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A Large Language Model-Based Academic Advising Assistant for
Engineering Technology Students

Abstract

In recent years, Artificial Intelligence (Al)-based solutions, particularly Large Language Models
(LLMs), have been applied to a variety of domains, such as energy, finance, transportation,
healthcare, and education. Among these domains, education has become increasingly popular due
to strong interest among educators and students. This study proposes an academic advising
assistant system that uses LLMs to help Engineering Technology (ET) students plan their course
load based on their educational history, departmental course offerings, and personal constraints,
such as their preferred semester course load. The proposed LLLM-based academic advising
assistant system maintains a database of students’ course histories and upcoming course
availability to provide personalized recommendations for which courses to take based on user
input. It also explains course dependencies and adapts its suggestions according to user
constraints, such as course difficulty (inferred from grade distributions) and maximum credit
limits per semester.
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Introduction

In recent years, academic advising has become a critical task in higher education due to the
increasing number of degree programs and students, leading advising offices to struggle to meet
the demand for advising appointments. Shortages of advisor availability and time per student
have left many undergraduates without clear or timely information about degree requirements,
prerequisite ordering, and course-by-course plans for each semester.

As aresult, many students take unnecessary courses or delay necessary ones because they lack the
opportunity to clarify their course plans. National enrollment and completion statistics also
indicate that unclear degree pathways and advising bottlenecks lead to longer time-to-degree for a
majority of college students . In a modern university environment with increasingly rigorous
degree programs, inadequate advising can lead to significant, lasting academic and financial
consequences for students. Fortunately, Large Language Models (LLMs) have improved
dramatically in recent years and can now follow complex instructions, retain context in long-form



interactions, and generate highly coherent responses. State-of-the-art language models such as
GPT, Claude, and LLaMA have demonstrated remarkable success in advanced reasoning,
multi-turn dialogue, and natural language explanations for different types of context>*>. While
traditional academic advising systems and tools are largely limited to static degree audits, static
menus, and hard-coded decision trees, LLMs’ reasoning and explainability capabilities set them
apart. Academic advising is, by nature, a rule-intensive task, and the structured, logical thought
processes for prerequisites, degree requirements, and other planning details have not been easy to
translate into a language system. However, recent successes by LLMs in explaining complex
structured logic in natural language for academic degrees show that the gap is closing.

Current academic advising systems offer limited personalization, whereas LLLMs have
demonstrated a range of powerful capabilities. Advisors commonly rely on degree audit systems
to indicate which requirements have been satisfied and which remain outstanding. There are
limited planning features for what-if analyses, such as “what if I take that class later,” “I am
transferring these credits, what do I still need,” or “are there different ways to order the remaining
classes?” Advising systems also typically do not explain why requirements must be satisfied or
which credits to take. If an advisor needs to convey this information, it is typically provided in
verbose written explanations, and the student receives no immediate feedback. As a student
progresses, their courses taken, courses in progress, graduation dates, and goals change. Students
may repeat a course, switch to part-time or full-time status, retake classes, or change their goals.
These natural changes to students’ educational trajectories are only partially supported by existing
advising tools. According to various academic research and industry reports, students value
procedural guidance and explanations over raw lists of requirements®. The study’ shows that
LLMs are useful tools for free-form reasoning, open-ended logic, and natural language dialogue.
However, LLLMs are not yet sufficiently accurate to be used safely and reliably on their own for
high-stakes planning or summarization tasks in a rule-free environment. The model in the study
generated false information, made incorrect policy assumptions, or provided overly high-level or
under-specified guidance when used for advisory tasks without sufficient structure or filtering.
Due to these results, research by the same team has shown that a multi-stage pipeline that tightly
couples an LLLM with rule-based logic, verified data, and retrieval systems can reliably address
the limitations and safety risks of an LLM-only system®®!9 In this system architecture, the LLM
layer serves as an explainable, reasoning wrapper around deterministic logic, handling state
tracking and requirement enforcement in an advisory dialogue. This closely mirrors the desired
user-facing properties of an advising system.

This study proposes an academic advising assistant system that uses LLMs to help Engineering
Technology (ET) students plan their course load based on their educational history, departmental
course offerings, and personal constraints. The system stores students’ academic histories and
upcoming course offerings and generates personalized course recommendations based on their
input. Students at universities today expect instant, on-demand access to knowledge that the
current manual advising process cannot provide. Students can also save time by using an
automated answering tool for repetitive questions that are currently answered manually.
Universities are key stakeholders in the adoption and deployment of advising tools and require a
scalable, cost-effective solution. Considering the needs of students, advisors, and universities, the
goal of this study was to develop an LLLM-based advising assistant that can quickly and accurately
assist students and allow them to explore degree requirements with greater confidence.



Academic Advising Process

The academic advising process plays a critical role in students’ academic journey and success.
Most major universities require advising to be conducted in one-on-one meetings between the
student and the student’s advisor before the start of early registration. Students meet with their
academic advisor at least twice a year, during the pre-registration period in the Fall and Spring
semesters. During these sessions, the student’s academic records are updated in an Excel
spreadsheet to align with the University’s digital records; grades are monitored; students are
advised of potential GPA and course-plan issues; and the student’s career goals are reviewed.
During the pre-registration and registration periods, advisors review student records to ensure that
all courses are taken in the proper sequence and that all prerequisites are met. The advisor verifies
curriculum completion and guides future scheduling. Upon completion of the meeting, the
advisor block is removed from the student’s account, and the student can then register. The
student can then also be encouraged to visit their advisor for guidance on academic matters and
career opportunities.

Student classifications and academic statuses may require additional requirements. All first-year
students will meet with a professional advisor during orientation and throughout their first year, in
addition to the two regular visits. Freshman instructors are required to submit midterm grade
reports to students so students can discuss any academic progress issues with the instructors if
needed. After freshman year, non-freshmen’s academic performance is assessed by advisors
during academic advising appointments. The program director of their corresponding major
advises all on-campus non-first-year students. The director assists students in selecting courses
and advises them on graduation requirements, senior technical options, advanced studies, and
professional opportunities. Faculty advisors also strictly enforce prerequisites, which is adequate
for most students making satisfactory progress. Lastly, if the student is graduating in the coming
semester, the program director reviews the student’s entire record and verifies that all degree
requirements are met by the end of the coming semester. The program director then verifies that
DegreeWorks correctly reflects the student’s academic record. Upon graduation, the Registrar’s
Office reviews DegreeWorks to verify that students have met degree requirements and then
awards their degree.

In addition to the different statuses that can affect advising, whether the student is on campus or
in a distance-learning program will also affect the process. Distance-learning students are advised
by professional advisors at their respective distance-learning sites. If the student is at a location
without a professional advisor, they must contact the on-campus distance-learning office. The
program director is consulted when questions arise during the advising process. During the
academic year, all students’ academic records are kept electronically in the University’s Banner
system. Faculty advisors have access to the Banner system, and students can review their
electronic academic records online. All course prerequisites are published in the University’s
Undergraduate Catalog and on the website. Additionally, the system automatically checks
prerequisite completion during web registration, and students who do not meet any prerequisites
will be blocked from registering for the course.



Proposed LLM-Based Academic Advising Workflow and Main Components

LLM-Based Academic Advising Workflow

Figure 1 illustrates the proposed LLM-based academic advising workflow, consisting of three
main components.

* Student Inputs Data and Goals,
* A System Process Request,
* An Al-generated Plan.

In this workflow, first, students enter their information, including completed courses, preferred
workload (number of courses or credits), and constraints (e.g., graduation timeline, availability).
Then, the LLM-based system processes the request along with the course database and degree
requirements. Finally, the system generates a personalized plan for each student that includes a
multi-term course plan, course selections, graduation goals, and constraints.

Main Components

Figure 2 illustrates the three main parts of the system, i.e., Database, OpenAl Large Language
Model (LLM), and Backend Application Logic, in addition to the advisor and student ones. Each
component is explained briefly as follows:

* Database: It is the primary memory bank of the system, stored in a PostgreSQL database.
The database holds all the information regarding users, educational programs run by the
institution, course sections, and the classes needed to fulfill these sections. The database
obtains all user information from the student User Interface (UI), where students can apply
schedule constraints and mark all completed courses. The course structures themselves are
added to the database by the advisor UI. The Advisor Ul can also add educational programs
to the database for the student to choose from, along with all available classes and times.

* OpenAl LLM: This component serves as the core reasoning engine of the system, utilizing
the gpt-4o-mini. It uses the database to generate the requested schedules. It quickly
processes the classes the user needs to complete their program, the class availability, and
any schedule constraints requested by the student to create an all-inclusive schedule for the
remaining semesters. This portion of the system performs the main processing for the
program.

* Backend Application Logic: The backend application logic is the coding logic that connects
the Student and Advisor Uls, OpenAl, and the Database, and makes the processes work. It

1. Student inputs 2. System 3. Al-
data & goals processes request generated plan
Completed courses Course database Personalized multi-
+ constraints + LLM reasoning term schedule

Figure 1: Overview of the LLM-driven academic advising workflow



serves as the interface between the system’s interactive components. It is currently divided
into two parts: the authorization and session manager, and the request orchestrator. The
authorization and session manager are components of the code that allow the student to log
in by verifying the saved username and password combinations. If the information entered
matches the database, the student will be able to log in to the student UI. The request
orchestrator is the portion of the code that interfaces between the database and OpenAl,
ensuring that the Al has all the information it needs to create a schedule. It also sends the
completed schedule to the Student UI for review. A third portion of this code is planned,
but is currently not operational.

Academic Advising

. Student Advisor
Assistant System

Inputs preference:&\

Final schedule Reviews & manages plans

constraints / /

Backend Application Logic

e ~_

Reads/Writes data Sends context & requests Schedule recommendations

T~ !

LLM

Database

Figure 2: Interaction flow of the main components of the LLM-based academic advising assistant.

System Implementation

This section describes the implementation of the LLM-based academic advising assistant system,
with the overall system architecture shown in Figure 3. The architecture encompasses a variety of
modular components. Each component is briefly explained below.

User Interface Layer

The system consists of two primary interfaces, i.e., Student and Advisor User Interfaces (Uls),
implemented with Streamlit, a Python-based web framework.

* The Student Ul provides:
— login fields for username and password,

— forms to enter degree-planning inputs and constraints (e.g., “no more than four
courses per term”),



Student Ul Advisor Ul

Authentication & Backend Database
Session Manager Application Logic (Postgres)

Rule Engine Request OpenAl LLM
((HEWIE) Orchestrator (GPT-40-mini)

Figure 3: Multi-stage pipeline for LLM-based academic advising

— views for reviewing Al-generated multi-term schedules and associated rationale.
* The Advisor Ul provides:

— read access to student plans and constraints,

— access to basic student data stored in the database,

— interfaces intended for future course catalog adding, editing, and program
configuration.

Navigation between the pages, i.e., login, the advisor, and the student pages, is handled via
Streamlit’s page routing, based on the user’s role stored in the session state. Figure 4, 5, and 6
illustrate the example Uls for students and advisors, respectively.

v T8 Student Dashboard x |+

& (3 [ O localhost:8501/Student_Dashboard

@ Student Dashboard

Select Vour Program

Advisor Dashboard
Stugdent Dashboard
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Figure 4: View of student user interface: Program Viewer
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Figure 5: View of student user interface: Completed Courses
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Figure 6: View of advisor user interface



Authentication and Session Management

The authentication process in the system is performed through a database-backed, i.e.,
username-password check. The current system stores passwords in plain text; however, the final
platform will support secure hashing, and session management is handled entirely by Streamlit.
When a user intends to log into the platform, the system executes the following steps:

* opens a connection to the Supabase-hosted PostgreSQL instance using psycopg2,
* queries the users table for a record,

« if a match is found, creates an in-memory user object containing the username, full name,
and role (i.e., student or advisor),

* stores this object, which is then used to gate access to pages.

Data Storage layer

Persistent data is stored in a PostgreSQL database hosted by Supabase, which appears in the
diagram as the central database component. The schema currently includes, at a minimum:

* users: usernames, full names, passwords, and roles,

* programs: academic programs and catalog years,

* sections: hierarchical program sections (e.g., core, electives, concentration blocks),

* courses: course IDs, titles, credits, term offerings, prerequisites, and special constraints text,
* student_courses_completed: mapping between students and completed courses,

* student_constraints: normalized constraint “chips” derived from student free-text input,

(planned) recommended _schedules: storage for generated schedules for later review.

The data storage layer interacts with all system components. The first step is authentication,
which verifies credentials. Then, both the advisor and student user interfaces receive data related
to the student’s academic history and program requirements, while the backend logic reads and
writes constraints and schedules from and to the database.

Backend Application Logic
The backend application logic is implemented with the following responsibilities:
» Data Aggregation:

— fetches course catalog data (programs, sections, courses, offerings, prerequisites,
special constraints) from the database,

— pulls the student’s academic history, along with constraints.
* Constraint Handling:

— accepts constraints, €.g., 10 more than 5 courses per semester,



— passes them through an LL.M call to convert them into structured data.
* Prompt Construction:

— combines all information, including catalog data, completed courses, and constraints,
into a structured prompt for the LLM.

— enforces catalog consistency by including only known course IDs, credits, and term
offerings in the prompt.

* Result Integration:
— parses the LLM’s response,
— provides course IDs with titles and credits against the catalog,
— displays the schedule,

— writes the LLM-generated plan back to the database.

Request Orchestrator

The request orchestrator is a subcomponent of the backend that focuses on LLM interaction. Its
primary responsibilities are:

* receiving the context (catalog, constraints, student history) from the backend,

building a prompt defining course IDs, maximum credits per semester, and constraints,

calling the OpenAl API using GPT-40-mini and capturing the raw response,

 performing minimal validation, i.e., e.g., confirming the response is valid JSON,

providing the cleaned result to the backend logic.

OpenAl LLLM (GPT-40-mini)

OpenAI’s GPT-40-mini is used as the Al reasoning layer, accessed via the OpenAl Python client.
At this stage of the study, the LLM performs nearly all scheduling intelligence, including:

* sequencing courses based on prerequisite descriptions,

* honoring student constraints where possible (e.g., maximum course load, avoiding specific
combinations),

choosing term offerings based on encoded Fall/Spring/Summer availability,

balancing workload across terms while attempting to minimize time to completion,

* explaining the rationale for the suggested plan.



Rule Engine (Planned Component)

The architecture includes a rule engine box connected to both the backend logic and the
orchestrator. This component is not yet implemented in the current system.

The planned responsibilities for the rule engine are:

* encoding prerequisites and co-requisites in a machine-readable form, for example, boolean
expressions over course IDs,

¢ enforcing maximum and minimum credits per term,
 performing hard checks on term availability,
* rejecting or flagging LLM-generated schedules if they violate s institutional policies.

In the current phase, these responsibilities are handled by the LLM through prompt engineering.

The rule engine is intended to gradually take over all non-negotiable institutional rules, allowing

the LLM to focus on softer preferences or constraints that are not hard-coded into the rule engine
validation.

Demonstration

The system is developed on the Streamlit Community Cloud to allow students and advisors to
access the application via the dashboard without installing any software. The deployment pipeline
is as follows:

1. Source code and configuration are stored in a GitHub repository.

2. A requirements.txt file specifies runtime dependencies, including streamlit,
psycopg2-binary, supabase, and openai.

3. A runtime.txt file pins the Python version to match dependencies known to build
successfully on Streamlit Cloud.

4. Sensitive configuration values, such as the OpenAl API key, Supabase URL, and
PostgreSQL connection string, are stored in Streamlit’s secrets management (st.secrets) and
are not committed to source control.

5. Streamlit Cloud automatically creates an isolated environment and launches the front-end
login page.

If the submitted credentials match the database records, the student is redirected to the Student
UL It will display two interactive sections to the student. The first is the program viewer, which
shows the program the student is taking and all of the possible classes that can fill each part of the
program. This program can be chosen from the list available to the student. This list includes all
available programs and the year each program started. The chosen year ensures that the database
refers to the correct catalog year, so any changes made to the program after that year will not
affect the student. The second section is "Mark Completed Courses.” This section allows students
to mark which classes they have already taken, so that they can be removed from any future class
schedules.



As the student scrolls down, they will see the Al Planner and the starting term for which the
schedule should be planned, see Figure 7. The Al planner allows the student to interact directly
with the Al and request specific constraints for their schedule to better meet their lifestyle needs.
These constraints can range from classes the student would like to avoid to the number of credit
hours the student would like to take per semester.

Once “Plan my Schedule” is selected, the Al creates the multi-term plan. An example of this is
found in Figure 8. This will show the recommended classes for every remaining semester and the
rationale the Al used to produce this schedule. Future versions of this area will also list any
classes that could not be included due to constraints, but are needed to complete the

program.

Q Generating Al-recommended schedule...

Al Planner \
Enter your scheduling preferences or constraints (/D Recommended Multi-Term Plan
Spring 2028
I don’t want to take any classes in the spring] «  ENGN110 - Explore Engineering and Technology (3 cr)

* ENMAA480 - Ethics & Philosophy in Engineering (3 ¢r)

Spring 2029

* ENGT434 - Introduction to Senior Project (3 ¢r)

K‘ ENGT435W - Senior Design Project (3 cr) )

Active Constraints

Avoid MTH211 and MTH168 together (avoid_pair) u) 0 Al Rationale

Constraint a constraint The plan avoids taking MTH211 and MTH166 together and not No Fall classes as per the constraints.
The courses are scheduled efficiently to balance the load while ensuring preroquisites are met, with

u;hter courses included maecimized in the first semestor.

Figure 7: LLM-based Al planner Figure 8: Al-generated multi-term plan

Conclusion

Many higher education institutions have observed an increasing demand for academic advising
services in degree planning. However, many existing advising tools struggle to support complex,
multi-step reasoning. As degree requirements become more prescriptive and student populations
grow, students often have to wade through dense, opaque degree audits to understand their
progress. This can lead students to take unnecessary courses, miss prerequisite sequences, or take
longer to complete their degree.

This study focused on developing an LLM-based advising assistant to support human academic
advisors while ensuring that requirements are met. Emerging large language models (LLMs) are
increasingly demonstrating mastery of contextual understanding, explainability, and multi-step
reasoning, presenting an opportunity to improve academic advising systems. This study leverages
the more general capabilities of LLMs, such as understanding informal student language, while
constraining outputs with deterministic policies to address known weaknesses. The proposed
LLM-based advising assistant system is intended to support the current advising process at
universities, not replace human academic advisors. The proposed system can significantly
improve the student experience and the academic decision-making process.
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