
hub might return information about elective courses that the student can choose
to support their learning goals. If the request is during the term, the Al agent
curriculum hub could return the available co-curricular activities related to the
learning goals instead. Similarly, the AI agent for the education hub may return
some practice questions for the courses if the request is near the examination
period. If there are some groundbreaking papers on data science, the library hub
agent may also return a summary of the latest study in this area. Before the term
break, the Al agent of the career hub may alert students of internship opportu-
nities. Taking in all the responses from each hub, the AI Orchestrator collates
the responses from each AI agent and then packages the recommendations to
the students.

3 Reflection on Challenges and Opportunities Associated
with Implementation

Implementing agentic Al in education has several challenges that must be
addressed to realize its full potential. One of the most significant hurdles is the
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labor-intensive process of gathering and integrating data from various sources.
Educational institutions collect vast amounts of data from academic records,
student engagement metrics, career aspirations, and extracurricular activities.
However, this data is often scattered across different systems, managed by var-
ious departments, and stored in inconsistent formats. Bringing these disparate
data sources into a centralized and structured data warehouse requires exten-
sive collaboration with multiple data owners, which can be time-consuming and
complex. Once the data is collected, the next challenge is building systems that
can effectively integrate and communicate with an AI Orchestrator. Many insti-
tutions rely on legacy systems not designed for interoperability with Al-powered
platforms. Developing a seamless integration between learning management sys-
tems, student information databases, and career guidance tools demands sig-
nificant technical investment and careful planning. Ensuring that these systems
work together efficiently is critical for Al-powered recommendations to be accu-
rate and relevant.

Beyond technical challenges, ethical considerations and data privacy con-
cerns must be carefully managed. Al-powered education systems depend on vast
amounts of student data, raising critical questions about security, confidential-
ity, and responsible AI use. Institutions must implement strict data governance
and use of Al policies to protect student information while ensuring compliance
with privacy regulations. Furthermore, trust remains a significant barrier to Al
adoption. Some students may be hesitant to rely on Al-generated recommenda-
tions due to concerns about bias or a lack of understanding of how the system
operates. Henceforth, we need to educate students that they have control over
their learning decisions and can give feedback to the system should they find the
AT recommendations not helpful.

Despite these challenges, the successful implementation of agentic Al presents
significant opportunities for transforming education. Once the data integration
and system interoperability issues are resolved, Al can provide a truly personal-
ized learning experience. By analyzing a student’s academic history, engagement
patterns, and career aspirations, Al can tailor educational content to fit their
unique needs. Unlike traditional learning analytics that primarily focus on identi-
fying struggling students for intervention, agentic Al actively supports all learn-
ers by dynamically adapting content and learning pathways. Another significant
opportunity is the scalability of Al-powered education [16]. Due to resource con-
straints, personalization has traditionally been challenging to implement at large
institutions. However, Al enables scalable, tailored learning experiences, ensur-
ing every student receives support that aligns with their goals [11]. Ultimately,
harnessing Al-powered insights allows institutions to create a more equitable
and effective learning environment, ensuring that students from all backgrounds
have access to high-quality education and support.

4 Future Steps

The next phase of this project will focus on structuring data to enhance the
intelligence, adaptability, and privacy of the agentic Al system. Instead of sim-
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ply integrating and storing data in a centralized warehouse, the emphasis will
shift toward organizing information using knowledge graphs within distributed
hubs. Each hub will be accessed only by a specialized AI agent, ensuring that
data owners maintain control over their respective datasets. This separation of
responsibilities enhances data protection and aligns with governance best prac-
tices by preventing any single entity from holding comprehensive user profiles.
The AI system can better understand relationships between different learning
components by structuring academic records, student engagement metrics, career
aspirations, and extracurricular activities into localized semantic networks. The
orchestrator model will not store or directly manage this data but synthesize
insights from multiple agents, each responsible for its domain-specific hub. This
approach ensures that data privacy is maintained while allowing for highly con-
textualized and dynamic recommendations. The system can provide personalized
learning journeys without compromising data sovereignty by mapping connec-
tions between coursework, skills, career pathways, and real-world job require-
ments.

We will refine AT models that leverage graph neural networks (GNNs), natu-
ral language to SQL generation, and semantic reasoning to make these dynamic
recommendations more adaptive and explainable. GNNs are a class of neural
models designed to operate on graph-structured data, making them suitable for
reasoning over interconnected concepts or relationships [9]. Instead of treating
student progress as a linear sequence of courses and grades, the Al will interpret
learning as a network of interrelated concepts, competencies, and experiences
about their learning goals. This will improve the granularity of goal-oriented
recommendations and the system’s ability to explain why a particular sugges-
tion is relevant. Enhancing explainability will be a key priority, helping students
understand how and why Al-generated guidance is tailored to them while main-
taining trust in the system’s governance framework. We intend to pilot this with
at least one of the hubs and one of the university’s colleges in the coming year.

5 Conclusion

Implementing agentic Al represents a transformative shift in higher education,
moving beyond traditional learning analytics to offer proactive and personal-
ized student support. By integrating Al-powered learning analytics with career
and skill-building recommendations, this system optimizes student engagement
and ensures that education remains adaptive to evolving career pathways. While
challenges exist, including ethical considerations and the need for institutional
integration, ongoing research, and strategic partnerships will be essential to refin-
ing the Al framework and expanding its implementation.

Agentic Al has the potential to revolutionize education by empowering stu-
dents with personalized learning trajectories that evolve in real time. By shifting
from reactive intervention models to proactive guidance, Al-powered systems
foster a more inclusive, adaptable, relevant, and student-centered approach to
learning. As educational institutions embrace this technology, continued research
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and collaboration will ensure its long-term success and sustainability. By advanc-
ing the integration of agentic Al in education, which leverages and agglomerates
data and resources uniquely available within the universities, we prepare stu-
dents for lifelong success and ensure the relevance of university education in an
ever-changing world.

Disclosure of Interests. The authors declare that they have no conflict of interest.
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