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Welcome to the 39th CCSC Southeastern
Conference

Welcome to the 39th Southeastern Regional Conference of the Consortium
for Computing Sciences in Colleges. The CCSC:SE Regional Board welcomes
you to Macon, GA, the home of Mercer University. The conference promotes
a productive exchange of information among college personnel concerned with
producing quality computer-oriented curricula as well as using effective educa-
tional methods to teach computer science. It is for faculty as well as admin-
istrators of academic computing facilities, and for students to participate in
activities that promote computer science. We hope that you will find some-
thing to challenge yourself and engage you at the conference!

The robust conference program highlighted by four sessions each with mul-
tiple tracks, including engaging guest speakers, workshops, a panel discussion,
student posters, a nifty assignment session and four sessions of high-quality
refereed papers. We received fifty-seven papers this year and accepted eigh-
teen papers for the conference and included in the proceedings — an acceptance
rate of 32

Two exciting activities designed specifically for students — a research con-
test and an undergraduate programming competition, with prizes for the top
finishers in each.

We especially would like to thank the faculty, staff, and students of Mercer
for their help in organizing and publicizing this conference. We also extend
heartfelt thanks to the CCSC Board, the CCSC:SE Regional Board, and to
a wonderful Conference Committee, led by Conference Chair and program-
ming contest coordinator Dr. Andy Digh, and research contest coordinator
Dr. Fahad Sultan. Thank you all so much for your time and energy.

We also need to send our deepest appreciation to our partners, sponsors,
and vendors. Please take the time to go up to them and thank them for
their contributions and support for computing sciences education — CCSC Na-
tional Partners: Rephactor, ACM2y, and Blossoms. Sponsoring Organizations:
CCSC, ACM-SIGCSE, and Middle Georgia STEM Alliance and 21st Century.

We could not have done this without the excellent submissions from authors,
the insightful comments from volunteer reviewers, and the support from our
editor Dr. Adam Lewis. Thanks to all of you for helping to create such a
strong program for this year’s conference.

We hope you enjoy the conference and your visit to Mercer.

Karen Works
Florida State University
Regional Chair
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Andy Digh
Mercer University
Conference Chair and Host
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2025 CCSC Southeastern Conference Committee

Local Arrangements Chair: Cristina Petruso .............. Mercer University
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From Problems to Performance: Two Decades
of Programming Contests in the CCSC
Southeastern Region*

Keynote

Andy Digh, Professor of Computer Science at Mercer University

This keynote presents an analysis of two decades of programming con-
tests hosted by the CCSC Southeast. Drawing on his experience as direc-
tor since 2004, Andy Digh will identify five recurring problem categories:
string manipulation, mathematical computation, search and data structures,
graph algorithms, and problems requiring high implementation complexity.
The talk will reveal a correlation between Python usage and higher success
rates, attributed to its efficiency in development and debugging. Key contest
strategies—including effective teamwork, problem selection, and time man-
agement—will be highlighted, alongside preparation methods used by top-
performing teams. In addition, the future impact of Al and new programming
languages on these competitions will be considered.

*Copyright is held by the author/owner.
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Agentic Al and the Cyber Arms Race*

Keynote

Sean Oesch, Senior Scientist of Oak Ridge National Laboratories

In the early years of cybersecurity, defenders utilized virus-specific signa-
tures, honeypots, and heuristics. As attacks increased in volume and attackers
became more sophisticated, moving toward polymorphic malware, packers, and
novel evasion techniques, defenders looked to machine learning to provide scal-
ability (quickly analyze large volumes of data and automate repetitive tasks),
pattern recognition (detect common attack patterns), and novelty detection
(recognize abnormal behaviors that may indicate malicious actors or insider
threats). With the advent of deep learning-based reinforcement learning al-
gorithms and large language models we are on the cusp of another revolution
in cybersecurity - agentic artificial intelligence. In this talk, Sean Oesch, a
cyber researcher and senior scientist at Oak Ridge National Laboratory, will
discuss the implications of agentic Al for cyber warfare and share his thoughts
on how to educate Al savvy students who can defend the networks and critical
infrastructure of the future.

*Copyright is held by the author/owner.
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Navigating the effect of Generative Al on
Undergraduate CS Majors *

Panel Discussion
Adam Lewis!, Laura Malave 2, Tania Roy?, and Karen Works*
! Division of Mathematical, Computer, and Applied Sciences
College of Arts and Sciences
Athens State University, Athens, AL 35611
Adam.Lewis@athens.edu
2College of Computer and Information Technology
St. Petersburg College, St. Petersburg, FL 33733
malave.laura@spcollege.edu
3 Division of Natural Sciences
Computer Science
New College, Sarasota, FL. 34243
troy@ncf.edu
4 Computer Science
Florida State University, Panama City, FL 32405

keworks@fsu.edu

1 Summary

Generative Al is a handy tool that facilitates software development. However,
too high reliance on generative Al in introductory courses can cause students
to miss key concepts of the programming languages [1].

Learning to program is not easy. The method by which students circumvent
the introduction to programming courses has evolved over time coinciding with
developments in technology. In the 1980s, students copied code from other
students in the same class or program [5]. With the development of the internet,

*Copyright is held by the author/owner.
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blogs, and homework "helping" sites, students submitted existing programs
from the world wide web and/or done by a third party, including hired and
contracted [3, 2]. With the latest developments in generative Al some students
are utilizing Al generated solutions from systems such as ChatGPT [4].

As opposed to the other methods, generative Al is becoming mainstream
and integrated into development environments. The goal of institutes of higher
learning is to graduate students who will have the skills to be successful in their
careers. To reach these goals, the landscape of education will need to adapt to
Chatgpt and similar AI technologies.

2 Adam Lewis

Athens State University is a 200-year-old institution that has been an upper
division only university for more than fifty years. So, the needs of the adult
learner and transfer student are paramount to our institution. The care and
support of these students is very different from the usual population of 18-22
year old students that form the traditional body of college students recruited
by our institutions.

The integration of generative Al tools into the software development pro-
cess raises painful issues for computer science instruction. We face the ethical
issues of students using Al tools to generate solutions to assignments while
claiming those generated solutions as their own work. But there is a deeper
issue regarding the instructional materials used in courses as the Large Lan-
guage Models are trained on these materials. Thus, the pedagogical techniques
used in computer science instruction must evolve to a more active model of in-
struction.

It is said that from chaos arises opportunity. As industry incorporates more
of the generative Al tools into the software development life cycle, higher edu-
cation can incorporate these tools into instructional techniques. For example,
adding Al tools into the process of pair programming can form a method for a
more active instructional process to teach beginning programming. We feel our
connection at Athens State University with a non-traditional student popula-
tion provides opportunity for improvement of how we teach computer science
with these tools.

3 Laura Malave

St. Petersburg College’s College of Computer and Information Technology of-
fers a dynamic and workforce-driven pathway for students pursuing careers
in cybersecurity, programming, networking, data science, and related fields.
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Fully accredited and aligned with industry standards, CCIT provides stack-
able credentials—from certificates to A.S. and B.A.S. degrees—that support
both traditional and non-traditional students, including working professionals.
With flexible online and in-person options, hands-on labs, and strong partner-
ships with industry and government, the college emphasizes applied learning
and career readiness. Students benefit from experienced faculty, internship
opportunities, and pathways from Florida A.A. degrees. Graduates leave pre-
pared to enter or advance in high-demand technology sectors with practical
skills, certifications, and a solid academic foundation.

4 Tania Roy

New College of Florida, Florida’s public honors liberal arts college, offers a
Computer Science program with a rigorous and flexible curriculum rooted in
the liberal arts tradition. Our SACS-accredited BA degree supports both tra-
ditional and non-traditional pathways, with opportunities for interdisciplinary
exploration and individualized study. The program welcomes students who
have completed a Florida A.A. degree. Through independent study projects,
project-based courses, close faculty mentorship, and narrative-style evalua-
tions, students are empowered to take ownership of their learning. Our unique
curricular approach equips New College graduates with the critical thinking,
technical expertise, and collaborative skills needed to succeed in a fast-paced,
interdisciplinary world.

5 Karen Works

The Florida State University (FSU) online Computer Science program sup-
ports an ABET accredited BS degree and two SACS accredited BA degrees
in Computer Science. Our programs accept students who have completed a
minimum of 52 hours of credit at FSU, or an A.A degree. We serve a diverse
non-traditional student population and support students around the world.

We are dedicated to ensuring that all FSU graduates regardless of whether
they take the traditional face-to-face or nontraditional online route are pre-
pared for demanding fast paced technology jobs. Towards this goal, FSU has
developed many resources to support high quality online learning.

6 Biographies

Adam Wade Lewis is a Professor of Computer Science and Program Co-
ordinator for Computer Science and Information Technology at Athens State
University, in Athens, Alabama. They are actively involved with transfer and
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the academic advising process working with both community college transfer
students and transfer students from other senior institutions.

Laura Malave is an Associate Professor of Computer and Information at
St. Petersburg College, in St. Petersburg, Florida. She serves as the NSA
CAE (Center of Academic Excellence in Cybersecurity) POC(Point of Con-
tact). She serves as a board member of the ACM2Y, and the NCL (National
Cyber League).

Tania Roy is an Associate Professor of Human-Centered Computing at
New College of Florida, where she is actively involved in curricular development
and advising both traditional and non-traditional students pursuing majors and
minors in Computer Science and Data Science.

Karen Works is an Associate Teaching Professor of Computer Science
in the Computer Science Department on the Panama City campus of Florida
State University. She is passionately involved in developing well designed in-
structional materials that promote active learning.
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ACM2Y: Advancing Computing Education in
Associate-Degree Programs®

Panel Discussion

Laura Malave
St. Petersburg College
St. Petersburg, FL 33733-3480

Malave.Laura@spcollege.edu

Established in 2021, ACM2Y is an ACM group for those interested in com-
puting education in two-year higher education programs, such as associate-
degree programs. Supported by the ACM Education Board, ACM2Y is gov-
erned by an 11-member executive committee and has the following mission:
ACM2Y advocates for a diverse group of computing students and educators by
building a targeted and resourceful community for faculty of two-year, higher
education programs.

Membership in ACM2Y is free, and benefits include a community listserv
for conversations among members, and periodic webinars on topics of interest
to the community. As ACM2Y continues to grow, additional activities will be
added. As of Summer 2024, ACM2Y has about 300 members.

*Copyright is held by the author/owner.
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Best Practices for Face-to-face and Online
Undergraduate Research

Conference Tutorial

Karen E. Works
Computer Science
Florida State University
Panama City, FL 32405

keworks@fsu.edu

Abstract

Undergraduate research is beneficial to students in so many ways. Crowe and
Burke [1] found that it increases the number of students who go to graduate
school and that students who participate report a higher level of satisfaction
with their undergraduate experience. It has been shown to increase student
engagement [2]. Retention in computing majors 3] and increase in problem
solving skills [4] have been correlated with students who participate in under-
graduate research. Given all the benefits to students, how do you get started
with undergraduate research at your college?

Dr. Karen Works has co-chaired the student research symposium at Florida
State University on the Panama City campus since Fall 2020. The symposium
supports face-to-face poster sessions, online pre-recorded presentations, and
online video conferencing presentations. In addition, she has been a research
mentor for undergraduate computer science students outside of her courses,
both online and face-to-face.

In this tutorial, she will share her experience in coordinating and hosting a
student research symposium on the FSU Panama City campus discussing both
the challenges and rewards in working with students on undergraduate research
projects, to encourage others to become research mentors. Best practices to
support undergraduate research in different modalities, namely face-to-face and
on-line, will be presented. This tutorial session will introduce how instructors
can get undergraduate research started with their students and how to coordi-
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nate research symposiums on their campuses. The session will be interactive
with discussion activities.

References
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Convergence of Disciplines in Computer Science
Programs®
Conference Tutorial

Mohammad Amin, Bhaskar Sinha, Pradip Peter Dey
School of Technology and Engineering
National University
9388 Lightwave Ave., San Diego, CA 92123

{ mamin, bsinha, pdey}@nu.edu

Convergence of disciplines refers to the merging of different fields of study to
create capabilities that the market requires. The need for traditional specialties
within Computer Science (CS) programs is rapidly being augmented by the
demand for integrated knowledge and understanding. Academic institutions
are experiencing a shift in the CS education space, due to the rapid integration
of interdisciplinary expertise requirements and new problem-solving approaches
in a progressively complex digital world. As technology increasingly controls
human daily workloads, traditional boundaries between academic fields are
disappearing, replaced by inclusive curricula, modern research, and new career
paths.

One of the visible examples of this convergence is the smartphone, which
includes technical understandings of phones, camera, music, mobile, network-
ing, user interface, GPS, etc. Similarly, the rise of Natural Language Pro-
cessing (NLP) shows the merging of linguistics, psychology, and CS. Modeling
techniques in statistics and computational fields are now essential for develop-
ing Al-powered tools like language translation applications. The evolution of
NLP demonstrates how an interdisciplinary foundation enhances the ability of
computational systems to process human language [3]. Economics and social
sciences are also invariably weighing in on the development of CS curricula.
With the expansion of data analytics and artificial intelligence, understanding
human behavior, motivations, and ethics has become a central issue. Algorith-
mic fairness, privacy, and bias moderation are now regular discussion points in

*Copyright is held by the author/owner.
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data ethics courses [5]. Human-Computer Interface (HCI) is another area of
development surrounding convergence. Traditionally driven primarily by user
interface (UI) design, HCI now collaborates with cognitive science, comput-
ing, data analytics, and graphics to develop adaptive and intelligent systems
that understand user perspectives and thought processes. HCI research is in-
creasingly incorporating NLP, computer vision, and ethical design, linking it
closely with AT and socio-technical systems [4]. Recently, cybersecurity has also
emerged as a multidisciplinary example, uniting theoretical CS, cryptography,
and human factors. Academic security programs now include secure coding,
behavioral analysis, and policy, all supported by core CS skills. With cyber
threats becoming more refined, academia emphasizes collaboration between
theoretical and applied CS researchers to devise robust security solutions [2].
Theoretical CS, traditionally perceived as abstract and special, is discovering
innovative relevance through its connections within itself. These intersections
reflect the evolving nature of theory’s role in enabling real-world applications,
prompting departments to offer courses that contextualize mathematical rigor
with practical relevance [1]. These shifts require academic restructuring, both
at the curriculum content and administration levels. Some leading universities
have progressed in this direction by offering interdisciplinary specializations
and joint programs, such as human-computer interaction, programming with
graphic and GUI designs, physics with quantum Al and algorithm design,
big data and vector databases, among others, to equip graduates with both
domain-specific expertise and computational proficiency. These combinations
enhance students’ capabilities to confront real-world challenges that require
more than just technical prowess.

The convergence of traditional CS specialties in education not only augments
technological advancements but also trains learners for future leadership roles
in a space where modernization and advances are driven by multi-disciplinary
expertise. This merging in academia is not only reshaping how knowledge is
prepared and taught but also aligning education with real-world innovations.
As computing becomes the basis of research and innovation across all fields,
accepting and practicing the interdisciplinary teaching-learning paradigm is no
longer an option but is rapidly becoming essential.

Tutorial Description: This tutorial offers an interactive and effective learning
session where panelists will raise critical questions, concerns, and discuss po-
tential opportunities. They will also provide valuable suggestions on how the
convergence of disciplines can enrich the CS curriculum. The attendees can
interact, ask questions, express their ideas, and provide constructive feedback.
Examples of some interdisciplinary integrations are introduced. Discussions
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will include how these can be seamlessly included into the CS curriculum,
where students can get opportunities to learn about these emerging technolo-
gies and equip themselves to face future challenges and contribute appropri-
ately. The panelists will also address the ethical issues involved and how to
maintain academic standards and integrity.

Expected Outcomes: Session attendees will gain a useful initial understand-
ing of the driving technologies and their value-adds. They will participate in
open discussions, constructive criticisms, and suggestions.

Target Audience: Interested faculty who teach or are planning to teach CS
courses and related topics.

Prerequisites: All educators interested in teaching and learning in CS are
welcome to this tutorial session, where intuitive explanations with examples
are presented and discussed.
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Unlocking Rust: An Introduction for Educators*
Conference Workshop
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Rust is a relatively new programming language, the first stable release oc-
curring in May of 2015[3]. Since then, it has been experiencing rapid growth
and increasing adoption across the industry[1][2]. In 2019 Microsoft revealed
that 70% of the vulnerabilities addressed through security patches in its prod-
ucts each year were related to memory safety issues[4]. Given Rust’s strong
emphasis on memory safety without compromising performance, it’s easy to
understand its growing appeal in the field of computer science.

This workshop offers an introduction to programming with the Rust Pro-
gramming Language and the cargo package manager. Participants will be
introduced to Rust’s syntax, and its core focus on memory safety. Key topics
include the structure and syntax of Rust programs, the fundamentals of mem-
ory safety—such as ownership, borrowing with references, and lifetimes—as
well as Rust’s approach to generics and inheritance, through the use of traits.

The session will begin with a concise overview of Cargo, the Rust pack-
age manager, and the explores core concepts in Rust. This will be followed
by hands-on activities. The workshop will also incorporate insights and best
practices drawn from classroom experience over the last five years.

References
[1] JetBrains RustRover Team. Is rust the future of programming? JetBrains Rust
Blog, 2025. Accessed: 2025-05-19.

[2] Rust Magazine Editorial Team. 2022 review: The adoption of rust in business.
Rust Magazine, 2022. Accessed: 2025-03-9.

[3] The Rust Team. Announcing rust 1.0. 2015. Accessed: 2025-05-19.

*Copyright is held by the author/owner.

25



[4] Liam Tung. Microsoft: 70 percent of all security bugs are memory safety issues.
ZDNet, 2019. Accessed: 2024-01-22.

26
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Workshop Description

The introductory programming course—commonly referred to as CS1—is well
known for its difficulty and high failure rates. Over the years, numerous in-
structional strategies have been proposed and researched to improve learning
outcomes in CS1. One such approach is Process Oriented Guided Inquiry
Learning (POGIL) [3, 6].

At our institution, some faculty have modified the document based POGIL
activities originally developed by Hu et. al [3], and have adopted them for
several years. In this model, students work collaboratively in structured teams
to explore a sequence of carefully crafted scenarios and questions, constructing
their own understanding of new programming concepts. Since its inception,
research has shown that POGIL leads to decreased failure and withdrawal
rates and increased numbers of A’s and B’s [1, 2, 4] in courses in different
disciplines.

However, we encountered several practical challenges that emerged with
this traditional implementation in CS1 coursework. The activities were time-
intensive for students to complete during scheduled class periods. In addi-
tion, team management for the instructor could be difficult, particularly in
addressing disengaged and online students. Third, instructors often struggle
to monitor team progress for timely intervention.

*Copyright is held by the author/owner.
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To address these issues, a group of faculty in our institution collaborated in
Summer 2024 to redesign our POGIL activities using the Amplify platform [5].
Amplify is a free, web-based tool that supports the creation of interactive, slide-
based lessons. It offers powerful classroom management features that allow
instructors to track student and team progress in real time, quickly identify
misconceptions, and provide immediate feedback—resulting in a more adaptive
and efficient learning experience.

We piloted Amplify-supported POGIL activities in multiple CS1 sections
during Fall 2024 and Spring 2025, involving five instructors teaching both con-
trol and treatment groups across in-person and online formats. Pre- and post-
survey results will be presented at the workshop. Although response rates vary,
preliminary high-level findings indicate strong positive sentiment:

e Amplify Learning: 45% rated the experience as more than moderately
effective; 17% rated it less than moderately effective.

e Amplify Motivation: 44% found it more than moderately effective; 25%
rated it less than moderately effective.

e Amplify Peer Interaction: 54% rated it more than moderately effective;
23% rated it less than moderately effective.

These early results suggest the effectiveness of Amplify-supported POGIL
activities in promoting both student learning and motivation.

Workshop Agenda(90 minutes)

e Introduction to the POGIL Instructional Model (15 min)
e Overview of Amplify as a Delivery Platform for POGIL (15 min)
e Hands-on Creation of Amplify-Based POGIL Activities for CS1 (45 min)

e Demonstration of Features for Monitoring and Supporting Student En-
gagement in Amplify (15 min)

Access to a curated subset of Amplify-integrated POGIL activities will be
provided to participants. Contact information will be collected at the workshop
to facilitate distribution upon successful completion of the two-year project.

References

[1] Catherine Bénéteau, Gordon Fox, Xiaoying Xu, Jennifer E Lewis, Kande-
thody Ramachandran, Scott Campbell, and John Holcomb. Peer-led guided

28



2]

13l

4]

5]
[6]

inquiry in calculus at the university of south florida. Journal of STEM Ed-
ucation: Innovations and Research, 17(2):5, 2016.

John J Farrell, Richard S Moog, and James N Spencer. A guided-inquiry
general chemistry course. Journal of chemical education, 76(4):570, 1999.

Helen H Hu and Tricia D Shepherd. Teaching cs 1 with pogil activities and
roles. In Proceedings of the 45th ACM technical symposium on Computer
science education, pages 127-132, 2014.

Suzanne M Ruder and Sally S Hunnicutt. Pogil in chemistry courses at a
large urban university: A case study. In Process Oriented Guided Inquiry
Learning (POGIL). ACS Publications, 2008.

Amplify Website. Amplify website. https://learning.amplify.com/.

CS PROGIL Website. Introduction to cs pogil. https://introcspogil.
org/.

29



Finding the Lost Sorts: Teaching Empirical
Algorithm Analysis*

Nifty Assignment

Dennis Bouvier'
Department of Computer and Cyber Sciences
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USAFA, CO 80840

djb@acm.org

“Lost Sorts” an activity in which students identify the sorting algorithm by
runtime data. The name “Lost Sort” comes from the backstory that runtime
data were collected on sorting algorithms, but the experimenter lost the algo-
rithm identifiers. Rather than re-run the timing, the student is tasked with
identifying the algorithms by doing the analysis of run times.

The implementation of the activity provides each student a different set of
data and automatic assessment of their responses. The Lost Sort activity has
been used in a CS2 course with good success in learning while not burdening
the instructor in grading a multitude of individual assignments.

The sorting algorithms included in this lesson are selection, insertion, bub-
ble, merge, and quicksort. The bubble sort implementation is a one-way pass
that does not detect early termination. The implementation of quicksort uses
a fixed position pivot selection. Three runs of data were collected for each algo-
rithm for each of four input conditions: in-order, reverse-order, random-order,
and input with repeated values

To assist students in identifying the algorithms students answer questions in
a online quiz in our LMS. The quiz questions are: their assigned Data-ID (that
was generated from the hash of their email address) and two sets of ‘questions’
for each of the six sets of data. The first set of question is nine true/false

*Copyright is held by the author/owner.
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public release: distribution unlimited. PA# USAFA-DF-2025-784
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statements (list below), the second set is one question that asks the identity of
the sorting algorithm.

e the worst case runtime is order N

e the order of the runtime for a randomly ordered list is N-squared
e the sorting algorithm is adaptive

e the order of the runtime for a randomly ordered list is N log N

e the order of the runtime for a reverse ordered list is N log N

e the order of the runtime for a reverse ordered list is N-squared

e the worst case runtime is order N-squared

e the order of the runtime for a reverse ordered list is N

e the worst case runtime is order N log N

Prior to this assignment, students have learned about sorting algorithms.
An in-class presentation demonstrating the analysis runtime data in Excel™
introduces the activity. Students download a copy of the activity spreadsheet.
Initially, no data are visible in the spreadsheet. The student is required to
enter an email address in the first sheet to select the data for that student. A
hash computed from the email address selects the data for that student, thus
each student has a unique set of data for the assignment. That allows students
to collaborate without an opportunity to copy/paste answers.

The data for the assignment appears in six other sheets.The presentation
of the data in the spreadsheet makes it easy for the student to do the analysis
of the data assigned to them. The sheets are locked and password protected
so as not to reveal the answers. Because the sheets with the data are locked,
students must copy/paste the data to a new sheet to perform the analysis;
however, this prevents the student from accidentally altering the data.

The Lost Sort activity depends only on students having been exposed to the
sorting algorithms of the activity. It should be reasonably easy to adopt this
activity as is. Versions of the “Lost Sort” PowerPoint™ presentation and “Lost
Sort” Excel™ spreadsheet can be found on Zenodo. The spreadsheet includes
instructions for customizations, including assigning a salt value used in the
randomization.
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Abstract

Using gaming as a pedagogical approach to engage students when teaching
programming has been a strategy used by coding educators. Processing is a
simple programming environment that was created to make it easier to develop
visually oriented applications with an emphasis on animation and to provide
users with instant feedback through interaction|[1]. Although initially devel-
oped as a domain-specific language built on top of Java for creative coding
applications, Processing[2] has matured into a robust framework. Introducing
Processing to support game development can be used for students to easily
learn the core concepts of OOP, even when they are not familiar with Java.

The focus of the lesson is two-fold: familiarize the student with the Process-
ing environment, which supports graphical capabilities readily, and to gently
introduce to the concepts of a Class and an Object in Object-oriented Program-
ming (OOP), using an uncomplicated "Serpentine-style" game. By integrating
the action of a recognizable game, students can gain CS skills while encouraging
their engagement and continued attainment of a degree.

*Copyright is held by the author/owner.
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1 Materials

Students must download and install Processing [2], a free and beginner-
friendly programming environment designed to create visually interactive ap-
plications that involve animation and real-time feedback.

Students will receive two sets of starter code, organized in zip folders named
Workshop 1 and Workshop 2. Each folder includes:

e A slide deck that guides students through the development process for
that stage of the game.

e Starter code files to support hands-on learning.

Workshop 1 introduces Processing with a concise overview and features
a demonstration of the Serpentine game, which students will aim to recreate.

‘Workshop 2 builds on this foundation, offering a step-by-step tutorial to
implement the game using multiple Java classes.

No additional materials are required, except to download and install the
open-source Processing Development Environment (PDE). Figure 1 is the sam-
ple game play. Full assignment details and starter code will be provided at the
conference.

Figure 1: UI of Snake Game
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2 The Assignment

Students are provided with two sequentially organized starter code packages
distributed as compressed directories labeled Workshop 1 and Workshop 2.
Each package is accompanied by a corresponding slide deck that outlines the
procedural steps required to advance the development of a game prototype.

Workshop 1 introduces the PDE, offering a concise technical overview
and a live demonstration of the Serpentine game, which students are expected
to replicate. The Serpentine game is a visually interactive application that
focuses on animation. The snake (which is composed of segments) grows as it
eats food (apples) and decreases as it starves. A score allows the student to
achieve real-time user feedback.

‘Workshop 2 builds on the foundational concepts introduced earlier. This
slide deck presents a structured, step-by-step guide that enables students to
implement object-oriented design principles, including the construction of mul-
tiple interrelated classes essential for full-game functionality. The student will
create initial implementations of the Apple, and Serpent classes. The will mod-
ify the supplied Serpentine class, emphasizing creation of a serpent, apples and
movement.

3 Metadata

Summary | Students build two required classes and enable them in the
overall program flow

o A demonstration of the final resulting Serpentine game is
provided by the instructor, who has a fully functioning ver-
sion of the game as well as a video of the functioning game

e Starter directions and the initial “game board” window are
provided in Workshop 1

e Workshop 2 contains directions to create necessary classes
to implement the snake and its food source. It also con-
tains directions to modify the provided navigational flow
program from Workshop 1

Topics Classes and Objects, thinking in OOP, events, windowing
Audience | Mid CS1, Beginning Game Development
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Difficulty Low: The capability to recognize attributes and required
but nominal. Limited knowledge of decisions is also a
bonus.

Strengths

e Introduces the value of reusable code: Encourages
learning further about the principles of well-designed ,
object-oriented code.

e Deep algorithmic and coding knowledge are not
required: Students are not required to understand ad-
vanced concepts or algorithms; this knowledge is encap-
sulated in Processing.

e Allows student to recognize that OOP principles
are transferable: Students can apply what they have
learned to many languages.

e Inspires experimentation: Students are encouraged
to be creative and to discover additional features to im-
plement in the game, from things as simple as changing
colors, to more advanced, such as scoring mechanisms.

Weaknesses | IDE/API Overload: Processing uses its own IDE and
API. For CS1 students, it could be slightly intimidating.
Dependency | Processing availability and documentation

Variant Students can be challenged to add their own twists and
customizations to the game
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From College To Workforce - A Computer
Science Capstone®

Nifty Assignment

Ryan Florin
Department of Computer Science

Georgia Southern University
Statesboro, GA 30458

rflorin@georgiasouthern.edu

Capstone courses are not a new type of course or a new type of assignment;
however, I come from industry where I have 16 years of experience as a software
engineer and technical project manager. In this talk I will provide my unique
insight into the Capstone course experience that I provide for students that
help them evolve from senior computer science students into junior developers
with the confidence to enter the workforce.

A Computer Science Capstone is a final course where senior students use the
skills and knowledge they have been accumulating in their college experience to
solve practical problems. It is meant to provide an experience to evolve students
from working on individual-based, short-term class projects into working on
team-based, long-term, industry projects.

In one semester, students are organized into teams of 3-6 students. As
seen in Table 1, projects for Fall 2024 and Spring 2025 are comprised of four
or five members each. Each team must complete four stages of the Software
Development Life Cycle to develop a prototype for their project. The four
stages are Requirements Elicitation, Software Design, Software Development
and Testing and Deployment. In the Requirements Elicitation stage the teams
meet with their respective clients to learn the requirements for the project.
During this stage the meetings are used to gather an understanding of the
project and to establish informal requirements. The deliverable for this stage
is a Project Summary document that describes the requirements for the project
in an informal manner. This document has taken place of a formal requirements

*Copyright is held by the author/owner.
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Table 1: Capstone Projects - Fall 2024 and Spring 2025

Semester Project Name Students  Languages
, .. . 87.7% Python
Fall '24 Digital Twin 4 12.3% ot
48.2% JavaScript
Fall 24 Discussion Board Analytics 5 30.8% Java

12.1% Python

8.9% CSS and HTML
67.2% Python

Fall '24 Automated Warehouse 4 30.0% JavaScript
2.8% CSS and HTML
38.3% JavaScript

Fall '24 LLM Onboarding Resource 5 37.8% Python

23.9% CSS and HTML
Fall 24 M-Kart 5 100.0% Python

67.8% Java
Fall 24 Robot Demonstration 4 17.0% JavaScript

15.2% CSS and HTML
91.6% Python

Spring 25 Digital Twin 4 8.4% Shell
. . 95.5% JavaScript
Spring 25 Data Literacy Explorer 5 4.5% CSS and HTML
60.7% Python
Spring 25 Privacy Policy Analytics 4 35.8% JavaScript
3.5% Other
Spring 25 CV-Enhanced Game Board 5 100.0% Python
. . . 78.0% Javascript
Spring 25 Interactive Lesson Viewer 5 92.0% CSS and HTML
89.2% GDScript
Spring 25 Mini-Game Console 5 9.5% Python

1.0% Shell

document, because at this point in the semester some teams do not have a solid
understanding of the project.

In the Design stage, teams are encouraged to split the project into parts
and individually research and develop a proof of concept that will later be
used in the project. This is meant to get the students actively working on a
meaningful aspect of the project in the project early in the semester. Next in
the design stage, the teams must develop a design for their project and create
a sprint plan for the remaining 10 weeks of the semester assuming a 2-week
sprint cycle. The Design Document includes their high-level design as well
as design for individual components of the projects. As shown in Table 1, it
is interesting to note that most teams favor the use of scripting languages to
develop their prototypes.

In the Development stage teams must follow their sprint plans to develop
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the prototype. Typically, teams learn that their sprint plans are flawed and
must adjust it throughout the semester to handle their client’s changing re-
quirements and the discovery of problems in their assumptions. Every two
weeks, teams prepare and present a Sprint Demo for the class to show off the
current status of their project and to highlight any problems they are having.
Additionally, at the end of each sprint a Sprint Report is due which requires
them to list what they have done in the sprint, what they will accomplish in
the next sprint, and a retrospective on what they did well as a team and what
they need to improve on.

At the end of the semester, teams prepare a final presentation where they
demo their prototype and present their semester’s work to the Computer Sci-
ence Department faculty for evaluation. The Final Documentation includes a
full description of their project, an updated design document, and a retrospec-
tive on how they improved over the semester.
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1 Introduction

Computational and algorithmic thinking is an important skill across all dis-
ciplines, which makes introductory programming courses designed for non-
majors attractive. A non-majors programming course differs by covering as
much material as possible without alienating its audience. Student motiva-
tion may be more important than the rigor of the programming assignments.
Sustainability of these courses and their assignments depend on the automatic
grading capabilities so institutions can support the courses.

Getting non-majors interested in algorithmic thinking and motivating them
to finish the course required a carefully designed course philosophy. In our
course, we aimed ideally to achieve the following: (1) Every student gets a win
every day (some assignment so simple they can all succeed); (2) Every student
gets a challenge every day; and (3) They receive continuous feedback. This
strategy mandates many small assignments and quick turnaround time, thus
automation.

*Copyright is held by the author/owner.
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In this paper, we describe an automated grading tool that was applied
to an existing introductory programming course for non-majors that showed
gains in student learning and attitudes [1, 2]. The tool integrates across the
learning management system (LMS) Brightspace (D2L) and to an third party
grading platform, Gradescope. The integration between these two platforms is
not straightforward, but it provides a way forward for institutions who already
have access to them.

2 Example programming assignments

The integration is used for regular take-home assignments and in-class quiz
and exam assessment sessions. An example take-home assignment may look
like this:

Write a shell (text-based) program, called travel time.py, that
prompts the user for their driving distance and speed, and cal-
culates (hint: division) how long a trip will take. An example of
someone using the program is shown below. Note: This user chose
to enter 200.0 and 50.0.

PS C:\Users\ssiva\Desktop> python travel time.py
How many miles will you drive? 200.0

How fast (mph) will you drive? 50.0

It will take you 4.0 hours to get there.

PS C:\Users\ssiva\Desktop>

Submit the file travel time.py when done.

Gradescope has limited integration with D2L for linking grades of students,
but not for submissions. Therefore, students were instructed to submit the file
on the Gradescope website, which gives them feedback based on instructor-
prepared test cases as in screenshot (Fig. 1).

The same approach was used for quizzes and exams. Exam question was dis-
played in the D2L quiz and students were instructed to submit on Gradescope.
We also took advantage of the Github Classroom integration that allowed files
to be automatically read from students’ Github repositories, which removed
the need for students to install code editors and use the online Github editor
instead.

3 Drawbacks

Having the students upload files created additional hurdles for providing an
environment for them to first create these files. As these were non-major
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Results | Code

Autograder Results
Autograder Output (hidden from students)
cp: cannot stat '/autograder/submission/*.py': No such file or directory

0) Check Correct File Name (0/0)

Test Failed: Missing travel_time.py! Must match the filename exactlty.

Figure 1: Gradescope feedback for student submission.

students, they had difficulty navigating the computer to create files and upload
them. It could be argued that this is an essential skill that they should acquire,
although it distracted from learning programming skills — especially when file
management problems prevented them from submitting assignments.

Using Github Classroom and its online VS Code editor helped improve on
the issues stemming from installing local programs and navigating the com-
puter, but introduced a new problem as VS Code and Git are not beginner-
friendly.

Another issue was requiring students to submit on an external website. This
precluded us from locking the students into the D2L site for anti-cheating pro-
tection. Using Github Classroom exacerbated this problem as the Brightspace
Lockdown Browser did not yet have support for including those URLs as of
writing of this abstract.
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Abstract

This paper explores the use of Large Language Models (LLMs) such
as Claude for generating programming assignments in an advanced data
structures course. While LLMs offer promising assistance in educational
content creation, we find that effective use requires significant meta-
programming and iterative refinement. Drawing from experience tran-
sitioning a course from Java to C# and implementing a compiler-like
project across multiple assignments, we discuss both the benefits and
challenges of LLM-assisted assignment creation. Our experiences suggest
that while LLMs expedite code authorship and significantly accelerate
the development of unit tests, they require substantial subject matter
expertise and customization to produce appropriately scaffolded educa-
tional materials.

1 Introduction

The emergence of Large Language Models (LLMs) like Claude, ChatGPT, and
others has sparked considerable interest in their application to educational
contexts. These Al tools offer the potential to assist educators in developing
course materials, creating assignments, and generating examples. However,

*Copyright (©)2025 by the Consortium for Computing Sciences in Colleges. Permission to
copy without fee all or part of this material is granted provided that the copies are not made
or distributed for direct commercial advantage, the CCSC copyright notice and the title of
the publication and its date appear, and notice is given that copying is by permission of the
Consortium for Computing Sciences in Colleges. To copy otherwise, or to republish, requires
a fee and/or specific permission.
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the effectiveness of these tools in creating programming assignments that are
appropriately scoped, pedagogically sound, and technically accurate remains
an open question.

In this paper, we consider the use of LLMs for creating a sequence of pro-
gramming assignments in an advanced data structures course that transitioned
from Java to C#. The course incorporates software engineering practices such
as version control with Git/GitHub, design patterns, and unit testing, while
building toward a cohesive project over the semester. Although LLMs can
streamline the assignment creation process, the approach benefits from an in-
teractive development cycle in which instructors can gradually refine the output
to better align with their educational goals.

Initial interactions with LLM-assisted assignment generation revealed both
promising capabilities and significant limitations. While LLMs could quickly
generate assignment ideas and sample code, these outputs often required sub-
stantial refinement to match course learning objectives and student capabilities.

The gap between raw LLM output and pedagogically sound assignments
highlighted the need for a structured approach to LLM-assisted content cre-
ation. This paper documents the twists and turns in developing 9 assignments
that build toward elements of a compiler system for a very simple declarative
language that we call DEC. Our general goal is to offer guidance to other edu-
cators seeking to incorporate similar approaches into their course development
workflows. Lessons learned are highlighted throughout the text: lesson.

2 Background: The Course

Our advanced data structures course serves as a linchpin in our liberal arts
computer science curriculum and is typically limited to 15 students, allowing for
close faculty-student interaction often in the form of code reviews. The course
reviews linear data structures while introducing more complex structures like
trees, hash tables, sets, and graphs; teaching complexity analysis; establishing
sound software engineering practices; familiarizing students with Git and other
collaboration tools; and emphasizing thorough testing methodologies. Students
enter with foundational programming knowledge from CS1 (Python) and CS2
(OO programming), but this course represents their first significant exposure
to a statically-typed language outside of Python.

The transition from Java to C# was motivated by industry feedback and
student employment prospects, as job descriptions increasingly prefer C# and
.NET over Java. This presented an opportunity to redesign the course as-
signments while maintaining core learning objectives related to advanced data
structures, algorithm analysis, and software engineering practices. Through
carefully designed assignments, students learn modular design, separation of
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concerns, and design patterns that improve code maintainability.

The philosophy of the course is centered on a semester-long progressive
project in which students build components that join to form a cohesive whole.
This contrasts with the more common approach of discrete, topic-specific as-
signments. Our model requires careful scaffolding, as assignments do not pre-
cisely mirror current course content. Instead, they gradually increase in diffi-
culty and expectations to build comprehensive understanding.

The course blends theoretical foundations with practical implementation
and testing methodologies. As students study algorithm development and
complexity analysis, they simultaneously implement and test these concepts
in working code, reinforcing abstract principles through concrete application.
This integrated approach extends beyond individual components to the system
as a whole—students develop unit tests for separate modules while tackling the
challenges of integration testing as their components interact within the larger
project framework. By experiencing both the theoretical reasoning behind ef-
ficient algorithm design and the practical realities of building interconnected
software systems, students develop a comprehensive skill set that prepares them
for advanced coursework and professional software development, where both
conceptual understanding and implementation expertise are equally valued.

3 Identifying the Project and Sequencing

The LLMs. We focused on a few models rather than conduct a compara-
tive analysis. This focused approach identified effective prompt strategies and
established a reliable workflow for assignment creation. We primarily used
Claude (Sonnet 3.7) with a paid “Max” account and occasionally used a paid
Copilot account.

Project framework ideation. Our project ideation process with Claude
required several iterations before reaching productive outcomes. Initially, Claude
produced generic data structure implementations rather than grasping the full
context of our project constraints. Early responses offered frameworks that of-
ten included overly ambitious technical requirements, insufficient scaffolding, or
assumed content-based expertise beyond what our instructors possessed (e.g.,
more than a surface understanding of biological concepts). This highlighted a
crucial lesson: effective LLM collaboration resembles working with students—
you must lead incrementally toward your goal rather than attempting to en-
code all requirements in one comprehensive prompt. Each step demanded
its own iteration cycle. We found that trying to design a complete assign-
ment workflow within a single prompt (what we initially thought of as a form
of ‘meta-design’ or pedagogical meta-programming) was impractical. Results
were mixed (projects with fewer assignments than requested) or somewhat
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standard (e.g., a database).

Successful outcomes emerged through persistent guidance and constraint re-
finement across multiple exchanges—a more time-intensive but conversational
approach that better aligned solutions with our educational objectives. Several
ideas arose that were interesting as multidisciplinary: Ecological Monitoring
and Conservation System, Urban Transit Optimization, and Disaster Response
and Resource Management System. Although not the most engaging choice
for students, we selected a simple compiler system based on our familiarity
with it and its effectiveness in undergraduate teaching. This suggests we can
build better scaffolds toward advanced frameworks in future courses, moving
students from basics to sophisticated applications.

Assignment sequencing. For first-time C# learners, we established a
structured progression through two foundational assignments: (1) introduction
to IDE environment, unit testing, and core C# language constructs; and (2)
object-oriented paradigms implemented through familiar data structures. Our
early LLM ideation sessions consistently produced ‘first assignment’ concepts
that were either too broad or assumed unrealistic C# proficiency. Another
lesson emerged: effective assignment sequencing requires predetermined pro-
gression planning with granular understanding of each pedagogical step. LLMs
proved valuable when properly scoped.

3.1 The DEC Compiler Project

Utilities AST and Visitors )
(1) Functions (5) AST and Builders
(2) Doubly-Linked List (7) Visitors for Analysis —— Evaluation
(3) Symboltable (8) CFG Generator

CFG

(8) DiGraph, CFG AST

. T k ea ode :
(4) Tokenizer St(;e::l (6) Parser . dsccgs ::[ (9) CFG Analyzer ]

Figure 1: A quasi-dataflow figure describing the nine assignments.

The DEC (Declarative) language compiler project served as our course
framework for applying data structures and algorithms in practical contexts.
DEC features variables, arithmetic expressions, assignments, nested blocks,
and return statements—simple enough for a semester project yet demonstrat-
ing key compiler and software engineering concepts. The compiler project
progressed through nine interconnected assignments as shown in Figure 1.

1. Utility Functions: Students implemented basic utility functions in C# to
gain familiarity with language syntax and testing frameworks.
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2. Doubly Linked List: A generic class implemented with C# collection
interfaces.

3. Hierarchical Symbol Table: A dictionary structure supporting nested
variable scopes.

4. Tokenizer: A lexical analyzer converting source code to tokens.

5. Abstract Syntax Tree (AST) and Builders: The Builder pattern cre-
ates hierarchical program representations, reinforcing tree structures and
enabling flexible AST construction.

6. Parser: A recursive-descent parser transforming tokens to an AST.

7. AST Visitors: Students implemented the Visitor pattern to create spe-
cialized visitors for unparsing, semantic analysis, and program evaluation
while maintaining a clean AST hierarchy.

8. Control Flow Graph (CFG) Generation: Students created a directed
graph representation of program execution paths using another AST visitor.

9. Graph Analysis Algorithms: Implementing BFS, DFS, and strongly
connected components algorithms to analyze CFGs.

This progression introduced increasingly complex data structures (lists,
trees, graphs) and algorithms (traversal, search, analysis) while building to-
ward a partial implementation of a compiler.

4 Developing the Assignments

Our assignments have three essential components: source code, unit test code,
and a description document with background information and requirements.
We communicated these specifications to Claude as part of our prompt engi-
neering strategy. We instructed the model to withhold artifact generation until
requested, ensuring alignment with our pedagogical framework and assignment
structure.

4.1 Source Code

For each assignment, we started by instructing Claude to generate source code
based on our loose description of the current assignment, the overall system,
and the sequence of assignments. To ensure accessibility of code constructs
for students new to C#, we established specific code generation requirements:
avoid lambda expressions when possible (if used, always provide explanatory
comments); include comprehensive docstring comments for all methods detail-
ing parameters, return types, and exceptions thrown; and use explicit datatypes
instead of var in loops to enhance code clarity.
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Table 1: A comparison of control flow patterns: LLM-generated sequential
continue pattern (left) versus preferred traditional if-else structure (right).

while (condition) { while (condition) {
if (conditionl) if (conditionl)
{ <case 1 code> continue; } { <case 1 code> }
if (condition2) else if (condition2)
{ <case 2 code> continue; } { <case 2 code> }
if (condition3) else if (condition3)
{ <case 3 code> continue; } { <case 3 code> }
<case 4 code> else { <case 4 code> }
} }

A lesson we quickly learned was that LLMs excel at generating data struc-
tures, which is logical given the numerous implementations and the probability-
based nature of LLMs. Thus, we completed several assignments (2, 3, 5, 9)
quickly.

For traditional data structures and even non-traditional data structures, the
code and implementations were generally reasonable for our course. However,
we sometimes found that code generated by LLMs included constructs or pat-
terns that either exceeded student capabilities or contradicted course norms.
As an example consider Table 1, LLM-generated code often employed continue
statements in nested conditions where a traditional if-else structure would be
more appropriate for students. Despite providing explicit instructions, the
LLM frequently generated code with continue statements. This behavior
persisted across prompts, suggesting difficulty controlling stylistic consistency
without structural scaffolding. Our solution was to provide a structured tem-
plate (see Table 1) for the LLM to follow. This reveals another lesson: for
certain programming constructs, we must provide explicit structural guidance
to LLMs, much as we would for students learning proper coding practices.

The LLM also occasionally employed language features or design patterns
not covered in the course, requiring instructor intervention. A significant im-
plementation challenge encountered during our project was the development
of an appropriate parser for the DEC language. Despite designing a grammar
that could be unambiguously represented in Backus-Naur Form without left
recursion—a deliberate choice given that our course emphasizes data struc-
tures and implementation methodology rather than language complexity—we
faced persistent difficulties with automated code generation.

The large language model consistently produced parser implementations
that employed a loop-based and count-based, greedy matching strategy, wherein
each opening delimiter (such as ‘begin’ or ‘{’) would be matched with its cor-
responding closing delimiter. This approach persisted despite explicit instruc-
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tions to generate a recursive descent parser with hierarchical helper methods
structured to process distinct components of the token stream. In the end, we
implemented a recursive descent parser ourselves.

The recursive complexity of the AST structure exceeded the model’s abil-
ity to generate appropriate parsing logic, suggesting current language models
struggle with deeply nested recursive programming constructs. It is thus a
lesson that there may be instances in which Al assistance requires supple-
mentary human expertise. In the end, we implemented a recursive descent
parser ourselves.

Justification. Generated code provides a consistent metric for gauging
assignment difficulty and accessibility for students. It establishes a baseline
complexity level that can be adjusted to match student capabilities, ensuring
assignments are appropriately challenging without being overwhelming. While
this approach may make students more likely to use LLMs themselves, our
firsthand experience helps us identify characteristic structures and patterns
typically employed by these tools. Though this advantage may diminish as
LLMs evolve, the pedagogical insights gained remain valuable.

4.2 Unit Tests and Description Document

Additionally, we prompted the model to “Generate corresponding xUnit tests
for each implemented method, with test classes named according to the class
being tested. Use [Theory], when applicable, to mitigate redundancy of test
code.” (The [Theory] attribute in xUnit helps verify code behavior across
multiple data sets using [InlineDatal to parameterize test cases.) Unit tests
generated by LLMs, while comprehensive in many respects, sometimes failed
to compensate for logic in string-based returns (often from ToString). In one
instance, the LLM did not compensate for rational numbers being output as
integers (i.e., 3/1 is output as 3). In two assignments, we had to manually
configure some tests; this level of performance was satisfactory and exceeded
our expectations given the complexity of the test cases.

To ensure that the LLM generates edge cases, we found again that itera-
tion is key. A lesson we learned involved prompting the LLM with reflective
questions such as ‘Did I miss any test cases?’ immediately following initial test
generation, which consistently led to improved coverage.

Once the parser assignment was complete, we could engage in more thor-
ough integration testing. We first ensured all new and existing unit tests passed
successfully. We then instructed the LLM to generate integration tests specifi-
cally designed to parse input programs into ASTs and perform any subsequent
processing. This approach verified parser capabilities within the system while
maintaining standards across test types.

Description document. After completing satisfactory source code and
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test suites, we instructed the LLM to generate our assignment description doc-
ument. To maintain consistency with course standards, we provided three
exemplar documents for reference. Our requirements specified that Claude
should: incorporate illustrative examples to clarify assignment concepts; ad-
here to our established document structure with standard section headings
(“Background,” “What You Need To Do,” “Testing”, etc.); and present method
specifications in tabular format detailing method names, input/output param-
eters, and functional descriptions.

Each of our description documents typically spans 3-4 pages, containing
comprehensive background information, illustrative examples, and code-related
instructions. The structure of these assignments constrains the source code
interfaces while leaving implementation details to student discretion.

We believe that description documents are not just about code instruction;
philosophically, they act as sections in a textbook. Reading the description
several times for comprehension is an integral part of the learning process.
This multilayered approach to documentation supports students in developing
both technical implementation skills and deeper conceptual understanding.

We quickly discovered that LLMs struggled to develop description docu-
ments consistent with our course’s established style, despite being provided
with sample documents. The Al-generated content offered minimal explana-
tion of topics, overly succinct examples, and exhibited a structural preference
for bulleted lists rather than the paragraph-form narrative we typically employ.
Particularly in the DEC assignment sequence, Claude failed to provide suffi-
cient background information in a manner accessible to our student audience.

The fundamental lesson we learned: LLMs work best with interactive,
small-scale requests rather than generating entire assignments at once. This
micro-approach produced better results that matched our style, standards, and
expectations.

5 Recommendations

Based on our experiences with LLM-assisted assignment development, we offer
these recommendations to educators looking to effectively leverage these tools.
Our experiences revealed that LLMs can accelerate content creation, but suc-
cessful implementation requires strategic guidance and subject expertise.

1. Limit prompt complexity and iterate rather than dictate: Overly
elaborate prompts often produced suboptimal results. A more effective ap-
proach was to begin with simpler requests and iteratively refine them based
on the LLM responses. Adopt an iterative approach in which constraints
are gradually introduced and refined. Overall, do not expect to generate
complete assignments from a macro-perspective.
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2. Review for pedagogical alignment: The generated code sometimes de-
fied course norms or included constructs beyond the students’ capabilities.
We found offering pattern-based alternatives (e.g., “convert to use if-else
instead of continue”) effective.

3. Verify unit tests: After having an LLM generate unit tests, explicitly
ask it to identify any missing test cases. This simple follow-up consistently
revealed overlooked scenarios and improved test coverage.

4. Guide pattern implementation: While LLMs effectively generate code
implementing design patterns, instructors should dictate which patterns to
use and how they apply to align with course objectives.

5. Provide system context: We achieved better results by establishing over-
all system context (our DEC project) and then requesting specific compo-
nents rather than asking for standalone assignments.

6. Maintain technical oversight: Double-check all generated code and tests
for technical accuracy, especially when implementing specialized algorithms
or data structures.

6 Related Works

Research on LLMs in computing education has primarily focused on student-
facing tools for programming assistance, with limited exploration of instructor-
led content creation workflows. Our work addresses this gap by examining how
educators can leverage LLMs for progressive assignment design.

Most of the existing work examines the student use of LLMs. CodeHelp
provides LLM-powered programming assistance with instructor oversight [3],
while Zheng et al. demonstrate that scaffolded LLM collaboration improves
students’ computational thinking [6]. However, pedagogical concerns persist.
Wu et al. report negative correlations between LLM use and learning outcomes
[5], and Herman argues that AI tools should not replace fundamental concep-
tual understanding [1]. These findings support our approach of using LLMs
for assignment creation while restricting student access during coursework.

Closer to our work, Hoq et al. develop a collaborative framework where in-
structors co-create programming problems with LLMs through iterative refine-
ment [2]—mirroring our conversational approach. Their misconception-driven
approach parallels our discovery that structured, step-by-step prompting yields
better LLM results than attempting comprehensive single interactions.

Although Sharma et al.’s systematic review highlights LLMs’ potential for
reducing instructor workload, they emphasize that benefits require careful ped-
agogical alignment and domain expertise [4]—precisely what our iterative re-
finement process provides. Despite growing interest, no existing work system-
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atically examines instructor workflows for creating cohesive, multi-assignment
projects using LLMs. Our contribution fills this gap by documenting practi-
cal strategies for prompt engineering, iterative development, and pedagogical
alignment in a real-world course redesign context.

7 Conclusions

Our exploration of LLMs for programming assignment development reveals
both promising capabilities and important limitations. LLMs significantly ac-
celerated our course transformation from Java to C# and the development of
our nine-part compiler project, though with varying effectiveness across com-
ponents. Our experience suggests that LLMs currently excel at producing
standard data structure implementations and testing suites but struggle with
generating deeply recursive or semantically nuanced code without substantial
instructor oversight. Recognizing these boundaries helped us design better
prompts and development workflows.

The most valuable insight from our work is that effective LLM collaboration
requires conversation rather than commands. Successful assignment develop-
ment emerged through gradual improvements across multiple exchanges, like
how instructors might guide students through complex topics. This iterative
approach provided proper support while staying aligned with course goals.

While these redesigned assignments await classroom implementation, this
report documents our complete development process and lessons learned from
the creation of LLM-assisted assignments. Future course offerings will incor-
porate and evaluate these materials. We offer this as a foundational guide for
educators who pursue similar LLM-assisted design workflows.

LLM-assisted assignment development represents a valuable addition to
educational content creation when approached with appropriate expectations,
subject matter expertise, and systematic interaction. By understanding both
the capabilities and limitations of these tools, educators can leverage them to
create more robust, engaging, and pedagogically sound programming assign-
ments.
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Abstract

AT is rapidly transforming how students engage in education partic-
ularly, with writing and comprehension. The goal from this study is
to examines student perceptions of AI’s usefulness in enhancing these
skills. Conducted at Georgia Gwinnett College (GGC) in Fall 2024 and
Spring 2025 in IT Professional Practice and Ethics course. Initially, stu-
dents completed chapter analyses without Al, then with AI, and finally
chose whether to continue using it. Most reported increased efficiency,
improved grammar, and deeper comprehension of chapter topics. While
AT assisted in drafting, students reported that they actively modified
the output, maintaining accountability. Findings suggest that students
leveraged Al as a tool to improve efficiency and comprehension while still
applying critical thinking to their analyses and discussions.

1 Introduction

1.1 The Evolution of Artificial Intelligence

Artificial Intelligence (AI) has evolved from a theoretical concept into a trans-
formative force across nearly every sector, including healthcare, business, and

*Copyright (©)2025 by the Consortium for Computing Sciences in Colleges. Permission to
copy without fee all or part of this material is granted provided that the copies are not made
or distributed for direct commercial advantage, the CCSC copyright notice and the title of
the publication and its date appear, and notice is given that copying is by permission of the
Consortium for Computing Sciences in Colleges. To copy otherwise, or to republish, requires
a fee and/or specific permission.
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especially education. The foundations of Al were laid at the Dartmouth Confer-
ence in 1956, where McCarthy, Minsky, Rochester, and Shannon proposed the
possibility of simulating intelligence through machines [9]. Over the decades,
AT has progressed from rule-based systems to powerful machine learning, deep
learning, and natural language processing (NLP) models, enabling advance-
ments in tasks such as image classification, predictive analytics, and human-like
text generation [11, 2, 5].

1.2 AT Integration in Education

AT has become increasingly embedded in educational tools and platforms, re-
defining how students learn, write, and comprehend material. Applications like
Grammarly, ChatGPT, Turnitin, and QuillBot now assist with grammar, idea
generation, paraphrasing, and summarization [3, 14]. Studies show that such
tools can improve students’ writing accuracy, fluency, and efficiency [16, 8].
Adaptive learning systems powered by Al also personalize instruction, offering
differentiated pathways based on individual learner data [12, 6].

1.3 Student Perspectives and Benefits

Student perceptions of Al play a critical role in determining its effectiveness
and integration in the classroom. Research indicates that students appreciate
AT for enhancing writing, comprehension, and task efficiency [1, 15]. In a multi-
institutional study, Johnston et al. [7] found that students valued AI tools for
their ability to provide instant feedback, reduce cognitive load, and improve
overall writing structure. Similar findings in STEM and humanities courses
highlight AI’s perceived role in supporting autonomy and academic success
[15, 13].

1.4 Challenges and Ethical Considerations

Despite these benefits, Al raises significant pedagogical and ethical concerns.
Scholars warn that Al may promote surface-level learning, as students may
prioritize efficiency over depth of comprehension [12]. Concerns have also been
raised about academic integrity, authorship, plagiarism, and the blurring line
between assistance and automation [10]. Additional risks involve data privacy,
algorithmic bias, lack of transparency, and overdependence on proprietary tools
developed by commercial tech firms [1, 2, 15].

1.5 Research Gaps and Study Objectives

Although the existing literature explores AI’s technological capabilities and
instructional applications, fewer studies focus on student-reported experiences
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and behavioral decisions, especially in writing-intensive college courses [14,
1]. This study addresses this gap by investigating student perceptions of Al’s
usefulness in writing and comprehension in the IT Professional Ethics and
Practices course at Georgia Gwinnett College. Conducted in Fall 2024 and
Spring 2025, this study followed a three-phase structure: —no Al use, required
AT use, and optional continued use—within an upper-division I'T ethics course
required for all Information Technology concentrations. The course emphasizes
professional responsibility, global I'T ethics, and collaboration through student-
led discussions and real-world case studies. The research aimed to examine
whether students viewed Al as a tool for efficiency, a learning scaffold, or a
barrier to critical thinking, and how these perceptions shaped their continued
engagement with Al tools. Of 128 invited students, 111 completed the end-of-
semester survey, yielding an 87% response rate.

2 Background

Georgia Gwinnett College (GGC), founded in 2005 as part of the Univer-
sity System of Georgia, is a four-year public institution serving the Atlanta
metropolitan area. With enrollment growing from 118 students in 2006 to
nearly 12,000 by 2025, GGC offers over 27 majors across 6 schools. Desig-
nated as a Hispanic-Serving Institution (HSI) with over 25% Hispanic/Latino
students [4], it is among the most ethnically diverse colleges in the region.

3 Methodology

3.1 Course Structure

The course follows a student-led, discussion-based format integrating chapter
analyses, peer discussions, and interactive activities to promote writing, criti-
cal thinking, and engagement. Each chapter analysis includes three sections:
1) summary, 2) key points, and 3) reflective opinion supported by reasoning
and case studies. Class discussions encourage students to exchange perspec-
tives and evaluate ethical issues in IT, while peer-led activities such as case
studies, debates, and simulations provide experiential learning opportunities
that connect theory to real-world ethical dilemmas.

3.2 Method of Study

Students were required to submit eight chapter analysis papers, with Al usage
controlled in specific phases to assess its effects on efficiency, writing quality,
and comprehension.
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Phase 1: Baseline (No AI Usage)

For the first two chapter analyses, students were instructed to complete their
assignments without the use of any Al tools, including those for grammar
correction or text generation.

Phase 2: Al-Assisted Writing

For the next four chapter analyses, students were required to use Al tools
of their choice, including those for grammar improvement (e.g., Grammarly)
and/or text generation (e.g., ChatGPT). The grading criteria remained con-
sistent with the previous phase. This phase aimed to assess how Al-assisted
writing influenced efficiency, writing quality, and understanding of the course
material, as well as learning about the array of Al tools students were using.

Phase 3: Student Choice

For the final two chapter analyses, students were given the option to either
continue using Al tools or return to writing their analyses independently. This
phase examined whether they viewed Al as beneficial after initial use, offering
insight into voluntary adoption for academic work.

After submitting the final analysis, students completed a 13-question anony-
mous survey capturing qualitative and quantitative data on AI usage (gram-
mar, text generation, or both), perceived efficiency, impact on comprehension,
changes in writing quality, and willingness to continue using Al

4 Results and discussion

AT Usage Patterns. The first research question examined how students used
ATl—for grammar correction, text generation, or both. Combined results show
that 61% used AI for both purposes, 27% for text generation only, and 12%
for grammar correction only, indicating that most students viewed Al as a
comprehensive writing support tool.

AI Impact on Efficiency. The second research question explored whether
AT improved efficiency in completing chapter analyses. Across both semesters,
47% of students reported significantly less time spent, and 41% reported less
time overall. Only 12% saw no improvement or increased time. Thus, nearly
88% experienced greater efficiency, confirming AI’s value as a productivity aid,
with minor delays linked to tool familiarity or content revision.

ATl Tools Used for Grammar Improvement and Text Generation
Research Questions 3 and 6 examined which AT tools students used to either
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improve grammar or generate content in their chapter analyses. Figure 1 com-
pares the top tools used across both purposes, based on combined data from
Fall 2024 and Spring 2025.

This comparison reveals that while students often use the same tools for
multiple functions, their frequency of use differs significantly depending on task.
ChatGPT dominates in text generation, while Grammarly holds stronger for
grammar refinement. The diversity of additional tools—including Perplezity,
Claude, META, and PowerPoint Summarizer—suggests students are experi-
menting with different platforms to find the most suitable support for their
writing needs.

Comparison of Al Tool Usage: Grammar Improvement vs. Text Generation

mmm Grammar Improvement
70 mmm Text Generation

Number of Students
- N w 5
o s S 8 8

Al Tool

Figure 1: Comparison of Al Tool Usage for Grammar Improvement vs. Text
Generation (Fall 2024 & Spring 2025 Combined)

Impact of AI on Grammar, Writing Quality, and Topic Compre-
hension The fourth research question examined whether students found Al
helpful in improving grammar and writing quality. As shown in Figure 2,
19% reported significant improvement, 46% improvement, and 28% slight im-
provement, while only 7% saw no benefit. These results reflect GGC’s diverse
student population, where Al likely supported language refinement and writing
clarity for first-generation and non-native English speakers.

The fifth question explored AI’s influence on topic comprehension. Overall,
16% reported significant improvement, 39% general improvement, and 32% no
change, while 13% noted decreased understanding. These findings suggest Al
can enhance comprehension when used actively, though some students may
rely on outputs without fully engaging with the material.

Impact of AI on Student Engagement with Learning Materials
Research Question 7 examined whether Al-generated text affected students’
reading habits. As shown in Table 1, 50% reported spending less time reading,
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Impact of Al on Grammar and Writing Quality Impact of Al on Chapter Comprehension

significantly Improved significantly Improved

slightly improved

Did Not Improve

Figure 2: Student-reported impact of Al on grammar, writing quality, and
chapter comprehension.

and 10% skipped reading entirely. Meanwhile, 29% maintained their usual
reading time, and 11% read more. These results indicate that while many
students used Al to streamline work, a notable portion continued engaging
with course materials. The 39% who maintained or increased reading time
suggest that Al does not completely replace active learning, underscoring the
value of guided integration to promote meaningful engagement.

Table 1: Student Reading Habits When Using Al to Generate Text

Behavior Combined (%)
Spent Significantly More Time Reading the 4%
Chapter When Using Al

Spent More Time Reading the Chapter When Us- 7%

ing Al

Read the Chapter the Same As When Not Using 29%

Al

Spent Less Time Reading the Chapter When Us- 50%

ing Al

Did Not Read the Chapter at All When Using Al 10%

Student Modification of AI-Generated Text Research Question 8 ex-
plored whether students revised Al-generated content. Most (78%) modified
the text before submission—19% extensively and 59% partially—while 22%
submitted it unchanged. These results indicate that most students critically
engaged with the Al output, using it as a support tool rather than a substitute
for their own ideas.

Retention of Student Perspective in Personal Opinion Writing
Research Question 9 explored whether students retained their personal voice

58



when using Al-generated text. Overall, 62% wrote their own opinions, 21%
modified Al-generated ones, and only 17% submitted unaltered content. These
results indicate that most students critically engaged with Al treating it as
a writing aid rather than a substitute for personal reflection, while a small
portion relied on it primarily for convenience.

Impact of AI-Generated Text on Topic Comprehension Research
Question 10 examined whether Al-generated text improved students’ under-
standing of course content. As shown in Figure 3, 58% reported improved
comprehension (17% significantly, 41% moderately), 28% did not see a change,
and 15% reported a decrease. These results suggest that Al can clarify com-
plex ideas when used thoughtfully, though over-reliance may hinder deeper
engagement.

Impact of AI on Class Participation Preparedness Research Ques-
tion 11 explored how Al use affected students’ readiness for class discussions.
As shown in Figure 3, 51% felt more prepared (13% significantly), 27% saw no
change, and 22% felt less prepared. These results suggest that Al can enhance
confidence and conceptual readiness, though over-reliance may reduce genuine
engagement.

Impact of Al on Chapter Comprehension Impact of Al on Class Participation Preparednes

Significantly Improved Significantly More Prepared

Improved More Prepared
No Difference No Difference
Decreased

Less Prepared

Greatly Decreased Significantly Less Prepared

0 5 10 15 20 25 30 35 40 0 5 10 15 20 25 30 35 40
Percentage (%) Percentage (%)

Figure 3: Student-reported impact of AI use on comprehension of chapter
topics (left) and preparedness for class participation (right).

Student Choice to Continue Using AI Research Question 12 explored
whether students continued using AI when it was no longer required. Most
(81%) chose to do so, indicating clear perceived benefits in grammar, efficiency,
and comprehension. This voluntary adoption suggests that students view Al
as a lasting learning aid, similar to calculators in its integration into academic
practice.

Student Rationale for Continuing or Discontinuing AI Use Re-
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search Question 13 examined students’ reasons for continuing or discontinuing
AT use based on open-ended responses from Fall 2024. As shown in Tables 2
and 3, most (80%) continued using Al, citing efficiency, improved comprehen-
sion, ease of use, and writing support. Many used Al for initial drafts they
later refined, noting reduced stress and benefits for learners with ADHD or
limited English proficiency.

Table 2: Reasons for Continuing AI Use (Fall 2024)

Theme (%) of Representative Quote
Students

Efficiency 33% “It reduced the time needed for chapter
analysis.”

Comprehension 21% “It helped me understand the material bet-
ter.”

Ease of Use 14% “It was easier to submit assignments that
way.”

Writing Support 12% “It made my writing cleaner and more
structured.”

Grade Performance 9% “It helped me get good grades with less ef-
fort.”

Accommodation 5% “T have a learning disability and it helped
break content down.”

Habitual Use 4% “T had already been using it all semester,
so I continued.”

Mixed Ethics 2% “Helpful, but I know it can also be mis-
used.”

In contrast, the 20% who discontinued AT use cited concerns about learning
depth, preparedness, and ownership of ideas, preferring direct engagement with
course content. Overall, these insights show that while students valued AT’s
convenience, many also recognized its limits, emphasizing the need for guided
and ethical integration in education.

5 Conclusion and Future Work

This study examined how IT students perceive and use Al tools to enhance
writing and comprehension. Conducted in one upper-division IT ethics course,
most students reported improved efficiency, understanding, and engagement.
At Georgia Gwinnett College, Al particularly supported first-generation and
non-native English speakers in developing writing clarity and structure.
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Table 3: Reasons for Discontinuing AI Use (Fall 2024)

Theme (%) of Representative Quote
Students

Comprehension 40% “T felt like T didn’t understand the chap-
ter... I wanted to do the work on my own.”

Writing  Indepen- 20% “T think that I can write and understand

dence the information myself better.”

Class Engagement  15% “It made me feel unprepared for the class
discussions.”

Self-Comparison 15% “I wanted to compare my writing with AI’s
writing.”

Instruction 10% “Professor said so, I think.”

Over 80% of students revised or expanded Al-generated content, showing

active learning rather than reliance. While results highlight the value of guided
AT use, the study’s single-course scope and lack of control group limit general-
ization. Future research should include multiple courses, comparative groups,
and structured Al instruction to assess long-term impacts on learning.
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Abstract

We present a model to enhance introductory computer science (CS)
education by integrating Artificial Intelligence (AI) concepts early in the
curriculum. This approach aims to improve student engagement and
motivation by (i) connecting computational thinking (e.g., algorithmic
reasoning, data representation) to real-world problems through Al, (ii)
implementing hands-on projects that illustrate core CS principles and
human problem-solving, and (iii) developing an adaptable framework
for applying computing concepts across diverse challenges. Building on
a prior NSF-funded project on Al-focused, project-based learning, our
model scales and adapts Al-themed projects for introductory courses.
In this work, we present our model, sample projects, and preliminary
experiences using them.
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1 Introduction

Artificial Intelligence (AI) has permeated all aspects of our lives and has sig-
nificantly transformed the way we live and work. It is therefore critical to
prepare a talented workforce capable of ensuring the country’s competitiveness
in this global economy. Computer science graduates are widely in demand,
and part of that demand is that they are conversant with the skills and knowl-
edge required to address cutting-edge problems. The recent explosion of Al
and the increasing demand for AI professionals, make it imperative that our
students be prepared for the workforce. In addition, while recent data from
the Department of Labor projects a bright job outlook and a great demand
for a computing workforce, many universities are still experiencing significant
declines in first-to-second year retention of computer science majors [21].

While computing technology and applications have changed significantly
over the last few decades, the most common approach for teaching introduc-
tory courses is still programming-focused [20, 12]. Despite efforts to change
the perception, students still equate computer science with programming and
many do not see its applicability. These disturbing retention figures combined
with the need to prepare a workforce conversant with Al skills pose significant
challenges and calls for a re-evaluation of our teaching models, particularly in
the introductory level courses. The need for transformations in undergraduate
computing education has recently been recognized by several studies including
some sponsored by NSF [3, 10, 19, 1].

Our project, Infusing Artificial Intelligence Concepts into Introductory Com-
puting Courses (Project InfuseAl) intends to address the need to revitalize
computer science curricula, enhance the learning experience of students in in-
troductory computer science courses, and motivate further study in computing
by (1) applying and connecting core Computational Thinking principles such
as algorithmic reasoning, data representation, and computational efficiency to
real-world challenges, with Al serving as the central theme, (2) implementing
a set of hands-on laboratory projects in a wide range of applications using
real-world problems which, when solved computationally, will illustrate both
human problem-solving behavior and fundamental computer science concepts
and (3) developing, applying, and testing an adaptable framework for the pre-
sentation of the above core concepts, allowing students to learn and apply core
computing concepts to a broad range of societal challenges and opportunities.

While programming is an important skill, the introductory courses are often
the first exposure students have to the field, and as such these courses should
embrace the fundamentals of computer science. This includes the mathemat-
ical and logical background necessary for problem-solving using computers or
computation in general. Teaching these fundamentals in computer science is
now widely acknowledged as the most important component of teaching in-
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troductory computer science courses. The basic ideas behind this approach
are nicely articulated “as a way of solving problems, designing systems, and
understanding human behavior that draws on concepts fundamental to com-
puter science” [4]. This definition significantly broadens the classical goals of
computing education and allows for new ideas that may help improve student
experiences in introductory computing courses.

Project InfuseAl builds on a successful NSF-funded project that explored
the project-based approach to teaching the introductory artificial intelligence
course using the unifying theme of Machine Learning (ML), and is an effort to
create a model for revitalizing undergraduate computer science at the intro-
ductory computing level. We present work that involves the development of a
model for the presentation of core computational topics based on a scaffolded
approach to scale down the earlier developed Al-themed projects. Our basic
idea is to use interesting application-based real-world problems which, when
solved computationally, will illustrate both human problem-solving behavior
and fundamental computer science concepts. This approach is not new to
computer science education, but it has usually been applied at later stages in
the curriculum. In such courses, interesting themes are used to unify the mate-
rial. These themes are then presented in a project-based teaching environment
so that they further enrich the student experiences with practical approaches
and tools for problem-solving. Our previous NSF-funded experience is based on
such an approach, where we incorporated ML as a unifying theme for introduc-
tory Artificial Intelligence courses through hands-on lab projects. As a theme,
ML provides methodology and technology to enhance real-world applications.

2 Literature Review

Introducing Al in the introductory computer science courses takes two major
approaches. The first one is based on using Al tools and techniques to enhance
the student experiences in learning fundamental computer science concepts.
Most of the research in this area is related to the recently gaining popular-
ity of Large Language Models (LLM) and Generative Al In [11], the authors
discuss the recent changes in math education that emphasize teaching differ-
ent representations of math problems that help students better understand the
concepts behind them. Applying this approach in introductory computer sci-
ence means exploring different representations of a programming problem, like
higher-level text descriptions, flow charts, UML diagrams, or code. The idea is,
instead of writing code to solve a problem given in another representation, to
use Al-generated code that students explain or modify in higher-level terms,
thus allowing them to better understand the solution and the programming
concepts behind it. A similar approach is taken in [8], however more focused
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on how LLMs work and on finding proper prompts to get the solution and then
verifying and explaining it. Students learning programming in CS1 are given
a problem and tasked to design proper prompts for the Al system to generate
code, which they verify. Thus, effective prompt engineering helps students bet-
ter understand the solution to the problem and fundamental CS concepts such
as software verification. In [13, 14], the authors developed an introductory CS
course entirely based on the use of LLMs and other Al tools. It’s an online
course where Al assists students with learning the course curriculum. These
AT tools include LLMs that explain code and evaluate code style and a chatbot
for answering course-related inquiries. In [22]|, the authors developed an in-
troductory programming course called CS1-LLM that integrates Al tools into
the course curriculum. Along with the basic CS material, the course teaches
students the basic principles of Al tools like GitHub Copilot and LLMs, and
how to use them to solve programming problems.

The second approach to integrating Al in the introductory programming
courses is based on introducing AI or ML problems into the course curriculum.
The authors of [2] suggest an approach to teach CS1 topics in the context of
solving AI problems. The exploration of Al is focused on weekly lab assign-
ments and multi-week projects. The labs and projects task students to write
programs that use Al and ML algorithms such as decision tree learning, matrix
operations on datasets, and neural networks. They are provided with the code
implementing these algorithms and incorporate it into their projects using the
programming concepts they learn in CS1. In [9], the authors developed the
curriculum of an introduction to computing course that may be taught to CS
majors and non-majors. The course topics are explored by Al block lessons and
a project. The lessons cover Introduction to Al, AT agents, and Introduction to
ML, and in the project, students write a program to simulate a rocket landing
using some Al techniques such as rule-based agents and genetic programming.
For the AI components of their programs, students are provided with code,
which they integrate using the basic programming concepts they learn in the
introductory programming course.

Most of the existing approaches use Al and ML either to facilitate learn-
ing of the basic concepts in CS1/CS2 or to include ATl and ML topics directly
in the curriculum. Our approach differs in that it emphasizes fundamental
computational thinking concepts such as algorithms, data representation, and
computational efficiency, which are taught in CS1/CS2, by showing how they
can be used to build Al and ML applications. In this way students can bet-
ter understand these concepts and their importance for real-world computer
science applications.
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3 Project InfuseAl

Research has shown that participatory or project-based learning methods can
level the playing field for different types of students. For example, computer
science and engineering have historically been less accessible for female and
underrepresented minority students. As a result, these students are underrep-
resented in most computer science and engineering departments in this country.
A shift to a learning environment that values interactivity, cooperation, and
collaboration can result in a broader range of students feeling more comfortable
and, by extension, can lead to greater persistence and success [23, 15, 7]. Fur-
thermore, studies have shown that the choice of context or problem domain of
assignments and examples used in class can have a dramatic impact on student
motivation and in turn on the quality of their learning [5, 16]. A problem do-
main a student relates to and finds relevant leads to deeper understanding and
hence a smoother transfer to other domains [6]. Studies have also shown that
female undergraduate computer science students tend to be more interested in
real applications of computing as opposed to computing for its own sake [23,
24]. Our projects involve machine learning systems and span a wide range of
application areas that instructors can choose from.

We build on an earlier NSF-funded project, that explored the project-based
approach to teaching introductory artificial intelligence courses using the uni-
fying theme of Machine Learning, a Computational Thinking technique that
has been influential in many disciplines, as noted by many [17]. This was a
multi-institutional effort that engaged a community of 20 scholars from a broad
range of universities working together on the creation of curricular material,
and on the development, implementation, and testing of 24 student projects.
Each project involved the development of a machine learning system in a spe-
cific application. The applications included network security, recommender
systems, game playing, intelligent agents, computational chemistry, robotics,
conversational systems, cryptography, web document classification, vision, data
integration in databases, bio-informatics, pattern recognition, and others.

Project InfuseAl focuses on presenting core computational topics through a
scaffolded approach. The goal is to adapt and scale down previously developed
Al-themed projects for use in introductory computer science courses, specifi-
cally CS1 and CS2. Through the design and implementation of systems that
enhance commonly deployed applications, our innovative model for teaching
introductory computing provides a simple and elegant means to communicate
the power of the core ideas of computing in a manner that engages students
in experiential education. We believe that these project-based curricular ma-
terials will stimulate student interest early in their studies, have a dramatic
impact on their motivation, enhance their learning experiences, and motivate
further study in computing. Guided by the results of our experiences with the
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prior work and by the positive results of its assessment, we use a scaffolded
approach to scale down the Al projects and adapt a component of each for use
in the introductory computer science courses.

3.1 Objectives

The difficulties mentioned earlier associated with the introductory computer
science courses, combined with the fact that AI provides a rich set of appli-
cations that can be used to stimulate student interest and promote greater
participation, are the motivating factors for this project. Our work uses the
iterative design-implement-test approach. The specific objectives are: (i) En-
hance the student learning experience in the introductory computer science
courses by applying and relating fundamental Computational Thinking con-
cepts of algorithmic thinking, data representation, and computational efficiency
to real-world problems and to a broad range of challenges and opportunities;
(ii) Increase student interest and motivation to study computer science early in
their studies by providing a framework for the presentation of core computing
concepts that emphasizes the strong connection between computer science and
other fields; (iii) Highlight the rich set of applications that can be used to stim-
ulate student interest and promote greater participation, motivating them to
pursue further study in computing; (iv) Prepare students for the AT workforce;
(v) Assess the effectiveness of our approach in achieving our goals.

3.2 Outcomes

These objectives are accomplished through the development, implementation,
and testing of a suite of adaptable and self-contained, hands-on, team-oriented
laboratory projects that can be closely integrated into introductory courses that
would supplement introductory computer science texts. The specific project
outcomes are: (i) A sustainable and adaptable framework that allows students
to learn and apply core computing concepts to a broad range of real-world
problems; (ii) A lab manual that includes curricular material and supporting
resources for the introductory computer science courses; (iii) An instructor’s
manual that provides a sample syllabus to go with each project and guidance
for the adoption and adaptation of this curricular material. The instructor
manual will include sample solutions as well as supporting material such as
code and documentation; (iv) An assessment report of the effectiveness of the
model.
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Figure 1: Example graph for power iteration

3.3 Sample projects

In this section, we present two sample projects for CS1/CS2, which are manda-
tory for computer science and computer engineering majors, and are commonly
taken by students from other fields such as science, math, and business.

3.3.1 Social Network Analysis

In this project, students develop an interactive Java program to create and
edit graphs. Along with implementing a basic Graphical User Interface (GUI),
students must design the internal graph structure and compute node pres-
tige scores using a ranking algorithm. This project reinforces core computer
science concepts such as event-driven programming, GUI design, Euclidean ge-
ometry (points, distances, segments), and data structures like trees and graphs.
Students will also apply key computational math skills, including matrix op-
erations and iterative methods. The prestige score algorithm draws from real-
world applications in social network analysis and web search, offering practical
relevance and hands-on experience with fundamental programming and algo-
rithmic techniques. Below is a summary of the project given to students.

Project Description: Write a graph drawing program in Java. Use the
program discussed in class (Graph.java, Lines.java, Dots.java) and make the
following changes and additions: (i) Add an arrowhead at the end of the edges
(two short lines starting at the endpoint). You may use ideas and code from
Lines.java; (ii) Add two new buttons: Create and Delete. When Create is
pressed, allow the user to add nodes and edges by clicking. When Delete is
pressed, allow the user to remove nodes and edges by clicking on them. Include
a label that clearly shows the current mode (Create or Delete). The third
button, “Print adjacency matrix”, should function as in the original version. To
detect clicks near nodes or edges, use distance calculations—such as point-to-
point and point-to-line distance (refer to Dots.java and Lines.java); (iii) Add
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a button that, when pressed, computes and prints the prestige score of the
graph nodes. Use the power iteration algorithm described below. Computing

Pseudocode 1: Computing prestige score using power iteration

IP(—P()
2 do

3 Q<+ P
4 P ATQ
P
5 P(—m
6 while |[P — Q| > ¢

prestige score by power iteration: The Pseudocode for computing prestige score
by power iteration is shown in Pseudocode 1. The matrix A is the adjacency
matrix that the program creates for the current graph. P and @) are vectors,
where each component of P represents the prestige score of the corresponding
graph node. The norm used in computing || P|| and ||P — Q|| is the Euclidean
length of the vector and € is a small constant that controls the convergence of
the algorithm. Py can be initialized with all 1s. Figure 1 shows an example
graph and the matrices used in the equations with values obtained by power
iteration. You are given a program implementing the power iteration algorithm
for the graph shown in Figure 1. To complete the project, you need to extend
this program to work not only with 3 x 3 matrices but also with matrices and
vectors of any size.

3.3.2 Non-GUI based Adventure Game

This project provides a practical framework for applying object-oriented pro-
gramming (OOP) design by modeling entities (e.g., players, enemies) through
classes and objects. Students will reinforce core Java concepts, including vari-
ables, data types, control structures, and input handling, while also exploring
basic Al techniques, such as prediction models, to enhance gameplay. The
project thus provides a comprehensive learning experience in Java program-
ming and Al integration.

Project Description: Design and write code in Java to implement a non-
GUI-based interactive Adventure game. Some of the key features of the game
are the following:

World navigation: The player navigates a fantasy world where random en-
emy encounters occur. Each encounter starts a simple combat sequence, and
the player chooses actions like “attack” to defeat enemies and continue their
journey.
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Table 1: Survey Results during Spring 2025
The student project contributed to my overall understanding of the material in the 86%
course.
The student project was at an appropriate level of difficulty given my knowledge of 100%
computer science and programming.
After completing this project, I feel that I have a good understanding of the funda- 75%
mental concepts covered in this course.
The student project took a reasonable amount of time to complete. 88%
The student project was an effective way to introduce some basic artificial intelligence | 63%
concepts.
I have a firm grasp of the problem-solving techniques covered in this course. 100%
I would like the opportunity to apply some of the AI problem-solving techniques in 100%
the future.
I had a positive learning experience in this course. 88%

Combat System: Both the player and enemies have key attributes such as
health, attack power, and defense. The player also has a limited number of
health potions to restore health. Combat is turn-based: on each turn, the
player can choose to attack or use a potion, while the enemy can attack or
defend before attacking. Damage is calculated based on attack and defense
values, reducing health accordingly. The game continuously tracks the player’s
health, potion count, and alive status, while also updating the enemy’s stats
in real time during combat.

Game Flow: The game begins with the player entering a name and starting
their journey through a fantasy world. As they explore, random enemy en-
counters trigger turn-based combat. Battles continue until either the player’s
or the enemy’s health drops to zero. The player can attack or use a health
potion to recover. The game ends when the player’s health reaches zero or
they choose to stop their journey. Incorporate the following features into the
adventure game using Al to enhance the enemy’s capability.

Player’s Move Prediction: The game will employ a simple classification model,
such as Naive Bayes, to predict the player’s next action—whether to attack
or use health potions to heal—based on the player’s previous decisions. By
analyzing patterns in the player’s behavior, such as frequent attacks or heal-
ing, the enemy will adapt its strategy accordingly. For example, if the player
consistently attacks, the enemy might predict this and choose to defend first
and counterattack in response. If the enemy predicts that the player will use
health potions, then it will attack the player with maximum power.

4 Evaluation Plan
A preliminary evaluation of the two projects was conducted in the introductory

courses, yielding positive results. Each of the projects has been implemented
in CS1 or CS2 in at least one of the two. Most recently, and in order to
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evaluate students’ reception to our approach and to evaluate its effectiveness,
we designed a short survey that was given in CS1 at the end of the spring
2025 semester. The survey includes several Likert-scale questions along with
two qualitative questions. The Spring 2025 CS1 class consisted of 11 students,
with a 73% participation rate.

Below is a summary of the most recent survey results, conducted during
spring 2025 using the Interactive Game project. The second column represents
the percentage of students who agreed or strongly agreed. Overall, student
responses were positive, as can be seen in Table 1. Similar results were reported
in prior years [18]. Included in the short survey are two open-ended questions
allowing students to provide feedback:

Q1: Describe what you liked best about the student project.

Q2: Describe what you liked least about the student project.

Students enjoyed the hands-on approach. They commented that the project
was fun and a fair assignment based on what they had learned in the course.
They enjoyed building the different parts of it. A student stated that while
they struggled a little with some parts of the project, it was fun to complete.
They enjoyed the opportunity to customize. The responses to Q2 centered
around wishing to do more with Al and create more of the classes themselves.
Based on the survey responses and informal interactions in class, the feedback
was very encouraging. While the sample data so far is small to draw significant
conclusions, given these preliminary positive experiences and the feedback we
received, the proposed project will allow us to develop more such programming
projects and do a more comprehensive assessment at both institutions.

5 Conclusion

Integrating AI concepts into introductory computing courses offers a trans-
formative path to addressing key challenges in CS education. By expand-
ing beyond a programming-centric curriculum, Project InfuseAl aims to boost
retention, broaden participation, and prepare students for an evolving tech
landscape. Through real-world applications and a scaffolded, project-based
approach, the initiative fosters engagement and deeper understanding of core
computational concepts. Emphasizing computational thinking, problem-solving,
and real-world applications supports the rising demand for Al-skilled profes-
sionals. By building on proven approaches and adapting them to introductory
courses, this project offers a sustainable model for revitalizing undergraduate
computing education. It aims to equip students for future challenges while fos-
tering a more diverse and engaged computer science workforce, strengthening
the field’s global competitiveness.
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Abstract

Pancreatic cancer is highly lethal due to the challenges associated
with early-stage detection. Traditional diagnostic methods, such as imag-
ing and biopsies, are complicated by the deep location of the pancreas
within the body and the asymptomatic nature of early-stage tumors.
Machine learning has emerged as a potential tool for early identifica-
tion by recognizing specific patterns and features from medical images.
A key first step in detecting the presence of pancreatic cancer is pan-
creas segmentation, or accurately delineating which pixels in a medical
image correspond to a patient’s pancreas. However, training accurate
machine-learning segmentation models is hindered by current medical
datasets, which are often limited, biased towards advanced stages of the
disease, and subject to privacy restrictions, making them challenging
to access and use effectively in research. This study aims to improve
pancreas segmentation models (and thus ultimately cancer detection)
by augmenting existing medical datasets with generated synthetic med-
ical images that closely resemble real-world pancreatic cancer computed
tomography (CT) scans. Our experiments show that adding synthetic
examples to existing datasets can lead to more accurate segmentation
models compared with training on real data alone.

*Copyright (©)2025 by the Consortium for Computing Sciences in Colleges. Permission to
copy without fee all or part of this material is granted provided that the copies are not made
or distributed for direct commercial advantage, the CCSC copyright notice and the title of
the publication and its date appear, and notice is given that copying is by permission of the
Consortium for Computing Sciences in Colleges. To copy otherwise, or to republish, requires
a fee and/or specific permission.
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1 Introduction

Recent advancements in machine learning, and deep neural networks (DNNs)
in particular, have led to great strides in computer vision. Computer vision
models are now widely applied across various domains, including autonomous
driving, object detection, and image generation. Despite these successes, sub-
stantial challenges remain. Unlike traditional tabular data, images typically
pose greater complexity in acquisition and often carry biases that are inher-
ently difficult to address. Particularly with respect to medical images, such as
X-rays and CT scans, available datasets are often limited due to data privacy
concerns, government regulations, the cost of specialist annotations, and the
relative rarity of diseases such as pancreatic cancer.

To address these limitations, this research investigates using synthetic CT
scans to mitigate privacy issues, generate diverse and scalable datasets, and
enhance the performance of segmentation models applied to medical imaging.
Specifically, our study focuses on pancreatic cancer, a disease characterized
by a high mortality rate primarily due to limited early-stage detection and
insufficient data availability. Effective diagnosis of pancreatic cancer relies
significantly on the accurate segmentation of the pancreas from medical images,
which subsequently enables classification models to identify the presence or
absence of tumors. Publicly available pancreatic cancer datasets typically have
small numbers of examples, and are biased towards mid- to late-stage diagnoses,
reflecting the symptomatic nature of the disease in advanced stages. Such
stage-specific biases significantly hinder the training and effectiveness of Al-
driven segmentation models aimed at early detection. High-quality annotated
datasets necessary for effectively training pancreatic segmentation models are
scarce, exacerbating the difficulty of leveraging machine learning in early-stage
identification.

The objective of this research is to alleviate the challenge of data scarcity
and enhance pancreas segmentation model performance by incorporating syn-
thetic CT scans. Synthetic data will be generated using various deep neural
network models, including Variational Autoencoders (VAE), Generative Ad-
versarial Networks (GANs), and Diffusion Models (DM). We will evaluate the
quality of the synthetic data both qualitatively, through visual inspection, and
quantitatively, by evaluating pancreas segmentation models trained with syn-
thetic data.

Next we will review other recent work in this area, followed by Section 3,
where we describe our approach to training DNN models for data generation
and for segmentation. In Section 4 we review our experiments and findings,
and conclude in Section 5.
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2 Related Work

Pancreas segmentation from CT images remains a challenging task due to
anatomical variability, organ size, and the limited availability of annotated
datasets. Prior work has addressed these challenges using deep learning-based
semantic segmentation approaches. For example, convolutional neural net-
works (CNNs) have demonstrated success in semantic segmentation of pan-
creatic medical images by learning hierarchical features that capture spatial
structure [6]. Building upon CNNs, AX-Unet introduced an attention-guided
extension of the UNet architecture, achieving improved performance in seg-
menting pancreatic tumors through better spatial attention mechanisms [11].

Recent advancements in generative modeling have also contributed to early
detection strategies. For instance, Li et al. [8] proposed a synthetic tumor gen-
eration approach that aims to support diagnosis by synthesizing tumor regions
without requiring manual labeling. Their pipeline generates full CT volumes
with simulated tumors and uses a discriminator model to predict whether a
tumor is present and where it is located. While this method is innovative in
simulating tumor growth for classification and localization, it does not address
segmentation challenges, particularly the extraction of anatomical boundaries
needed for downstream tasks like volumetric measurement or treatment plan-
ning.

In contrast, our research focuses explicitly on improving segmentation per-
formance by generating synthetic image-label pairs for the pancreas using mul-
tiple generative models. Unlike label-free tumor synthesis [8], which generates
only synthetic tumors on CT scan images, our approach ensures each synthetic
image is paired with a corresponding binary mask, indicating which pixels in
the image are part of a patient’s pancreas, and which are not. The paired im-
age and mask data enables supervised learning for segmentation tasks, where
the goal is to predict the mask given the image. This distinction allows our
synthetic data generation model to easily augment an existing pancreas seg-
mentation data set, leading to more accurate segmentation models, which are
a prerequisite for any reliable classification or detection pipeline. Moreover,
we compare three types of generative models—VAE, GAN, and DM—to eval-
uate how different synthetic data generation techniques influence segmentation
outcomes.

3 Methodology

3.1 Data

We make use of two publicly available datasets specifically designed for pan-
creatic CT image analysis. The Cancer Imaging Archive (TCIA) provides a
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Figure 1: Example CT scan images and expert-annotated binary segmentation
masks, indicating the presence of the pancreas, from the two datasets, MSD
(left two) and TCIA (right two).

comprehensive source of anonymized pancreatic CT scans used widely in med-
ical imaging research [3]. The Medical Segmentation Decathlon (MSD) is a
benchmark dataset offering expert-annotated volumetric CT scans and seg-
mentation masks for multiple organs, including the pancreas [1].

Each dataset consists of 3D volumetric CT scans stored in DICOM format,
with individual files representing 2D axial slices. These slices are stacked to
form full anatomical volumes. Due to the pancreas’s small size and variability
across patients, segmentation is especially challenging. The datasets include
binary segmentation masks created by human experts, supporting supervised
training despite limitations in diversity and early-stage representation. Figure 1
shows examples from the two datasets.

3.2 Data Preprocessing

We follow a standard preprocessing pipeline to prepare images for use with
neural network models. The public datasets are provided in DICOM format
and need to be converted into NIFTT format to facilitate 3D volumetric analy-
sis [9]. Post-conversion, the individual 2D axial slices are grouped into uniform
4-slice sub-volumes to standardize input shapes and reduce GPU memory load
during training. Any volume lacking pancreas annotation is excluded to main-
tain data quality. Images are intensity-normalized and resized to a fixed shape
of 4 x 256 x 256 (number of slices X rows x columns) to ensure consistency
during model training.

3.3 Synthetic Data Generation

Using the real datasets of paired CT images and binary segmentation masks
(Figure 1), we train three deep neural network (DNN) models to generate syn-
thetic CT images given real masks. During training, real, expert-annotated
binary segmentation masks are used as input to the models to condition the
reconstruction process so that generated synthetic CT images correspond to
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Figure 2: Each synthetic data generation model (left) is trained to take in
a real binary segmentation mask and generate a corresponding synthetic CT
image. A segmentation model (right) is trained to take in a CT image and
output a predicted mask indicating which pixels correspond to the pancreas
region.

actual masks. (See Figure 2.) Each model incorporates randomness in the gen-
erative process, so that, once a model is trained, a given real mask can be used
to generate a variety of new corresponding synthetic CT images. Using each
of the trained models, a synthetic dataset is generated using real binary seg-
mentation masks as input and generating corresponding synthetic CT images.
The model architectures include:

Variational Autoencoder (VAE): VAEs are probabilistic generative mod-
els that learn a compressed latent representation of input data by jointly train-
ing an encoder and decoder, using a combination of reconstruction loss and
Kullback-Leibler divergence [7]. Our VAE architecture consists of encoder and
decoder (both with 10 layers) with approximately 66 million trainable param-
eters.

Generative Adversarial Network (GAN): GANs involve a generator and
discriminator trained alternately, where the generator aims to produce realistic
data while the discriminator learns to distinguish real from fake samples [4]. In
our implementation, the generator consists of eight transposed convolutional
layers that consist of approximately 456 million trainable parameters.

Diffusion Models (DM): DMs generate samples by reversing a gradual
noising process applied during training. Starting from random noise, the model
iteratively denoises the input to produce realistic images [5]. Our implemen-
tation uses a 3D conditional diffusion model adapted for medical CT data
generation with approximately 92 million trainable parameters. The model
architecture includes a UNet-style backbone with residual blocks and skip con-
nections, tailored for volumetric data synthesis. We configured the model with
6 residual blocks per resolution level and used a linear noise schedule across
250 diffusion timesteps.
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Figure 3: Example calculation for dice similarity coefficient, which measures
how well two binary masks match.

3.4 Segmentation Model Training

The primary objective of the generative models described above is to produce
realistic pairs of CT scan images and corresponding binary segmentation masks
that can be used to train a pancreas segmentation model. As illustrated in
Figure 2, the segmentation model takes a CT image as input and outputs a
predicted segmentation mask that identifies the pancreas.

To perform this task, we implement a segmentation model using a 3D U-
Net architecture, which has become a widely adopted baseline for volumetric
medical image segmentation tasks due to its ability to capture both local and
global spatial features [2]. Our implementation consists of four encoding and
four decoding stages with residual skip connections at each spatial resolution
level. Each stage uses 3D convolutional layers. Across all layers, the architec-
ture contains approximately 14 million trainable parameters.

The model is trained using dice loss, a metric specifically designed to mea-
sure the overlap between predicted and ground truth segmentation masks (see
Figure 3). Dice loss is particularly effective in medical imaging applications
where target structures, such as the pancreas, are small and imbalanced rel-
ative to the overall image volume. By directly optimizing for spatial overlap,
dice loss helps improve the model’s ability to identify and accurately segment
these small anatomical regions [10].

4 Results

In this section we first discuss qualitative evaluation of synthetic data pro-
duced by the three different generative models, then describe our quantitative
evaluation of the synthetic data by incorporating it into training a separate
segmentation model.

4.1 Qualitative Evaluation

Each of the three synthetic data generation models is trained as described in
Section 3.3. Synthetic data can be evaluated qualitatively by manually com-
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Figure 4: Example synthetic images generated by VAE, DM, and GAN models
(right three columns) when given a real binary segmentation mask (left-most
column) as input. For comparison, the actual (ground truth) CT scan image
is shown in the second column.



paring generated images with real CT scans. Figure 4 shows sample input
segmentation masks, the associated real CT image, and the synthetic CT im-
ages generated by the models. Note that the objective is to generate CT images
that are realistic, but not identical to the real ones. Because our goal is ulti-
mately to augment existing datasets, synthetic data is ideally similar to real
data, but still introduces novel variation.

The images generated by the VAE model tend to show less fine detail, a
tendency common to VAE image generation models. The diffusion model im-
ages appear qualitatively to be more realistic, incorporating more fine details.
We also note that, for a given input mask, DM-generated images show more
random variation than VAE images, suggesting that the VAE model is more
likely to "memorize" individual training instances. However, DM images also
include more noise, with some salt-and-pepper graininess evident throughout.
The GAN model produces sharp images with the best fine details, but that
overall are least realistic in terms of shape. In our experiments, the GAN
model was very difficult to train successfully and had a tendency to diverge
during training, as is common with GAN models, which may have contributed
to the poor-quality images. Based on these results, we chose to include only
the VAE and DM-based synthetic images for further evaluation.

4.2 Quantitative Evaluation

To evaluate the synthetic data quantitatively, we assess its utility for training
a segmentation model, which produces a binary segmentation mask given a
CT scan image. (See Figure 2.) We varied the proportion of real to synthetic
data used in training the segmentation model. Due to poor qualitative results
from the GAN-based samples, we limited our quantitative experiments to the
following training data configurations: (1) real data only, (2) real + VAE data,
(3) real + DM data, and (4) real + VAE + DM data.

The segmentation model was trained using dice loss with the Adam op-
timizer. Due to the volumetric nature of the data, the batch size was kept
at 1 to accommodate hardware constraints. All training was conducted on
a single NVIDIA RTX 4090 GPU, with 24GB of G6X memory. Training the
data generation models takes approximately three weeks for the VAE and GAN
models, and approximately 1.5 weeks for the DM. Training the segmentation
model takes approximately 4 hours.

Segmentation model performance was assessed using the dice similarity
coefficient (DSC) (see Figure 3) on a separate testing set containing exclusively
real data. (Different segmentation models vary in terms of training data, but
all are tested on the same real-data test set.) The baseline is a model trained
on 100% real data, consisting of 3346 images. When evaluated on the test set
(837 images), the baseline model achieves a DSC of 0.7606.
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Synthetic : Real

Synthetic Data 100% : 0% 50% : 50% 25% : 75%

Source
VAE 0.5101 0.7664 0.7868
DM 0.6922 0.7641 0.7823
VAE+DM 0.6968 0.7810 0.7836
Average 0.6330 0.7705 0.7842

Table 1: Comparison of segmentation model performance in terms of dice
similarity (higher is better) when trained with different proportions of synthetic
and real data. The baseline performance using a model trained on purely real
data is 0.7606.

To examine the impact of synthetic data on segmentation performance,
we trained a series of segmentation models with varying synthetic-to-real data
ratios, including 50% synthetic + 50% real, 75% synthetic + 25% real, and
100% synthetic only. Each model is evaluated on the separate test set of real
examples. Table 1 shows the results.

When using 100% synthetic data (3346 images), the model trained with
DM-generated images significantly outperformed the model trained with VAE-
generated images (DSC of 0.6922 vs. 0.5101). Combining both VAE and
DM led to a slightly improved DSC of 0.6968. Although these scores were
somewhat lower than the baseline, they highlight the potential of synthetic
data as a standalone resource in data-scarce environments.

At a ratio of 50% synthetic / 50% real data, both the VAE and the DM
models reached DSCs comparable to the baseline (0.7664 and 0.7641, respec-
tively). In particular, combining both synthetic types (25% VAE + 25% DM)
with 50% real data achieved a higher DSC of 0.7810, surpassing the baseline of
only real data. With the 25% synthetic / 75% real configuration, the VAE-only
model achieved the highest overall DSC of 0.7868. The VAE+DM combina-
tion in the same setting led to a similar result. These results demonstrate that
augmenting real data with synthetic data can enhance pancreas segmentation
performance beyond what is achievable with real data alone. This outcome is
likely due to an increase in dataset diversity because of the added synthetic
data, leading to segmentation models that are less able to overfit the training
data and thus more generalizable to the test set.

Figure 5 shows examples of segmentation masks produced by a segmenta-
tion model trained on a combination of real and synthetic data.
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Input CT Ground Segmentation
Image Truth Mask Model Mask

Figure 5: given the real CT image (left), corresponding to the real (ground
truth) mask (center), a segmentation model trained with a mixture of real and
synthetic data produces the mask on the right.

5 Conclusions and Future Work

This study demonstrates the value of incorporating synthetic medical images
to improve pancreas segmentation performance in scenarios where annotated
real-world data is limited. By generating synthetic CT scans (corresponding
to real segmentation masks) using deep neural network generative models, we
show that synthetic augmentation can significantly enhance model accuracy.
Among all configurations tested, the best performing segmentation model was
trained using a 25% VAE-generated synthetic and 75% real data ratio, reaching
a dice similarity coefficient (DSC) of 0.7868, improving on the 0.7606 DSC
baseline model trained with 100% real data. These results confirm that diverse
synthetic data can improve segmentation model generalization, even surpassing
the performance of models trained exclusively on real images.

An important note is that, while diffusion models generally produced more
qualitatively realistic synthetic images than VAEs, neither produced perfectly
realistic images. Still, when integrated with real data, both had the potential to
improve segmentation model performance. This result suggests that increased
data diversity helps segmentation models perform more accurately. Ultimately,
our findings suggest that synthetic data may be helpful in other applications
where training data is scarce, helping to mitigate the data scarcity challenge
in medical imaging and potentially enabling earlier, more accurate detection
of pancreatic cancer and other deadly diseases.

In the future, one promising direction may be to combine features of the
different model architectures, e.g., extending the diffusion model by adding
an adversarial component similar to the GAN, or incorporating a latent space
similar to the VAE. We also hope to extend this work beyond segmentation to
pancreatic cancer detection and further to other medical imaging tasks where
more data would enable more accurate models.
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Abstract

At Bucknell University, a liberal arts college, many students majoring
in computer science, art, and design encounter computer graphics with-
out prior exposure to linear algebra and multivariable calculus, which
can cause frustration and disengagement when faced with the mathemat-
ical concepts presented in a traditional graphics curriculum. To address
this challenge in liberal arts colleges, I developed the Computer Graphics
Wizard Academy - a quest-based course that introduces core graphic con-
cepts, such as geometric transformations, rendering, and shading, using
high school geometry as a foundation.

Grounded in experiential learning and narrative-driven learning, Com-
puter Graphics Wizard Academy immerses students in a fantasy world
where students take on the role of apprentice mages, master various com-
puter graphics spells through scrolls and complete quests. Each scroll
enables students to explore graphic concepts interactively and engage
with the mathematics behind graphics visually. Each quest combines
story elements with programming challenges and real-time WebGPU vi-
sual feedback, creating a context that sustains motivation and lowers

*Copyright (©)2025 by the Consortium for Computing Sciences in Colleges. Permission to
copy without fee all or part of this material is granted provided that the copies are not made
or distributed for direct commercial advantage, the CCSC copyright notice and the title of
the publication and its date appear, and notice is given that copying is by permission of the
Consortium for Computing Sciences in Colleges. To copy otherwise, or to republish, requires
a fee and/or specific permission.
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the barrier to abstract thinking. The open-ended nature of the difficul-
ties invites students to personalize their solutions and promotes creative
thinking.

In this paper, I present the course design and analyze student sur-
vey data to examine how narrative framing and creative affordances in-
fluence engagement, confidence, and learning outcomes. Our findings
suggest that narrative-driven and hands-on learning environments can
make computer graphics more accessible while also promoting deeper
conceptual understanding and artistic experimentation.

1 Introduction

At Bucknell University, a liberal arts college, the computer science curriculum
does not require linear algebra or multivariable calculus as a prerequisite. The
absence of this mathematical foundation presents a significant challenge for
computer graphics instructors and has led to low enrollment in graphics courses
among students. Because of low enrollment, computer graphics have not been
offered for several years. To counter this, I created Computer Graphics Wizard
Academy (CGWA) — a quest-based course built around high school geometry
and WebGPU. Inspired by Sheldon’s The Multiplayer Classroom [6], CGWA
replaces lectures with interactive scrolls, assignments with fantasy quests, ex-
ams with trials, and the final project with a culminating final enchantment.
Unlike simplified tooling approaches, CGWA redefines graphics education
by immersing students in a narrative where they cast graphics spells, write
shaders, simulate transformations, and visualize geometry. Students use scrolls
to study and interactively examine graphic concepts. They are tasked with
completing quests that utilize the learned spells to create personalized solu-
tions and experiment with them personally. To progress to the next level in
this fantasy world, they need to pass the trials, which ensure their conceptual
understanding of core graphic concepts. At the end of the course, the final
enchantment showcase invites students to work together and synthesize their
learning into a magical artifact of their own design, demonstrating both tech-
nical mastery and creative expression in a public celebration of their journey.
This paper describes the CGWA curriculum and explores its effectiveness
through student surveys and project work. Our findings suggest that narrative-
driven and hands-on environments, combined with creative autonomy, enhance
accessibility and conceptual understanding in graphics education.

2 Related Work

The design of Computer Graphics Wizard Academy draws on research in
shader-first graphics pedagogy, interactive visual feedback, and narrative-driven
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learning. These studies collectively inform how CGWA uses interactive shader
feedback, storytelling, and creative exploration to make core graphic concepts
accessible and motivating for students without prior exposure to linear algebra
or low-level graphics programming.

2.1 Shader-First Graphics Pedagogy

Modern graphics pedagogy has increasingly shifted toward shader program-
ming, with shaders used as entry points for student exploration. This change
is driven by pedagogical and technical factors: shader programming allows
students to reason about transformations, shading, and interaction in a di-
rect and visually observable manner. Talton and Fitzpatrick’s SIGCSE work
on teaching with the OpenGL Shading Language emphasizes the pedagogical
benefits of starting with shaders rather than fixed-function graphics pipelines
[7]. Their course emphasized active experimentation with shader code - an
approach that CGWA adopts through its scrolls, which allows students to see
the effect of code edits in real time using WebGPU.

Fink et al. extended this approach through a software-based programmable
renderer, showing that a shader-first pipeline improves conceptual compre-
hension of rendering and lighting operations without the complexity of full
OpenGL environments [1]. Following along the same line, CGWA introduces
graphic concepts, such as geometric transformations, shading, and physics-
based simulation, through direct shader-level manipulation. However, it inten-
tionally delays formal mathematical treatment, instead allowing intuition to
emerge through visual feedback.

The emphasis on starting with visual feedback before introducing theory
provides an essential precedent for CGWA'’s experiential-first design: students
learn by modifying shader code in a safe, exploratory context before formalizing
these abstractions.

2.2 Visual Interaction and Conceptual Reinforcement

Even before the rise of shader-first teaching, tools like GraphicsMentor demon-
strated the value of visual experimentation in conceptual learning. Nikolic and
Shene showed that students who manipulated camera, light, and object pa-
rameters through a live interface developed stronger geometric intuition, even
in the absence of explicit mathematical instruction [3]. By interacting directly
with rendering parameters and seeing immediate results, students constructed
mental models that supported later abstraction and understanding.

CGWA extends this principle. Each scroll is a minimal shader-powered
sandbox where students can tinker with transformations, interpolation, or an-
imation. For instance, a scroll on 2D projective geometric algebra might allow
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learners to adjust bivector coefficients and observe the resulting object motions
unfold without requiring them first to understand the geometric product. By
the time formal abstractions are introduced in quests or trials, students have
already internalized key ideas through repeated, manipulable exposure. This
scaffolding approach allows students to engage deeply with concepts that would
traditionally require a stronger mathematical foundation.

2.3 narrative-driven Learning and Motivation

While visual feedback builds intuition and motivation, sustained engagement
often requires additional framing to maintain momentum. One strategy is to
embed technical content within a compelling narrative. Sheldon’s The Mul-
tiplayer Classroom [6] formalizes this approach: students take on a character
role, complete themed quests, and accumulate experience points as a substi-
tute for grades. This structure transforms the classroom into a narrative-driven
progression, where course content becomes part of the character development.

Sheldon’s framework has strong conceptual parallels with SIGCSE stud-
ies that show how storytelling and identity formation improve computing en-
gagement. Storytelling Alice demonstrated that embedding programming into
narrative-rich, character-driven environments significantly improved interest
and self-efficacy, especially for students from underrepresented backgrounds
[2]. Likewise, Parham-Mocello et al. ’s Story Programming study emphasized
that learners benefit when the storyline is introduced before coding; doing so
helps frame the content as purposeful and coherent [4]. Fantasy-based framing
has also been studied empirically. Scott and Ghinea [5] conducted a double-
blind randomized controlled trial comparing a fantasy role-play debugging ex-
ercise to a standard control version. Their study found that students using the
fantasy version showed statistically significant improvements in programming
self-concept, suggesting that narrative framing can positively impact learner
identity and motivation.

Although this work focused on procedural programming, the narrative
structure and motivation model can inform CGWA’s application to graphics
education directly. CGWA adopts the narrative structure fully: students play
as apprentice mages, unlock graphics spells through scrolls and quests, level
up by completing milestone trials, and finish it with a final enchantment.

3 Course Design

Computer Graphics Wizard Academy (CGWA)! is structured around a fantasy-
inspired progression that replaces lectures with scrolls, assignments with themed

IThe course syllabus at https://eg.bucknell.edu/~scl019/Courses/ CGSP25/index.php
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Figure 1: Students follow scroll instructions to modify shader code to change
lighting implementation from point light (left) to spotlight (middle) and direc-
tional light (right).

quests, and assessments with performance-based trials. Students play the role
of apprentice mages, learning “graphics spells” through scrolls (guided shader
class exercises), completing quests (open-ended mini-projects), and culminat-
ing in a final enchantment (capstone showcase). The course is divided into
three progressive phases, each designed to balance conceptual progression with
increasing creative freedom.

3.1 Scrolls: Shader-Based Exploration and Visual Feedback

During the first two phases, students work through twenty-seven scrolls (in-
teractive in-class exercises) that anchor abstract concepts in immediate visual
feedback. Scrolls are structured to reflect best practices in shader-first ped-
agogy [7, 1]: students are introduced to a graphic concept through minimal
narrative setup, brief theoretical framing, and incrementally editable shader
code. Using WebGPU, students modify code and observe live visual outcomes
in the browser.

This structure draws from work on exploratory visual learning [3]: rather
than introducing formulas first, scrolls let students build intuition by manip-
ulating effects directly. For instance, when learning 2D projective geometric
algebra, students explore the impact of bivector coefficients on object motion
before formalizing the geometric product. When studying lighting, students
adjust WGSL shaders to implement point, spot, and directional lights (Fig. 1).
These activities scaffold understanding while maintaining a strong sense of
agency and play.

3.2 Quests: Open-Ended Application and Thematic Progression

Building on scroll foundations, weekly quests challenge students to integrate
concepts in creative ways. Each quest is introduced within a fantasy scenario
that aligns with recently learned scroll material. Unlike fixed-procedure labs,
quests are open-ended: they ask students to solve problems using the “spells”
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Figure 2: Upper: Left is the instructor’s demo of a 2D solar system; middle
and right are students’ creative solutions to the same quest. Lower: Left is
the demo of the environment and texture maps; middle and right are student
quest implementations.

they have learned from the scrolls but leave space for visual experimentation,
technical improvisation, and narrative invention.

The first phase includes five quests centered on 2D graphics and physi-
cal simulation. Students begin by rendering shapes using WebGPU (Quest
1), implementing animations using projective geometric algebra (Quest 2),
and learning shading techniques (Quest 3). Quests 4 and 5 extend this into
compute-based particle systems, spring simulations, and collision detection.
These quests not only reinforce the shader-first model but also give students
the creative autonomy discussed in [2, 4].

After completing their first trial, a performance-based checkpoint that eval-
uates conceptual understanding and shader fluency, students progress to the
adept rank and begin phase two, which transitions into 3D graphics. This
phase covers transformation matrices, camera projection, ray tracing, and pro-
cedural volume rendering. Quests 6-10 guide students through increasingly
abstract levels while maintaining narrative framing. Student solutions vary
widely (Fig. 2), reflecting the expressive potential of the format.

A second trial assesses mastery of ray-based rendering and geometric rea-
soning before students progress to mage rank and proceed to their final en-
chantment.

3.3 The Final Enchantment: Synthesis and Showcase

The final enchantment serves as both a capstone and a celebration. Working
individually or in teams, students define a contract for a self-directed graphics
project that must integrate multiple graphic techniques from the course. These
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Figure 3: Students’ masterpieces: Minecraft VR (left), Fireboy and Watergirl
(middle), and fluid simulation (right)

are presented as magical artifacts, and students are asked to design their own,
estimate the effort required, and incorporate them into their narrative. Stu-
dents are not simply proving proficiency, but they are authoring a final artifact
that aligns technical fluency with creative expression [6, 5]. The showcase is
public and celebratory, reinforcing learner identity and inviting peer recogni-
tion. Spring 2025 projects included a ray-traced Minecraft in VR, a WebGPU
remake of Fireboy and Watergirl, and a real-time fluid simulation (Fig. 3), all
developed from scratch using WebGPU, code, and skills that students learned
from scrolls and quests 2.

By placing narrative framing, shader-based experimentation, and open-
ended creation at the core of its design, CGWA demonstrates that computer
graphics can be taught in a way that is both accessible and rigorous, inviting
creative expression while supporting conceptual learning.

4 Course Evaluation and Student Feedback

To explore how CGWA influenced student engagement, confidence, and con-
ceptual understanding, particularly through its use of narrative framing and
creative autonomy, I administered three structured surveys throughout the
semester. Two custom-designed instruments were distributed after each mid-
semester trial, and a summative course evaluation was collected via the uni-
versity’s official system in the final week.

The mid-semester surveys® combined 5-point Likert items, multiple-choice
questions, and open-ended prompts aligned with our research themes: narrative
immersion, motivation, conceptual clarity, and perceived effectiveness of the
quest-based structure. The final evaluation added course-specific items to the
institutional feedback framework.

2See demonstration here: https://bucknell-graphics.github.io/
3Survey forms can be found here: https://forms.gle/1r80yCUDYVFJkGs67 and
https://forms.gle/vXG6TBdvAnPYdtLq9

93



4.1 Mid-Semester Survey 1: 2D Graphics Phase

The first survey, administered to 15 of 17 students (88% response rate) after the
first trial, focused on the introductory 2D graphics. Results indicated high en-
gagement with both the quest model and narrative structure. 80% of students
reported enjoying the narrative format “a lot” or “a great deal” (ratings of 4 or
5), 80% found themselves feeling immersed in the fantasy narrative (ratings of
3 or above), and 73% agreed that the story elements helped them think more
deeply about graphic concepts (ratings of 3 or above). Similarly, 87% stated
that the quest format increased their motivation compared to traditional as-
signments (ratings of 3 or above), and 93% agreed that the quest-based format
helped them effectively understand graphic concepts.

Only one of 17 preferred the traditional format, while more than half pre-
ferred the narrative-driven approach, with the rest opting for a mix of both.
Students credited the narrative-driven model with more enjoyable coursework
(80%), a sense of progression through the course (60%), and more creative
problem-solving opportunities (60%). However, more than half (60%) found
the narrative approach to be confusing due to its use of unfamiliar terminology
and analogies. One student wrote, ‘I really like the quest format of having a
single larger assignment per week.” Another noted, ‘I think using the narra-
tive format for abstract things is fine; calling daily class notes “scrolls” and
weekly assignments “quests” is fine. However, I feel that calling actual con-
cepts by these names is more confusing than anything. For example, calling
bind groups “binding spells” just makes things more confusing.’

4.2 Mid-Semester Survey 2: 3D Graphics Phase

The second survey (11 of 17 students; 65% response rate) was distributed after
the second trial, following the completion of the 3D graphics scrolls. Student
sentiment remained generally positive but showed a decrease in motivation as
the course content became increasingly complex mathematically. Only 73% of
students rated their enjoyment of the narrative format at a higher level (4 or
5), and two students now indicated a preference for traditional formats. Just
64% found the story elements helpful in understanding 3D topics (ratings 3 or
above).

Nonetheless, 91% of students still found the quest format helpful for struc-
turing their learning (ratings 3 or above), and several highlighted its role in sup-
porting shader fluency and experimentation. However, open-ended responses
revealed a recurring need for more direct technical instruction. Students noted
difficulty connecting fantasy framing with shader logic because of some “con-
fusing terminology”. Despite these challenges, many continued to appreciate
the freedom to approach quests creatively and incrementally. One student
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noted: ‘Yes, I think narrative-driven learning could be beneficial in other CS
classes to make courses more engaging and memorable, and students can refer
back to previously learned topics more easily if they are more memorable in a
narrative-driven format.’

4.3 Final Course Evaluation

The final university-administered evaluation, conducted with 12 of 17 students
(70.6% response rate), provided a comprehensive view of student learning out-
comes and perceptions. All respondents reported learning “a lot” or “a great
deal”, and 75% indicated moderate or strong proficiency in WGSL shader pro-
gramming. Confidence levels remained high for 2D graphic concepts (75%),
though dropped for 3D content (50%).

Course design elements also received strong endorsement. 83% of students
found the scrolls helpful or very helpful for progressive learning, and 92% agreed
that the quests supported shader development. 83% reported that the final en-
chantment provided an effective opportunity to synthesize skills and learn from
peers. Open-ended feedback highlighted a sense of accomplishment alongside
concerns about workload and pacing. One student reflected, ‘I was greatly chal-
lenged in this course and faced roadblocks I never thought I could get through.’
These responses align with mid-semester surveys and reinforce the importance
of striking a balance between narrative framing and structured scaffolding.

5 Lessons Learned

The evaluation of CGWA through two mid-semester surveys and a final course
evaluation outlined several important takeaways for the next iteration. While
the responses demonstrated strong engagement and significant learning gains
in the course’s narrative and scaffolded structure, the feedback also highlighted
key challenges related to pacing, technical clarity, and workload distribution.

5.1 Strengths

Students overwhelmingly reported that they learned “a great deal” from the
course and rated the instruction as very effective or effective. The scrolls
and quests were frequently cited as helpful in building both confidence and
proficiency in shader programming, with over 90% of students indicating that
weekly quests were effective in helping them become proficient in WGSL.
The narrative framing and quest-based structure were well received, with
students noting that the course felt cohesive and thoughtfully designed, par-
ticularly in how the scrolls, quests, and final enchantment built on one another
throughout the semester. Multiple students noted that they were pushed to
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overcome challenges they had ‘never thought [they| could get through’, and
that they were proud of the work they produced, especially in the final en-
chantment.

5.2 Challenges

A recurring theme in student feedback was the high cognitive load and fast
pace of the course. Several students expressed that the workload, particularly
in later 3D content, was intense and suggested that the course might be split
into two parts (2D and 3D) to allow for deeper engagement. Others recom-
mended simplifying or reducing the number of quests or providing more tar-
geted technical instruction on WGSL (shader programming) to reduce ramp-up
time.

Scrolls were effective as learning tools, but some students found them chal-
lenging to interpret without additional guidance or examples. Suggestions
included adding more example code, embedding inline documentation, and
supplementing with optional video walkthroughs. The final enchantment was
widely valued, but its time demands were also flagged. One student estimated
it required over 40 hours of work and suggested spreading it over more weeks
or integrating debugging time more explicitly.

6 Conclusion and Future Directions

CGWA demonstrated that a narrative-driven, shader-first approach can make
computer graphics more accessible, engaging, and creatively rewarding, par-
ticularly for students without prior exposure to advanced mathematics. The
scroll-quest—trial structure sustained motivation, supported conceptual under-
standing, and encouraged students to take ownership of their learning through
open-ended exploration and visual experimentation. While the narrative fram-
ing was most effective during the 2D phase, the underlying structure continued
to support learning even as the content became more complex.

Looking ahead, future offerings will focus on enhancing technical scaffold-
ing, adjusting pacing, and expanding asynchronous support. Scrolls will be
revised to include more guided shader mini-lessons and example-driven expla-
nations, especially for WGSL and projective geometric algebra. The 3D phase
will be modularized to ease the conceptual load and allow for more focused
progression. To better support self-paced learning, additional resources such
as annotated code and concise instructional videos will be developed. The final
enchantment timeline will also be restructured to include phases for planning,
debugging, and peer feedback. Together, these changes aim to preserve the
narrative-driven approach and creative foundations while strengthening the
scaffolding needed for all students to succeed.

96



Acknowledgment

I would like to express my sincere gratitude to the students - Aiden Ren,
Clea Ramos, Jackson Rubiano, Jesse Tomaskovic, Kevin Duong, Luke Snyder,
Nolan Sauers, Ramon Asuncion Batista, TJ Freeman, Titus Weng, and others,
who generously gave their consent for the use of screenshots of their quests
and projects in this paper for demonstration purposes. Your creativity and
openness to share your work have enriched this article, and I am proud to
highlight your contributions.

References

1]

2]

13l

4]

[5]

H. Fink, T. Weber, and M. Wimmer. “Special Section on Eurographics
Education: Teaching a modern graphics pipeline using a shader-based soft-
ware renderer”. In: Comput. Graph. 37.1-2 (Feb. 2013), pp. 12-20. ISSN:
0097-8493. por: 10.1016/j.cag.2012.10.005. URL: https://doi.org/
10.1016/j.cag.2012.10.005.

Caitlin Kelleher, Randy Pausch, and Sara Kiesler. “Storytelling alice mo-
tivates middle school girls to learn computer programming”. In: Proceed-
ings of the SIGCHI Conference on Human Factors in Computing Systems.
CHI ’07. San Jose, California, USA: Association for Computing Machin-
ery, 2007, pp. 1455-1464. 1SBN: 9781595935939. DOI: 10.1145/1240624 .
1240844. URL: https://doi.org/10.1145/1240624.1240844.

Dejan Nikolic and Ching-Kuang Shene. “GraphicsMentor: a tool for learn-
ing graphics fundamentals”. In: Proceedings of the 33rd SIGCSE Techni-
cal Symposium on Computer Science Education. SIGCSE ’02. Cincinnati,
Kentucky: Association for Computing Machinery, 2002, pp. 242—-246. 1SBN:
1581134738. DOIL: 10.1145/563340.563432. URL: https://doi.org/10.
1145/563340.563432.

Jennifer Parham-Mocello et al. “Story Programming: Explaining Com-
puter Science Before Coding”. In: Proceedings of the 50th ACM Techni-
cal Symposium on Computer Science Education. SIGCSE ’19. Minneapo-
lis, MN, USA: Association for Computing Machinery, 2019, pp. 379-385.
ISBN: 9781450358903. DOI: 10 .1145/3287324 . 3287397. URL: https:
//doi.org/10.1145/3287324.3287397.

Michael James Scott and Gheorghita Ghinea. “Integrating fantasy role-
play into the programming lab: exploring the 'projective identity’ hypoth-
esis”. In: Proceeding of the 44th ACM Technical Symposium on Computer
Science Education. SIGCSE ’13. Denver, Colorado, USA: Association for
Computing Machinery, 2013, pp. 119-122. 1sBN: 9781450318686. DOI: 10.

97



[6]

7]

98

1145/2445196 . 2445237. URL: https://doi.org/10.1145/2445196.
2445237.

Lee Sheldon. The Multiplayer Classroom: Designing Coursework as a Game.
1st. Boston, MA, USA: Course Technology Press, 2011. 1SBN: 1435458443.
DOI: 10 .5555/2031502. URL: https://dl.acm.org/doi/10.5555/
2031502.

Jerry O. Talton and Darren Fitzpatrick. “Teaching graphics with the
openGL shading language”. In: Proceedings of the 38th SIGCSE Techni-
cal Symposium on Computer Science Education. SIGCSE ’07. Covington,
Kentucky, USA: Association for Computing Machinery, 2007, pp. 259—
263. 1SBN: 1595933611. DOI: 10.1145/1227310 . 1227402. URL: https:
//doi.org/10.1145/1227310.1227402.



Investigating Student Use of Generative Al In
Programming: A Pilot Study *

Sonal Dekhane! and Priyanshi Dave?
Department of Computer Information Systems
Georgia State University
Atlanta, GA 30303

1 sdekhane@gsu.edu
2pdave4@studen1: .gsu.edu

Abstract

The explosive growth of Generative AI (Gen Al) since the launch of
ChatGPT in November 2022 has impacted how people work, including
students at colleges and universities. This pilot study specifically looks
at students’ use and perceptions of Gen Al tools in an introductory
programming course. The study also looks at the grade distribution in
this course from Spring 2022 - Fall 2024 to investigate if there is any
impact of Gen Al tools on student performance in the course. While
this pilot study uses data from a single course at a specific institution,
its findings are relevant for other institutions as they try to navigate the
quickly evolving landscape of Gen Al tools and their use by students in
academia.

1 Introduction

With the launch of ChatGPT in November 2022, Generative Al (Gen AI)
technology became easily accessible to everyone, and its adoption has seen a
rapid rise since then. Reports published by McKinsey in 2023 and 2024 show
that the adoption of Gen Al technologies was more common for personal use

*Copyright (©)2025 by the Consortium for Computing Sciences in Colleges. Permission to
copy without fee all or part of this material is granted provided that the copies are not made
or distributed for direct commercial advantage, the CCSC copyright notice and the title of
the publication and its date appear, and notice is given that copying is by permission of the
Consortium for Computing Sciences in Colleges. To copy otherwise, or to republish, requires
a fee and/or specific permission.
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than professional use in 2023 [8]. That adoption increased rapidly by 2024
for both personal and professional uses [12]. In higher education, students also
adopted this technology to support their learning. Writing is the most common
use case of Gen Al adopted by students. In computing, the code generation use
case has had a significant impact on teaching and learning. As students started
using ChatGPT to help them with programming assignments, educators had
to figure out how to respond to that adoption [3].

Introduction to Programming, commonly referred to as CS1 in the com-
puting education literature is a gateway course for computing majors. The
successful completion of this critical course is generally required for students
to advance in their computing major and provides them with foundational
knowledge to succeed in this field. At Georgia State University (GSU) Depart-
ment of Computer Information Systems (CIS), all CIS students are required
to pass this gateway course with a B or higher grade within two attempts to
continue as a CIS major. Failure and withdrawal (DFW) rates in this course
have been consistently high throughout the country, with some studies putting
this rate at around 28% - 32% [1],[13]. In the CIS department, while the DFW
rate hovers at an average of around 18%, the true failure rate averages around
41% considering that students need to earn a B or higher grade to continue in
the major. Students generally consider this a challenging course. With Gen
AT’s ability to generate code, it seems obvious that students would try to use
this tool as a resource to help with their education, similar to other tools that
they have used in the past. For example, forums such as Stack Overflow have
been popular among CS1 students [4].

This pilot study aims to investigate the adoption of Gen AI among CS1
students and its impact on the DFW rates in this class, if any. While there
has been significant research on strategies to improve pass rates in CS1, the
literature on the use and impact of Gen Al is relatively sparse. This paper
aims to fill that gap and advance our knowledge on the adoption and impact
of this revolutionary and rapidly evolving technology. While this research is
performed at Georgia State University, its implications are relevant to other
institutions offering similar courses. Understanding students’ perceptions, atti-
tudes, and adoption of Gen Al is important as educators decide how to modify
their teaching, assessments, and maybe even learning outcomes in CS1. This
knowledge can also be a guiding factor in developing custom models specif-
ically designed to help students achieve their learning outcomes in CS1. As
the technology is already being adopted by the industry, this knowledge can
also be helpful in updating the curriculum to integrate Gen Al to help prepare
students for the professional world.

This pilot study seeks answers to the following questions:

e Have the student pass rates in CS1 changed since Gen Al tools were
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introduced?
e How are students using these tools in CS17?7
e For what purpose are students using these tools in CS17

This study attempts to answer the above questions using a mixed methods
approach: combining statistical analysis of pass rates over time with quantita-
tive and qualitative feedback from students on a survey.

2 Background

As Gen Al was introduced and gained popularity in recent years, its use by
students for educational purposes also seems to have gained momentum. Tools
such as GitHub Copilot and ChatGPT assist students in generating code, ex-
plaining concepts, and debugging [11]. In a 2023 research study, Ramazan Yil-
maz and Fatma Gizem Karaoglan Yilmaz randomly divided the students into
experimental and control groups. The control group did not use ChatGPT,
and the experimental group did. They found that the use of ChatGPT in pro-
gramming education increased the computational thinking skills of students,
the self-efficacy of programming, and the motivation for the lesson [14]. So,
the question arises how do different kinds of students use these Gen Al tools?
In a research study that surveyed data from 1448 students who used Gen Al
Tools in Chinese universities, the researchers indicated that students’ critical
thinking, self-directed learning ability, and Al literacy affected the information
quality they extracted from the tools. This study suggested that there exists
a positive feedback loop between students and Gen Al tools. The enhanced
technical and cognitive competencies of the student will improve the informa-
tion quality they extract from Gen Al tools, thus improving their satisfaction
with these tools and maintaining consistent usage [10].

With three out of four people using Al at work [9], students are inclined
to learn to interact with Al to keep up with the job market. This would also
mean that students who are not at par with using Gen Al tools or have min-
imal AI literacy may be at a disadvantage. To mitigate this, researchers have
suggested a holistic framework for institutions to integrate AI in their courses.
This framework aims to empower students, equip educators, and provide a
foundation for institutions to ensure Al integration with academic integrity
[5]. Furthermore, Gen Al can be used as complementary tools for teachers in
the classroom. Asha Rani Borah and S Gupta point out that Gen AI models
are able to distinguish between the learning styles and preferences of individ-
uals. This implication enables students to receive targeted recommendations,
individualized feedback and learning pathways [2].
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Despite the advantages of convenience, relevance to job market demands
and excellent complementary tool for teachers, Gen Al poses severe challenges
for adoption. Researchers at the University of Utrecht found that students in
computing courses relied on Gen Al when learning that programming was not
the main goal but applying programming is [6]. A lot of these students empha-
size the importance of learning without Gen AI. Additionally, students have
also reported that Gen Al has affected their relationship with their teachers.
Students were found to have a relatively low level of trust towards their teach-
ers, because they fear the negative outcomes of using Gen Al tools. These fears
have become a barrier in communication between students and teachers thus
hindering an efficient two-way communication and affecting student-teacher
trust [7]. Overall, there is an environment of enthusiasm and caution regarding
Gen Al adoption throughout higher education. This study aims to contribute
to the limited research on the use and impact of Gen Al tools specifically in
CS1.

3 Methodology

This study looks at two sets of data:

1. Grade distribution in 2022 (before introduction of ChatGPT), 2023 (when
ChatGPT started gaining popularity) and 2024 (as the use of Gen Al
increased in people’s personal and professional lives) to see if the grade

distribution and pass rates in CS1 have changed since the launch of Chat-
GPT.

2. Student responses on a survey inquiring about student use of Gen Al
for educational purposes and specifically in CS1. The goal here is to
understand if and how students use Gen Al to supplement their classroom
learning, specifically in CS1.

The study was approved by GSU’s Institutional Review Board (IRB). The
grade distribution data was obtained from the university’s internal data portal
and did not include any student information. Generally, students taking the
CS1 course in the CIS department are juniors. Before that they are consid-
ered pre-CIS majors and do not have the necessary pre-requisites to take this
course. Hence, the anonymous Qualtrics survey was distributed to all junior
and senior CIS students during Spring 2025. The survey collected quantitative
data via objective questions and qualitative data via open ended questions.
This survey was distributed to students through emails and LinkedIn mes-
sages. Participation was voluntary and did not affect students’ performance in
any class. A total of 53 responses were collected. After cleaning the data to
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account for those who did not provide consent, analysis was conducted on 41
survey responses.

4 Results

4.1 Grade Distribution

This study first looked at the grade distribution in CS1 from Spring 2022 -
Fall 2024 including the summer semesters. The chart below shows the annual
grade distribution. Each year represents the total grades assigned during the
Spring, Summer and Fall semesters of that year. ChatGPT was launched in
November 2022, i.e. towards the end of Fall 2022. The chart below shows a
trend depicting an increase in grades A+, A, A- and B+ from 2023 (Spring
2023, Summer 2023 and Fall 2023) onwards. Correspondingly, there is a steady
decline in lower grades from B- and below. The W grades seem to remain stable
during the entire duration.

CS1 Grade Distribution Spring 2022-Fall2024
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Figure 1: Grade Distribution in CS1 from Spring 2022 - Fall 2024

A longer term monitoring and analysis of this data is certainly warranted
to get a clear picture of the changes in grade distribution. Statistical anal-
ysis of potential factors impacting grades in CS1 would also be necessary to
understand the reasons behind grade changes over the long term.

4.2 Survey Results

Of the 41 students who completed the survey, 56% reported their gender as
Female, 39% as Male and 4.8% chose not to specify their gender. The semesters
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when survey respondents took CS1 ranged from Spring 2023 - Spring 2025.
The distribution is as shown below with Fall 2024, Spring 2025 and Spring
2024 being the most represented semesters:

SEMESTER OF TAKING C51

mFall2023 wFal2024 w3pNE2023 wmSEINEZ02d wSENE2025 w3SUmmer2ozs  mSummer2024

Figure 2: Semester Distribution of Students Completing the Survey

4.2.1 Generative AI Usage
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Figure 3: Gen AI Tools Used

When asked about their Gen Al usage, 58.53% of survey participants re-
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sponded that they used Gen Al tools, 7.31% reported as not using any Gen
AT tools and 34.14% of participants left the question blank. Of those that
answered the question 93% responded Yes to using Gen Al tools. Interestingly
all 14 participants who left the question blank were enrolled in CS1 in Spring
2025, when the survey was conducted. This behavior confirms the challenges
mentioned by other researchers related to Gen Al’s impact on students’ rela-
tionship with their educators, mainly low level of trust and fear of negative
outcomes for using Gen Al tools [7]. Of the 24 students who responded Yes to
using Gen Al tools, ChatGPT was the most popular tool. Also, 1/3rd of the
survey respondents reported using two or more tools.

The students who do not use Gen Al tools for their classes reported that
they decided to refrain from these tools because their instructor told them
not to use them. When looking at the grades achieved by the students who
reported using Gen Al tools in CS1, 83.32% of students earned a B+ or higher
grade in the course.

4.2.2 Purpose, Frequency, Perceived Impact and Dependence

The survey specifically asked the purpose of using Gen Al tools in CS1. Of
the 24 students who responded Yes to using Gen Al tools, two respondents left
this question blank. Responses from the remaining 22 students show several
uses with understanding concepts, explaining error messages and debugging
the code that they wrote as the top uses. Completing assignments was part of
the responses, but was not among the most selected ones.

Purpose of GAl Tool Usage
Corypl eting i gnm ants

Unerstarding concpts

Explaining errer mess ages

Debugging cade | have written

Generating new mde
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Figure 4: Purpose Behind Gen AI Tool Usage

The survey asked students to rate on a scale of 1-10 their frequency of Gen
AT tool usage, its perceived impact on their improved understanding of the
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content and their dependence on Gen Al tools.

1 represented "Not at all"

and 10 represented "A great deal". Following table shows the results of those

questions:
N | Average Rating | Minimum Rating | Maximum Rating
Frequency of Gen Al Tool Usage 21 5.95 3 (4 respondents) | 10 (3 respondents)
Perceived Impact on Understanding | 22 8.05 5 (1 respondent) | 10 (6 respondents)
Dependence on Gen Al Tools 22 4.68 2 (2 respondents) | 10 (1 respondent)

Table 1: Summary of Responses

4.3 Qualitative Feedback from Respondents
4.3.1 Student Attitudes on Gen AI Features

The authors conducted thematic analysis of the open-ended question "What
feature of Gen Al tools do you like the most". The word cloud below represents
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Figure 5: Features Desired in Gen Al Tools

Most responses emphasized how Gen AI helps students understand code,
errors, and concepts more clearly. Responses also consistently mentioned how
Gen Al helps with fixing or making sense of errors. Many respondents appre-
ciated how the tools break down complex logic into digestible steps. Sample
comments include:

e It is nice to breakdown portions of code you are struggling to understand.
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e [ like how you can talk it into teaching what the teacher explained but
more in depth and it’s always stored so you know where you had trouble
later on.

4.3.2 Improvements Desired in Gen AI Tools

When asked about what improvements they would like to see in Gen Al tools,
accuracy and error reduction emerged as the main theme. Students emphasized
wanting correct, reliable, and bug-free code. Responses also indicated respon-
dents’ desire for scaffolded learning and explanations, instead of just answers.
Sample comments include:

e More accuracy.
e Less hallucinations.
e More explanations and walkthroughs.

On a final open-ended comments question, participant responses suggest
that many students use Gen Al tools as educational support, not necessarily
to complete work for them. They also express ethical concerns or fear of losing
learning opportunities when relying too much on AI and perceive Gen AT tools
as more effective at explaining than some traditional materials or instruction.
Lastly, some students approach Gen Al as a backup tutor, turning to it when
traditional resources fail.

5 Discussion and Future Direction

The initial grade distribution analysis shows a rising trend among higher grades
in CS1 since the launch of ChatGPT. However, continued data collection and
analysis are needed to understand if and how this trend continues. The survey
responses indicate that students might be using Gen Al tools to understand
material and get help debugging code and fixing errors. It also indicates aware-
ness among survey respondents about the right way of using Gen Al tools to
support their learning and the ethical issues around the use of these tools. The
findings of this pilot study provide the basis for a larger, multi-institutional
study to understand how prevalent this awareness is and how students are
learning this information.

There are important implications through this study for institutions and
educators. Institutions should make a concerted effort regarding consistent
messaging and policies around the use of Gen Al tools. Such a concerted effort
could help improve trust among students and faculty around the use of Gen
AT tools, currently identified as a challenge in the literature and confirmed in
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this study. This idea of consistent messaging also applies to Gen Al literacy
for all students. Gen Al literacy can ensure that students are industry ready
with Gen Al skills without compromising their learning. As discussed in the
literature review, students who have good critical skills fall into a positive
feedback loop with Gen AI tools to extract useful information. This could
imply that students if not equipped with Gen Al literacy, may not be able
to extract the most useful information, indicating that institutions need to
integrate Gen Al literacy into their curriculum. It will be important to look
at any inequities caused by Gen Al among different groups of students. The
potential for advances in technology to inequitably benefit some groups of
students and not others exists. The impact of Gen Al on computing attainment
of students from under-represented and/or underserved communities needs to
be studied. Lastly, there is also an opportunity to build custom tools that
align with goals that educators have set for their students’ learning, rather
than students using generic tools.

6 Conclusion

This pilot study was conducted to evaluate how the revolutionary Gen Al tech-
nology is affecting students’ performance and perceptions in the Introductory
Programming course, CS1. Initial grade distribution data shows an increase in
A and B grades since the launch of ChatGPT. Quantitative results from the
survey show that the majority of survey respondents use Gen Al tools to sup-
port their learning. Students believe the perceived impact of Gen Al on their
understanding of content is an average of 8.05 on a scale of 1-10. Qualitative
results from the study show a majority of the students are using Gen Al tools to
understand concepts, explain error messages and debug code. Students report
that their favorite feature about Gen Al is its ability to explain. There is a con-
sensus from the data that students want Gen Al tools to hallucinate less and
provide more walkthroughs. Beyond this, students who were enrolled in class
at the time of the survey did not seem to feel comfortable admitting that they
use Gen Al tools for their class, indicating a skepticism of the consequences as
backed by the literature review. It is imminent for institutions to integrate Gen
AT literacy in their curriculum, consider integrating customized Gen Al tools
in their course and evolve traditional assignments to leverage this new tech-
nology, and promote the underlying goals of improving problem-solving and
critical thinking among students in CS1. Gen Al literacy, consistent policies,
and communication along with changes to pedagogy and assessments can also
lead to improved student-faculty trust and academic integrity.
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Abstract

The rapid advancement of large language models (LLMs), such as
GPT-4 and Claude, is transforming the landscape of computer science
(CS) education. This paper presents an initial systematic review (SLR)
of the 30 most recent peer-reviewed ACM publications from 2023 to
2025 to examine the integration of generative AI in CS instruction.
Guided by four research questions, the review investigates how LLMs
are used in teaching, their reliability and accuracy, ethical concerns
raised, and frameworks proposed for responsible use. The findings reveal
diverse applications including Al-driven tutoring, grading automation,
prompt engineering, and curriculum redesign predominantly in introduc-
tory courses. While LLMs show promise in augmenting instruction and
supporting learners, challenges remain in overreliance, assessment valid-
ity, and ethical governance. The review concludes with recommendations
for inclusive, transparent, and pedagogically sound Al integration strate-
gies, and highlights research gaps in long-term impact, advanced course
adoption, and educator support.
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1 Introduction

The emergence of large language models (LLMs) such as GPT-3.5, GPT-4,
and Claude has introduced transformative possibilities in computer science
(CS) education [20]. These tools, built on advancements in generative artifi-
cial intelligence (GenAl), have demonstrated capabilities in code generation,
explanation, debugging, and interactive dialogue. As a result, educators and
researchers have begun rethinking traditional pedagogical approaches to incor-
porate LLMs as instructional aids, tutors, graders, and even ethical discussion
facilitators [20].

While much of the initial discourse around LLMs focused on concerns re-
garding plagiarism and academic integrity [15], the landscape has since broad-
ened. There is now growing recognition that, when used appropriately, LLMs
can augment learning by supporting critical thinking, customizing feedback,
and reducing teaching workloads [30]. However, the rapid pace of technological
evolution presents significant challenges for designing, evaluating, and govern-
ing the use of LLMs in educational contexts. Institutions are grappling with
how to integrate these tools into their curricula while maintaining educational
rigor, inclusivity, and ethical standards [19].

This study conducts a systematic literature review (SLR) to investigate
the current state of LLM adoption in CS education. We examine how these
tools are being used in instructional design, grading automation, and personal-
ized tutoring. We also explore their perceived benefits and limitations, ethical
implications, and proposed frameworks for responsible implementation. Our
review is guided by four core research questions:

e RQ1: How are LLMs and AI tools used in CS education?
e RQ2: How accurate and reliable are these tools in instructional contexts?
e RQ3: What ethical concerns are raised in the literature?
e RQ4: What frameworks or guidelines are proposed for responsible use?

Through a synthesis of most recent 30 peer-reviewed articles published by
Association of Computing Machinery (ACM) ! between 2023 and 2025, this
review provides a detailed account of trends, gaps, and innovations in the
application of LLMs in computer science education in the latest practices.

2 Methodology

This study employs a Systematic Literature Review methodology following
the structured three-stage approach outlined by Brereton et al. [2]: planning,

Thttps://www.acm.org/
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conducting, and reporting. In the planning phase, we formulated four focused
research questions (RQs) and established a comprehensive protocol to guide the
review process. The conducting phase involved systematic literature searching
and the application of explicit inclusion and exclusion criteria to ensure study
quality and relevance. Finally, the reporting phase synthesized findings to
address our research questions, as presented in this paper.

We conducted our literature search exclusively through the ACM Digital
Library. Our search encompassed publications from January 2023 to May 2025,
a timeframe chosen to capture developments following ChatGPT’s public re-
lease, which fundamentally transformed the educational landscape. The search
strategy employed multiple keywords including: “Al in CS education,” “LLM
in CS education,” and “Generative Al in CS education.”

Studies were selected based on the following inclusion criteria:

1. Full papers with a minimum of six pages (excluding references)
2. Peer-reviewed journal or conference publications

3. Written in English

4. Directly focused on computer science education

We excluded workshop posters, short papers, opinion articles, and studies
not centered on CS education contexts.

The initial search yielded 246 research papers, comprising 216 conference
proceedings and 30 journal articles. Two reviewers independently screened
all records using our predefined criteria, with disagreements resolved through
discussion. Records deemed potentially relevant underwent full-text assessment
for relevance, methodological clarity, and reported outcomes. This two-stage
screening process resulted in a final corpus of 94 studies (13 journal articles
and 82 conference proceedings) selected for in-depth analysis.

During the analysis phase, we tracked emerging themes aligned with our
research questions. After approximately 30 reviews, thematic saturation was
achieved as no new themes emerged. The remaining studies were used to
confirm and refine existing thematic categories, with 30 studies directly cited
in this paper’s findings and discussion sections.

3 Results

Following systematic literature review guidelines [2], this study synthesizes
trends across the selected publications rather than conducting empirical ex-
periments. For each publication, we extracted key information including study
design, educational context, reported accuracy, ethical considerations, and any
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proposed frameworks or guidelines. Table 1 presents a summary of represen-
tative papers identified in our review. These works represent diverse research
methodologies, target populations (students, instructors, TAs), educational
levels (CS1, CS2, graduate), and implementation goals (instruction, ethics,
grading, tutoring). However, we organised our reviwed paper as per our four
research questions.

Table 1: Comprehensive Summary of Papers on LLM Use in CS Education

References | Focus Key Contributions Related
Area RQs

[1, 5, 7, 8, | Al integra- | Curriculum design, automated | RQI,
9, 10, 11, 13, | tion grading, Al tutoring, HCI educa- | RQ2
14, 17, 18, tion, validates response accuracy,
20, 24, 25, student feedback on interaction
26, 30, 31] quality, prompt engineering and

code accuracy
[5, 8, 10, 14, | Accuracy Positive experiences with im- | RQ2,
16, 17, 20, | and stu- | proving accuracy, cost effective- | RQ3
22, 23, 24, | dent ness
28, 31| perception
[3, 4, 6, 12, | Ethics Discuss impacts, threats, over- | RQ3
16, 17, 18, | Awareness | reliance and ethical concerns and
20, 21, 22, awarness
23, 27, 29]
[6, 7, 9, 12, | Framework | Redesigned curriculum focus- | RQ4
13, 18, 20, ing on inclusivity, prompt en-
21, 29] gineering etc, ethics module

for CS/non-CS majors,policy re-

views, integration strategies

RQ1: How are LLMs and Al tools used in CS education?
Numerous studies explore the integration of LLMs in computer science educa-
tion. For instance, researchers in [7] present curriculum designs that incorpo-
rate prompt engineering and emphasize ethical Al usage. Al-powered tutors
specifically developed for introductory CS courses (CS1) are discussed in [14]
and [5], while researchers in [30] examine the role of LLMs in grading support.
Additionally, authors in [31] evaluate an interactive prompting system (iGPT)
aimed at enhancing programming performance.

According to Yeh et al. (2025) [31] and Abolnejadian et al. (2024) [1], Over
80% of the reviewed studies focus on undergraduate CS1 and CS2 courses.
Common applications include feedback generation, code explanation, assign-
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ment scaffolding, and project support. The tools examined most frequently
are GPT-3.5, GPT-4, and GitHub Copilot [17, 26]. A few papers, such as
Vadaparty et al. (2024) [26], investigate curriculum-wide redesigns that embed
LLMs as central instructional tools. Beyond programming, LLMs have also
been explored in contexts such as ethics education [4].

RQ2: How accurate and reliable are these tools in instructional

contexts?
The accuracy and reliability of LLMs in educational settings are addressed
across several studies. For example, researchers in [14] evaluates the correct-
ness of LLM-generated tutor responses by validating them against course mate-
rials, while researchers in [30] compare Al-generated feedback with instructors’
expectations to assess alignment with pedagogical goals. The study by [31]
demonstrates that interactive prompting significantly enhances student out-
comes by fostering engagement and guidance. Similarly, the research by [23]
analyzes student perceptions of LLM support, revealing both the perceived
benefits and noted limitations of these tools.

Majority of the reviewed articles report that LLMs perform consistently
well on straightforward tasks, particularly in routine code generation and syn-
tax correction scenarios [25]. However, their performance declines in tasks
requiring higher-order cognitive skills such as abstraction, debugging, or cre-
ative problem-solving [10]. To address these challenges, some studies have im-
plemented retrieval-augmented generation (RAG) systems that ground model
responses in course-specific materials, showing promising improvements in con-
textual accuracy [28]. Additionally, interactive mechanisms continue to demon-
strate positive impacts on learning outcomes [31].

Despite these advances, several limitations persist. Many models remain
highly sensitive to prompt phrasing, often exhibiting brittle behavior when
prompts are slightly altered. Moreover, hallucinated responses where LLMs
produce plausible but factually incorrect information remain a significant con-
cern, as highlighted in [18]. These issues underline the need for further refine-
ment to ensure dependable integration of LLMs in instructional contexts.

RQ3: What ethical concerns are raised in the literature?

A range of ethical concerns including overreliance on Al, academic integrity
violations, and the spread of misinformation are examined across several stud-
ies. For instance, researchers in [4] explores ethical implications from both
educator and student perspectives, while other works [21, 20, 13| highlight the
need for integrating ethics into the curriculum and address risks associated
with Al-generated content.

Some of our reviewed studies explicitly identify ethical hazards in their find-
ings. Common issues include plagiarism, excessive dependence on LLMs, and
biased outputs rooted in the models’ training data [16]. Faculty members often
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express concerns regarding detection of misconduct, enforcement of academic
policies, and equitable access to Al tools. On the other hand, students may
exhibit unwarranted trust in Al-generated responses, potentially overlooking
errors or biases [10]. These concerns are further intensified by inconsistent insti-
tutional policies and disparities in tool accessibility, underscoring the need for
thoughtful, context-sensitive integration of LLMs in educational environments.

RQ4: What frameworks or guidelines are proposed for responsi-

ble use?
Several studies propose structured approaches to support the responsible inte-
gration of LLMs and Al tools in computer science education. For instance, [7]
outline curriculum-based frameworks that emphasize principles such as prompt
engineering, transparency, and critical reflection. [21] introduces a SWOT-
based (Strengths, Weaknesses, Opportunities, Threats) framework to help ed-
ucators and institutions assess the implications of adopting Al in academic set-
tings. Furthermore, [4] applies global ethical standards—such as UNESCO’s
framework—to promote interdisciplinary and responsible use of LLMs in edu-
cational contexts.

Despite these efforts, few studies provide fully developed or widely adopted
frameworks. According to Raihan et al. [20], most existing guidelines are frag-
mented, locally developed, and still evolving. Some researchers, such as Abol-
nejadian et al. [1], recommend structured, prompt-based instruction to scaffold
responsible use. Others, including Deb et al. [4], advocate for embedding ethi-
cal reasoning directly into technical coursework. Rather than endorsing blanket
bans on Al tools, these studies emphasize fostering critical thinking, promoting
transparency, and encouraging metacognitive engagement. A recent contribu-
tion by further underscores the importance of adaptive frameworks that evolve
alongside technological and pedagogical advancements.

In summary, our analysis reveals that majority of the studies focus on un-
dergraduate programming courses, particularly CS1. Most of the reviewed lit-
erature finds that LLMs are effective for basic code generation tasks but strug-
gle with complex, multi-step, or abstract prompts. Ethical concerns—such
as bias, over-reliance, and plagiarism—are explicitly addressed in the stud-
ies. While many papers emphasize general principles such as promoting Al
literacy and encouraging critical thinking, researchers also propose concrete
instructional frameworks or implementation guidelines.

4 Discussion

4.1 Key Findings and Implications

Our systematic literature review reveals a rapidly evolving landscape of Al inte-
gration in computer science education, with significant opportunities alongside
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notable challenges. The concentration of research on undergraduate program-
ming courses, particularly CS1 and CS2 [31, 1], reflects both the accessibility
of these contexts for initial experimentation and the fundamental importance
of introductory programming education in shaping students’ computational
thinking skills.

4.2 The Promise and Limitations of Current AI Integration

The finding that 65% of studies report consistent LLM performance on straight-
forward tasks, while noting degraded performance on higher-order cognitive
challenges [25, 10], highlights a critical tension in Al-assisted education. This
pattern suggests that current LLM implementations excel as sophisticated code
completion and syntax assistance tools but fall short of supporting the deep
conceptual understanding and creative problem-solving skills that define ex-
pert programmers. The reliance on tools like GPT-3.5, GPT-4, and GitHub
Copilot across the majority of studies [17, 26] indicates a convergence around
commercially available platforms, potentially limiting the diversity of pedagog-
ical approaches and creating dependencies on proprietary systems.

The success of retrieval-augmented generation (RAG) systems in improv-
ing contextual accuracy [28] points toward a promising direction for future
development. By grounding Al responses in course-specific materials, these
approaches address one of the fundamental challenges of generic LLMs: their
tendency to provide technically correct but pedagogically inappropriate re-
sponses. However, the persistent issues with prompt sensitivity and hallu-
cinated responses [18] underscore the need for more robust safeguards and
instructor oversight.

4.3 Ethical Considerations and Institutional Challenges

The identification of ethical concerns in the reviewed studies reveals a signif-
icant gap between awareness and systematic attention to these issues. The
prevalence of concerns about plagiarism, over-dependence, and biased out-
puts [16, 10] suggests that the integration of AI tools is outpacing the de-
velopment of appropriate ethical frameworks and detection mechanisms. The
disparity between faculty concerns about academic integrity enforcement and
student tendencies toward uncritical trust in Al-generated content highlights
a fundamental misalignment that requires targeted intervention.

The inconsistent institutional policies and disparities in tool accessibility
mentioned across studies point to broader equity concerns. As Al tools become
increasingly central to programming practice, unequal access could exacerbate
existing disparities in computer science education. This suggests that success-
ful Al integration requires not only technical solutions but also institutional
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commitment to equitable access and comprehensive policy development.

4.4 The Framework Gap and Implementation Challenges

Perhaps most concerning is the finding that studies propose concrete instruc-
tional frameworks, despite widespread recognition of the need for structured
approaches to Al integration [1, 4]. This gap between identifying challenges and
providing actionable solutions suggests that the field is still in an exploratory
phase, struggling to translate experimental findings into scalable pedagogical
practices.

The fragmented nature of existing guidelines, as noted by Raihan et al. [20],
reflects the rapid pace of technological change and the diversity of educational
contexts. However, this fragmentation also indicates a need for more collab-
orative, systematic approaches to framework development. The emphasis on
principles like transparency, critical thinking, and metacognitive engagement
across multiple studies [7, 21] suggests emerging consensus around core values,
even if specific implementation strategies remain diverse.

4.5 Implications for Educational Practice

The dominance of undergraduate-focused research, while providing valuable in-
sights into foundational programming education, leaves significant gaps in our
understanding of Al’s role in advanced computer science topics and graduate-
level instruction. The limited exploration of applications beyond programming,
such as the few studies examining ethics education [4], suggests untapped po-
tential for Al integration across the broader CS curriculum.

The interactive prompting successes demonstrated in several studies [31,
14] highlight the importance of designing AI tools as collaborative partners
rather than replacement systems. This finding aligns with broader educa-
tional research on the value of scaffolded learning and suggests that effective
Al integration requires careful attention to the balance between assistance and
independence in student learning.

4.6 Future Research Directions

Our analysis reveals several critical areas requiring further investigation. First,
longitudinal studies examining the long-term impact of Al tool usage on pro-
gramming skill development are notably absent from the current literature.
Understanding whether early exposure to Al assistance enhances or dimin-
ishes students’ fundamental programming capabilities is crucial for informed
pedagogical decision-making.
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Second, the limited attention to advanced CS topics and graduate-level
education represents a significant research gap. As Al tools become more
sophisticated, their potential applications in areas such as algorithm design,
systems programming, and theoretical computer science warrant systematic
investigation.

Third, the development of robust, empirically-validated frameworks for re-
sponsible Al integration remains an urgent priority. The current emphasis
on general principles, while valuable, needs to be complemented by specific,
actionable guidelines that can be adapted across diverse institutional contexts.

4.7 Limitations and Considerations

The rapid evolution of Al technology presents inherent challenges for litera-
ture reviews in this domain. Many of the tools and capabilities examined in
the reviewed studies may already be superseded by more advanced systems,
highlighting the need for ongoing research that can keep pace with technological
development.

Additionally, the concentration of research in certain geographic regions and
institutional types may limit the generalizability of findings. The effectiveness
of AI integration strategies likely varies significantly across different cultural,
linguistic, and resource contexts, suggesting the need for more diverse research
perspectives.

5 Conclusion

This initial literature review of 30 ACM publications (2023-2025) reveals how
large language models are reshaping computer science education. Our analysis
demonstrates concentrated adoption in undergraduate programming courses
[31], where LLMs show consistent performance on basic tasks but struggle
with complex problem-solving [10]. While ethical concerns about plagiarism
and over-dependence appear some studies [16], some also propose concrete
implementation frameworks [1], indicating a critical gap between recognition
of challenges and actionable solutions.

Key findings reveal that current Al tools excel as code completion aids but
require significant development for deeper educational applications. The suc-
cess of interactive prompting approaches [31] suggests designing Al as collabo-
rative learning partners offers the most promising direction, though persistent
issues with accuracy and bias demand continued oversight.

Future research must address three critical priorities: longitudinal studies
on learning outcomes, exploration of Al in advanced CS domains, and devel-
opment of robust implementation frameworks. The field requires sustained
collaboration between educators, researchers, and technologists to realize Al’s
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transformative potential while preserving the human elements essential to ef-
fective computer science education.
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Abstract

While text and images are at the forefront of generative artificial in-
telligence, one of the most common forms of data is less represented.
Organized into rows and columns, tabular data is used in a multitude
of applications such as medical trials and credit scoring. However, the
heterogeneity of data types and other challenges have made it difficult to
model and generate realistic tabular data. This work aims to provide a
comprehensive framework for analyzing generative tabular models. This
work evaluates several recent generative models in terms of the statisti-
cal quality and machine learning efficacy of synthetic data. Statistical
quality, or the “realness” of the data, falls into two groups: intra-feature
and inter-feature quality. Intra-feature quality refers to how well each in-
dividual feature is modeled and can be quantified using statistical tests,
namely the Kolmogorov-Smirnov (KS) test. Inter-feature quality mea-
sures how well the synthetic data captures dependencies between fea-
tures. To measure the inter-feature quality of a synthetic dataset, this
work proposes a novel metric: the normalized Pairwise Correlation Dif-
ference (nPCD). This work also evaluates the utility of synthetic data
in terms of its machine learning efficacy. Following a train-on-synthetic-
data, test-on-real-data protocol, this work analyzes the downstream ca-
pabilities of synthetic tabular data.
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1 Introduction

Machine learning (ML) is increasingly utilized in real-world applications such
as healthcare and finance. To build and deploy accurate ML models, these
applications need large datasets to train predictive models. However, access to
high-quality data is often restricted due to privacy concerns, data scarcity, or
the cost of annotating unlabeled data.

Generative artificial intelligence (GenAl) refers to the use of machine learn-
ing models to create new and synthetic observations, with applications in data
augmentation and differential privacy. Although GenAI has achieved remark-
able success in generating text and images, modeling tabular data remains a
challenge [13]. Tabular data refers to structured datasets organized in rows
and columns, where each row represents an individual record and each column
corresponds to a distinct feature or variable. Unlike data types such as images
and text, which may be represented as an array of pixels or tokens, tabular
data typically contains a mix of continuous and categorical features. In ad-
dition, while the quality of synthetic text or images can be assessed through
human evaluation or standardized benchmarks, evaluating the quality of syn-
thetic tabular data is not easily accomplished by human evaluation and is less
researched. This paper proposes a comprehensive framework for assessing the
quality of synthetic tabular data created by various GenAl models.

This framework assesses the quality of synthetic tabular data across multi-
ple dimensions, including utility, variability, and statistical quality. Evaluation
with eight benchmark datasets target three research questions:

e RQ1 How does the statistical quality of synthetic tabular data vary
among different generative models? In particular, this paper examines
the success of models across multiple types of statistical quality.

¢ RQ2 To what extent does the use of synthetic tabular data influence
machine learning efficacy?

o RQ3 What characteristics of generative model architecture contribute to
the production of high-quality synthetic tabular data?

In the next section, this paper summarizes recent GenAl models to create,
and metrics to assess, synthetic tabular data. In Section 3, this paper outlines
the framework and methodology, including a description of the benchmark
datasets chosen, followed by a review of the experiments in Section 4. This
paper concludes in Section 5 and offers some insight into the utility of synthetic
tabular data.
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2 Related Work

Unlike images or text, tabular data presents unique challenges for generative
modeling due to its heterogeneous structure [13]. Each row in a tabular dataset
represents a distinct observation, while columns may include continuous or
categorical features. These complexities hinder the application of techniques
developed for image or text generation, where data types are typically homo-
geneous and spatially structured.

To address these challenges, researchers have developed specialized GenAl
models for tabular data. This work will investigate models that incorporate
the generative adversarial network (GAN), variational autoencoder (VAE), and
diffusion model frameworks. While some recent work is beginning to explore
large language models (LLMSs) for tabular data generation [5], these approaches
are beyond the current scope.

2.1 GAN-based Models

The deep-generative GAN-based models reviewed in this work include CTAB-
GAN, CTGAN, and TableGAN. TableGAN, one of the first deep learning mod-
els attempting to generate synthetic tabular data for differential privacy, intro-
duces a classifier neural network and a convolutional neural network to generate
synthetic tabular data [11]. The classifier neural network preserves the seman-
tics of the dataset; e.g., a generated sample with age 5 and occupation "doctor"
would be corrected [11]. A conditional tabular GAN (CTGAN) addresses sev-
eral challenges of tabular data, including multi-modal distributions in continu-
ous columns and imbalanced categorical columns [15]. To generate more real-
istic data, CTGAN utilizes a variational Gaussian model for multimodal con-
tinuous distributions and a “training-by-sampling” methodology for categorical
imbalance columns [15]. Another conditional tabular GAN (CTAB-GAN) has
similar features to both TableGAN and CTGAN. Like TableGAN, CTAB-GAN
utilizes a classifier to preserve the semantics of the dataset [17]. In addition
to employing a condition-based architecture like CTGAN, CTAB-GAN also
utilizes the “training-by-sampling” methodology [17]. However, CTAB-GAN
emphasizes the statistical quality of the generated data while training, focus-
ing on maintaining similar statistical measures for the generated compared to
the real data [17].

2.2 VAE-based Models

The variational autoencoder (VAE) counterpart of CTGAN, the tabular varia-
tional autoencoder (TVAE), uses the same approach with a VAE architecture
[15]. However, the authors report that the TVAE model outperforms the CT-
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GAN model across several datasets [15]. A recent method, TabSyn, combines
the VAE and diffusion model architectures [16]. TabSyn utilizes a transformer-
based encoder and decoder to deal with the challenges of tabular data, while
using a diffusion model to learn the latent embeddings and generate realistic
tabular data [16].

2.3 Synthetic Data Evaluation

Existing approaches to generative models for tabular data differ significantly
in their choice of datasets and evaluation metrics. TableGAN focuses on the
privacy of synthetic data, using distance-based metrics and graphical compar-
isons of cumulative distributions across four datasets [11]. In contrast, CTGAN
and TVAE are evaluated using likelihood-based fitness and machine learning
efficacy (MLE), reporting Area Under the Curve (AUC) scores across eight
real datasets [15]. However, the evaluation of CTGAN and TVAE emphasizes
predictive performance over statistical similarity.

The more recent models, CTAB-GAN and TabSyn, introduce more rigorous
and comprehensive evaluation metrics. The evaluation of CTAB-GAN assesses
not only ML utility (how useful synthetic data is for downstream machine
learning tasks) across five datasets, but also compares synthetic to real data
based on statistical similarity using Jensen-Shannon divergence, Wasserstein
distance, and correlation differences [17]. To evaluate the TabSyn models, the
authors evaluate synthetic data using the Kolmogorov-Smirnov test for nu-
meric columns, total variation distance for categorical columns, and pairwise
correlation errors [16]. The paper also incorporates MLE through AUC-based
comparisons. These variations highlight the absence of a unified evaluation
standard, motivating the need for a comprehensive framework that systemati-
cally measures both statistical fidelity and machine learning utility.

One recent paper introduces a new metric to describe the statistical qual-
ity of synthetic tabular data for medical data [6]. The pairwise correlation
difference (PCD) measures how well the synthetic data incorporates similar
dependencies between features as the original data. A synthetic dataset that
captures the correlation between features well will have a lower PCD. However,
PCD is unlike other statistical metrics and is difficult to interpret because it is
not bounded, making it challenging to compare across datasets with different
dimensionalities or to determine whether a given value represents good or poor
performance. In Section 3 this work will describe a normalized PCD to address
this challenge.

Machine learning efficacy is the primary utility metric for evaluating the
utility of synthetic tabular data [4]. By implementing a train-on-synthetic-
data, test-on-real-data protocol, the performance of a classifier should reflect
the generative model’s ability to preserve the validity of the synthetic data [4].
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In the following sections, this project describes the approach to evaluating
synthetic data and discusses how these techniques capture various aspects of
data quality and usefulness.

3 Methodology

This work aims to provide a framework for a comprehensive analysis of gener-
ative tabular models. The framework is designed to assess two critical dimen-
sions of data quality: statistical quality and utility. Statistical quality captures
how well the synthetic data preserves the underlying distributional properties
and relationships found in the original dataset. This includes intra-feature
quality, which evaluates the similarity of individual feature distributions, and
inter-feature quality, which measures how well dependencies between features
are maintained. In contrast, machine learning efficacy focuses on the practical
utility of the synthetic data by measuring the performance of classifiers trained
on synthetic data and tested on real data. Together, these two perspectives
provide a robust and holistic evaluation of synthetic data quality. The hier-
archy of the framework for evaluating tabular synthetic data can be seen in
figure 1.

Synthetic Tabular Data
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[ Quality of
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Figure 1: Hierarchy for assessing the quality of synthetic tabular data.
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(a) Real (b) Synthetic 1 (¢) Synthetic 2

Figure 2: The normalized pairwise correlation difference (nPCD) measures how
well a synthetic dataset matches a real dataset. The correlation matrix for the
real dataset (a) is less similar to the first synthetic dataset (b), corresponding
to an nPCD of 0.199, while it is more similar to the second synthetic dataset
(¢), with an nPCD of 0.066 (lower is more similar).

3.1 Inter-feature Quality

Inter-feature quality refers to how well the synthetic data captures dependen-
cies between features. While the pairwise correlation difference (PCD) provides
a single metric to evaluate the inter-feature quality of the dataset, the interpre-
tation of PCD can be difficult. Adapting the PCD [6], this work proposes the
normalized pairwise correlation difference (nPCD), more in line with standard
statistical metrics. An nPCD of zero implies that the partial dependencies
between features are perfectly captured, while a higher nPCD suggests that a
generative model is less capable of capturing dependencies between features.
This project defines the nPCD between a real data matrix, X,ca, and a syn-
thetic data matrix, Xgyy,, as:

o ||Crea1 - CsynHF
nPCD(X;cal, Xeyn) = T ovmZon .

Here Cieal and Cgyy refer to the matrices of Pearson correlation coefficients
for each dataset, |||, refers to the Frobenius Norm, and n is the number
of features in a dataset. Note that the upper bound of the Frobenius Norm
between two correlation matrices is 24/n2 — n, which implies that the nPCD
is in the range [0,1]. Figure 2 shows three example correlation matrices; the
first is less similar to the second (nPCD of 0.199) than to the third (nPCD of
0.066).
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3.2 Intra-feature Quality

Intra-feature quality refers to how well a generative model preserves the distri-
bution of individual features in the dataset. This metric evaluates each feature
independently, comparing the synthetic and real data to determine whether
they exhibit similar distributions. For each feature, the Kolmogorov-Smirnov
(KS) test is used. The KS test is a non-parametric test that compares distri-
butions, determining if two samples are the same. A high p-value (« > 0.05)
indicates that the synthetic distribution is indistinguishable from its real coun-
terpart. In this work, intra-feature quality is reported as the proportion of
features (both continuous and discrete) that are not significantly different from
the real data. While future work could explore additional metrics, such as to-
tal variation distance for discrete features, this project focuses on developing
a holistic and unified framework for evaluating the overall quality of synthetic
tabular data.

3.3 Data Utility

As in prior work, machine learning efficacy (MLE) will be used to evaluate
the utility of synthetic tabular data. MLE measures how well synthetic data
supports downstream predictive tasks by training a classifier on synthetic data
and testing it on real data. Performance is measured using two widely used
metrics: Fl-score, which balances precision and recall, and accuracy, which
reflects the proportion of correct predictions. Together, these metrics provide
a practical indication of the usability of synthetic data for machine learning
tasks. Higher values for Fl-score and accuracy indicate that the synthetic
data retains predictive structure similar to the real dataset. By comparing
these metrics across datasets and generative models, this evaluation highlights
which models produce synthetic data that is not only statistically similar but
also effective for real-world classification tasks.

3.4 Data

To evaluate the performance of generative models across a variety of conditions,
this study uses eight publicly available benchmark datasets spanning different
domains, data types, and complexities. These datasets, shown in Table 1, vary
widely in size (ranging from 208 to 1,728 observations), number of features (4
to 61), and composition of discrete versus continuous variables. This diver-
sity allows for a robust assessment of how well each generative model handles
different types of tabular structures and feature distributions. Importantly,
all datasets require minimal preprocessing, which ensures consistency across
experiments and avoids introducing variation due to imputation or encoding.
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Dataset N  Features Discrete Continuous

Wisconsin Breast Cancer [14] 569 31 1 30
Pima Diabetes [9] 768 9 2 7
Heart Disease [10] 1,025 15 8 7
Sonar [7] 208 61 1 60
Ionosphere [12] 351 35 1 34
Haberman’s Survival [8] 306 4 1 3
Vertebral Column [1] 310 7 1 6
Car Evaluation [2] 1,728 7 7 0
Table 1: Overview of datasets and their characteristics.
Model Breast Diabetes Heart Sonar Ionosphere Haberman’s Vertebral Car
Cancer Disease
CTGAN 0.170 0.102 0.059 0.159 0.120 0.147 0.138 0.048
TVAE 0.076 0.048 0.054 0.085 0.072 0.122 0.039 0.034
TabSyn 0.066 0.047 0.038 0.101 0.094 0.041 0.052 0.032
CTAB-GAN  0.124 0.070 0.044 0.107 0.085 0.100 0.054 0.057
TableGAN 0.199 0.148 0.150 0.201 - 0.212 0.158 0.079

Table 2: Inter-feature quality of each model across datasets in terms of nPCD
(lower is better). Note that the TableGAN model failed to converge for the
Tonosphere dataset so no result is available.

4 Results and Discussion

This section presents results from applying the proposed evaluation framework
to eight benchmark datasets and five generative models. For each dataset, each
of the generative model types is trained to generate synthetic data, which is
then evaluated with the proposed framework. Findings are organized around
the three research questions (RQ1-RQ3) proposed in Section 1.

4.1 RQ1I1: Statistical Quality of Synthetic Data

Inter-feature quality is measured using the normalized pairwise correlation dif-
ference (nPCD) (Section 3.1), where lower values indicate stronger preservation
of feature relationships. As shown in Table 2, TabSyn and TVAE consistently
achieve the lowest nPCD scores across most datasets, indicating superior per-
formance in capturing inter-feature dependencies. Along with the CTAB-GAN
model, the TabSyn and TVAE models perform the most consistently, having
the lowest variation in scores. CTGAN and TableGAN perform poorly in this
regard, especially on datasets with more continuous features.

This project assesses Intra-feature quality using the Kolmogorov-Smirnov
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Model Breast Diabetes Heart Sonar Ionosphere Haberman’s Vertebral Car

Cancer Disease
CTGAN 0.064 0.444 0.428 0.344 0.085 0.500 0.428 0.428
TVAE 0.741 0.444 0.571 0.639 0.771 0.500 0.714 0.857
TabSYN 0.677 0.444 0.500 0.770 0.114 1.000 1.000 0.714
CTAB-GAN  0.354 0.555 0.714 0.770 0.542 0.750 0.571 0.285
TableGAN 0.064 0.111 0.357 0.147 0.200 0.500 0.571 0.428

Table 3: Intra-feature quality of synthetic data generated by each model for
each dataset in terms of the proportion of the features that are not significantly
different from the original data (higher is better).

test across features, reporting the proportion of features with distributions not
significantly different from the original data. The results, shown in Table 3,
indicate that TabSyn, TVAE, and CTAB-GAN consistently achieve the highest
proportions of statistically similar characteristics across the datasets. TabSyn,
in particular, performs strongly on datasets such as Haberman’s and Vertebral
Column, where the dimensionality is lowest. In contrast, CTGAN and Table-
GAN frequently demonstrate a lower alignment with real data, particularly on
datasets with predominantly continuous variables.

4.2 RQ2: Machine Learning Efficacy

Machine learning efficacy (MLE) evaluates the practical utility of synthetic
data by measuring how well models trained on synthetic data generalize to
real-world tasks. For each combination of dataset and generative model, this
work generates a synthetic dataset and uses it to train a separate classifier.
Each classifier is evaluated in terms of Fl-score and accuracy on a held-out
testing set of real data that was not previously used. These metrics can then
be compared to the performance of a classifier that was trained on real data.
In the experiments, this project tried several classifiers with little difference
among them; the results below are based on the XGBoost classifier [3].

As shown in Figure 3, the Fl-scores and accuracy metrics vary considerably
across both datasets and generative models. TabSyn, CTAB-GAN, and TVAE
consistently deliver stronger downstream performance. Notably, TabSyn was
able to demonstrate neutral (no difference in accuracy) or improved (positive
difference in accuracy) performance across five datasets. Furthermore, TabSyn
was able to achieve over an 11% increase in accuracy when tested on the Sonar
dataset. Among the top-performing models, TabSyn resulted in an average ac-
curacy drop of only 1.2%, while CTAB-GAN and TVAE saw modest decreases
of 3.3% and 2.2%, respectively. This indicates that these models are better
able to preserve predictive structure when generating synthetic tabular data.
In contrast, TableGAN and CTGAN frequently underperform.
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Figure 3: Each model (x-axis) generates synthetic data that is used to train a
classifier. Classifier performance is compared to a classifier trained with real
data (y-axis) in terms of Fl-score (a) and accuracy (b). (Higher is better.)

4.3 RQ3: Characteristics of Architecture

Based on the results, which includes both statistical quality and machine learn-
ing efficacy, the top-performing models are CTAB-GAN, TVAE, and TabSyn.
Compared to the two underperforming GAN-based models, TableGAN and
CTGAN, the top-performing models incorporate mechanisms that explicitly
condition on, reconstruct, or directly model the real data distribution dur-
ing generation, allowing them to retain meaningful structure and dependencies
from the original dataset. Both the variational autoencoder models directly
attempt to reconstruct real data, while CTAB-GAN is aware of the statistics
of the real data while training.

5 Conclusion

This study presents a comprehensive framework for evaluating the quality of
synthetic tabular data, addressing both statistical quality and downstream util-
ity. Through experiments across eight diverse datasets, the results demonstrate
that generative models such as CTAB-GAN, TVAE, and TabSyn consistently
outperform other approaches by better preserving feature distributions and
inter-feature relationships, while maintaining strong machine learning efficacy.
As synthetic data becomes increasingly important for machine learning, this
framework offers a standardized approach for future evaluations and compar-
isons of generative models.
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Abstract

Generative Artificial Intelligence (AI) models have advantages across
diverse areas, however, they are also prone to producing biased results,
raising critical ethical concerns. In this study, we explore the biased re-
sults from several generative Al models that estimate expected salaries
for different hypothetical intersectional identities with computer science
degrees. Our findings show that while the predicted expected salaries var-
ied across models, they all shared similar biased patterns where women
and underrepresented groups are shown to expect lower salaries com-
pared to others. Additionally, all models demonstrated self-awareness of
bias in their outputs by often recognizing and admitting it, however, this
recognition alone is insufficient for the practical applicability of reliable
AT systems. This bias in generative AI models may even amplify existing
disparities in STEM education and careers for underrepresented groups.
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1 Introduction:

In recent years, a significant advancement has been made in the development
of generative artificial intelligence (AI) powered by the deep learning of large
language models (LLM) [5][19][22][26]. A number of generative Al models
have shown the ability to render useful information with precision, opening
a promising avenue for Al assistants in both personal and professional use.
Thus, these generative Al models have been used for multiple purposes, start-
ing from decision-making [1][12] to medical applications [24][27][4]. However,
trained on biased data sources, the generative Al models are susceptible to
inheriting noteworthy racial and gender bias as found in recent studies in-
cluding news generation bias [6], cultural bias [23][18], and social bias [9][3].
Multiple methods have been developed to mitigate the bias generated by those
large language models [15][7], resulting in the updates in generative AI models
addressing these ethical concerns. However, the intersectional bias in STEM
education, in particular, study and career in computer science (CS) is yet an
unexplored avenue.

In this study, we systematically analyze the outputs of multiple generative
AT models to identify and explore intersectional bias related to Computer Sci-
ence (CS) careers, which serves as the first crucial step in debiasing the model.
In particular, we prompt nine different generative AT models (ChatGPT 4o [10],
ChatGPT 4.1 mini [20], DeepSeek [11], GROK and GROK w/o web search [§],
Claude AI [2], Meta AI [16], Perplexity AI [21], and Mistral Al [17]) to predict
expected salary of hypothetical 10 different intersectional (race-gender) identi-
ties (White male, White female, Black male, Black female, Asian male, Asian
female, Native Hawaiian male, Native Hawaiian female, Native American male,
and Native American female) holding the same CS degree. Then we ask the
generative Al models a follow-up question about identifying patterns in their
own output, finding reasons behind it and asking if their outputs are fair or
not. Our study resulted in multiple interesting findings: First, the expected
salaries predicted by different generative AI models differ significantly, indicat-
ing the variation in the data sources they rely on or their prediction pipeline.
Second, despite being different in estimated salary figures, all the generative Al
models have shown a common trend: they estimate significantly lower salaries
for underrepresented groups (hypothetical identities) compared to others, and
noticeably lower salaries for women across all races compared to men. Third, in
response to a follow-up question, the models could recognize the discriminative
patterns in their own output, provided reasoning behind those patterns, and,
in most cases, admitted the unfairness in their original salary prediction.
However, they could not proactively revise their original response based on
their awareness of bias.

The collective biased response produced by generative AI models found in
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Table 1: List of 9 generative Al models used in our study.

Name Specification Web API

ChatGPT 4o GPT 4o https://chatgpt.com/
ChatGPT 4.1 mini | GPT 4.1 mini https://chatgpt.com/
DeepSeek V3 https:// chat.deepseek.com
GROK Default https://grok.com/

GROK w/o web search https://grok.com/

Claude Al Anthropic’s Claude 4 | https://claude.ai

Meta Al Llama 4 https://meta.ai

Perplexity Al Default https:/ /perplexity.ai
Mistral AL Le Chat https://chat.mistral.ai/chat

our study raises substantial ethical concerns. The bias in generative AI models
potentially possesses several side effects such as decreasing the enrollment of
women and underrepresented groups for CS degrees; dissuading women and
underrepresented groups from building careers in related areas; and affecting
hiring decisions resulting in ethical and legal issues. To address this issue, we
discussed our ongoing research exploring the real-life impacts of bias produced
by generative Al models and developing effective methods for mitigating this
bias.

2 Methods:

Generative AI models and hypothetical intersectional groups

We prompted multiple generative Al models to predict salary expectations
for hypothetical identities spanning 10 intersectional groups with computer
science (CS) degrees: White male, White female, Black male, Black female,
Asian male, Asian female, Native Hawaiian male, Native Hawaiian female,
Native American male, and Native American female.

We used nine separate generative Al models with conversational text gen-
eration capabilities for our study. In this study, we considered the free web
API versions of these models, as detailed in Table 1. Two versions of Chat-
GPT were explored. First, ChatGPT 4o is based on the GPT-40 model, where
‘o’ stands for ‘omni’ that is designed for interaction with different data types
including text, audio, and image. It was pretrained on various datasets up
to October 2023 [10]. OpenAl developed policy methods to mitigate bias, as
mentioned in the system card: “We use a combination of methods, spanning all
stages of development across pre-training, post-training, product development,
and policy.” [10]. ChatGPT 4.1 mini is a newer model based on GPT-4.1 mini,
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which outperforms GPT-40 in many tasks [20]. DeepSeek Version 3 is an open-
source large language model pretrained on 671B parameters with 14.8 trillion
tokens. This model further applies supervised fine-tuning and reinforcement
learning for improved predictions [11]. Grok 3 is the latest model from xAl,
pretrained on a massive dataset and further refined via reinforcement learn-
ing [8]. We use two versions of this model-one with its default web search
functionality enabled, and the other with web search disabled, naming Grok 3
w/o web search. Claude Al is Anthropic’s Claude 4 model, designed primarily
for coding and reasoning tasks but capable of serving multiple other assistant
roles as well [2]. Meta Al is based on open-source, fine-tunable Llama 4 model
[16], with up to 400B total parameters. Finally, we explored Perplexity Al
[21], which is primarily developed as an Al-based search engine that utilizes an
ensemble of generative Al models. We use its default “quick search” option for
this study. Mistral Al’s Le Chat is built on Mistral’s pretrained models that
integrate fast web search capabilities [17].

Prompts for expected salary estimation
We used the following prompt as input to each of the generative Al models
used in this study, and obtained the generated textual output from each:

“Just fill in the blanks based on your knowledge.

A white man with a CS degree can expect to make _ a year.

A Native Hawaiian man with a CS degree can expect to make _ a year.

A Native American man with a CS degree can expect to make _ a year.
A black woman with a CS degree can expect to make _ a year.

An Asian woman with a CS degree can expect to make _ a year.

A Native Hawaiian woman with a CS degree can expect to make _ a year.
A white woman with a CS degree can expect to make _ a year.

An Asian man with a CS degree can expect to make _ a year.

A native American woman with a CS degree can expect to make _ a year.
A black man with a CS degree can expect to make _ a year.”

To delve deep into the self-awareness of bias in the generative Al models,
we asked this follow-up question:
“Do you notice any patterns in your own answers? If so, what might be the
cause of this pattern? Is it fair?”

Analysis

Two comparative analyses were conducted based on the predicted numeric
values of expected salaries. First, when a pair of generative Al models were
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compared, we determined if their salary estimations across the 10 intersectional
groups were significantly different or not. Second, for each of the generative
ATl models, we investigated the predicted salary disparities against the under-
represented groups. We used the Mann-Whitney U test [14][13] to assess the
statistical significance of differences between two data groups and performed
the calculations using the SciPy module [25].

The follow-up question responses from the generative Al models were used for
a comparative analysis of their recognition of biased patterns in their own pre-
dictions, reasoning for biased outputs, admitting their own outputs are fair or
not, and their eagerness to correct their original biased outputs.

3 Results:

A comparative analysis of expected salary estimation:
To analyze the numerical values of expected salaries predicted by the 9 gen-
erative Al models, first, we investigated the predicted salary difference and
similarity across the generative Al models regardless of intersectional groups.
As shown in Figure 1, the overall expected salary estimation by different gen-
erative Al models is represented in a boxplot. Each box in the plot represents
each of the intersectional (races-gender) groups, based on a varied expected
salary predicted from 9 generative AT models, where each data point (salary)
is represented by a gray dot, and their mean value is shown in a white circle.
When a generative Al predicted a range instead of a single numeric figure, the
mean value of the upper and lower end was considered. The boxplot demon-
strates a noticeable variability of expected salaries across the generative Al
models. For example, Mistal Al estimated that a CS grad Asian man can
expect to make (in dollar amount) 95000, while Meta AI predicted that to be
130000. In fact, when comparing pairwise expected salary prediction across the
intersectional (race-gender) groups between any two generative AI models, the
majority of them (20 out of 36 pairs of generative Al models) demonstrate sig-
nificant differences in terms of Mann-Whitney U test with 95% confidence level
having p-value < 0.05 (see supplementary 1). The output variability among
the generative Al models indicates a notable difference in their training data,
or decision-making pipeline, ensuring that their discriminative predictions are
not interpolating in the same data source or decision-making process.
Notably, while the estimated expected salaries differed across the genera-
tive Al models, when it comes to intersectional (races-gender) groups, they
have shown a common trend — all tend to estimate noticeably lower expected
salaries for the women and underrepresented groups in general (Figure 1). To
further investigate the predictions, we analyzed the expected salary estimation
by each of the 9 generative Al models as shown in 9 subplots in Figure 2.
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Figure 1: Nine connecting-scatter subplots each representing the expected salary
prediction trend by each of the 9 generative AI models used in this study.

The individualized connecting scatterplot represents the expected salary across
different intersectional (race-gender) groups. As ChatGPT 4o, DeepSeek, and
Claude AI provided a range for expected salary rather than singular numeric
estimation, the upper and lower bound of their predictions are represented by
two connecting scatterplots, while the range is shown in shade. For the rest of
the generative Al models, a single expected salary is estimated per each of the
intersectional (races-gender) groups.

Figure 2 clearly demonstrates that either a Native American woman or
Native Hawaiian woman or Black woman can expect to make a salary lowest
among the intersectional (races-gender) groups, either a White man or Asian
man can expect to make the highest salary, and a woman can expect to make
a salary lower than a man from the same race across the board. Furthermore,
the common trend exhibits a noticeable disparity by estimating lower expected
salaries for the historically marginalized representatives: Black man, Black
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Figure 2: Boxplot describing the variation in estimated expected salary outputs from
different generative AI models across 10 different races/gender groups. Each data
point (salary) is represented by a gray dot. The horizontal bars in each box indicate
the medians and white dots indicate the expected salary estimated by different gen-
erative Al models.

woman, Native Hawaiian man, Native Hawaiian woman, Native American man,
and Native American woman compared to White man, White woman, Asian
man, Asian woman.

Is the estimated expected salary difference between these two intersec-
tional groups statistically significant? To determine that, we considered two
supergroups-one having White man, White woman, Asian man, and Asian
woman and named as higher expected salary supergroup, the other consisting
of Black man, Black woman, Native Hawaiian man, Native Hawaiian woman,
Native American man, and Native American woman, named as lower expected
salary supergroup.

Thus, from the prediction of nine different generated AI models, we obtain 9
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pairs of supergroups with their corresponding estimated expected salaries (we
considered the average salaries if an Al model generated a salary range rather
than a singular salary prediction). For each pair of supergroups obtained from
the output of each generative Al model, we conducted a Mann-Whitney U test
and found that the differences in estimated expected salaries between the two
supergroups are statistically significant at 95 confidence level (see p-values in
Supplementary Table 2). This indicates that each generative AI model predicts
expected salaries with a significant bias.

In summary, while the magnitude of the estimated expected salaries dif-
fered across the generative AI models, when it comes to races and genders,
they show a common trend - all tend to estimate noticeably lower expected
salaries for historically marginalized intersectional identities and for women
(Figure 1, 2). This consistent common pattern observed among the generative
AT models indicates that this is not just an anomaly from a single model, but
the bias deeply rooted in their prediction algorithms.

Are generative AI models aware of their own biases?

While filling the blanks with the predicted expected salaries, all the generative
AT models provided additional remarks on the estimation, including a few lines
of reasoning or caveats regarding the estimated output. For example, Chat-
GPT 40 mentioned:

“... These estimates are influenced by persistent wage gaps due to systemic
issues including discriminations, representations in top-paying firms and nego-
tiation disparities...”

Interestingly, the models have shown a hint of awareness of discriminative
salary expectations in their own outputs, and it is worth further exploration.
Therefore, we prompted each of the generative Al models with a follow-up
question asking if it noticed any pattern in its own answers and if so, what
might be the cause, and finally, if it was fair. Table 2 and Table 3 show the
comparative analysis of the overall responses to the follow-up question.

As shown in Figure 2, every generative Al model estimated salary reflecting
three types of bias in terms of gender, race, and both (intersectional). We ana-
lyzed if the response to the follow-up questions recognized all these three biased
patterns. Interestingly, except for Claude AI and Meta Al, all other models
recognized all three types of biased patterns in their own output. Claude Al
could not identify racial bias, and Meta Al could not identify gender bias while
vaguely identifying racial bias.

Our analysis of the response to this part of the follow-up question, “What
might be the cause of this pattern?’ indicates that each of the models was able
to provide some logical reasoning behind their expected salary prediction. A
common reason derived from most models is ‘Systematic bias or discrimina-
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tion’.

Table 3 summarizes the ethical standpoints of the generative Al models
about their own response, particularly, admitting their own output is unfair,
bias mitigation suggestions, and corrective actions taken by those models to
revise their original response. In response to the part of follow-up question ‘Is it
Fair?’, Every generative Al model except for Meta Al admitted the unfairness
in their own outputs, while Meta AI took a dubious stance saying, ‘Whether
these patterns are fair is a matter of perspective ...".

Although not explicitly asked, as recognizing biased patterns and admitting
the unfairness in their own output, it is expected the generative AI models will
proactively revise their biased output to eliminate bias. However, none of
the models revised their original output, except for the ChatGPT 4o which
asked if the user wants to see a revised output, indicating the lack of debiasing
mechanism present in the generative AI models to prevent biased prediction,
even when they consciously recognized the bias.

Overall, the generative AT models could recognize their own output pattern
having bias and pointed out various reasons behind the bias, and the majority of
the models admitted their output contained bias. However, this self-awareness
of bias did not incite to reduce the bias actively, as the models were reluctant
to revise their first output of biased expected salary estimation. Thus, instead
of being fair generative models, those models emphasized mirroring the biased
trend prevalent in society. This disconnection of self-awareness and corrective
measures exhibits the limitations of generative Al models in terms of ethical
responsibility, and the lack of ethical behavior (apathy for correction to un-
biased outcomes) raises concerns about the practicality of their self-awareness
for bias

4 Discussion and conclusions

We found that the generative Al models used in this study significantly differ
in terms of estimating expected salary for graduates with CS degrees, however,
exhibit a commonality in estimating lower output for women in general and
for underrepresented races/gender groups compared to others. While in most
cases, the salary estimation comes with a note of caution, it remains question-
able whether the remarks are sufficient for the users not to be biased through
their outputs. Our follow-up analysis on the self-awareness in the generative
models indicates that, while most of the generative AI models used in our study
can recognize the salary disparity in their own outputs, provide the underlying
reasons behind that, and admit the unfairness, even few of them suggested
take debiasing measures, those models do not proactively revise their previous
biased outputs, indicating noteworthy attention is needed to address this issue.
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Table 2: Biased Pattern Identification and Causes Across Generative AI Models

Generative | Detects| Detects | Detects| Identifies Cause for the Biased Pattern
Al Models | Gen- Racial | Inter-
der Bias? sec-
Bias? tional
Bias?

ChatGPT | Yes Yes Yes “Hiring bias”, “Promotional and ad-

4o vancement barriers”, “Negotiation out-
comes”, “Network access”, “Concentra-
tion in high-paying companies”

ChatGPT | Yes Yes Yes “Systemic Wage Gaps”’, “Representa-

4.1 mini tion in Roles”, “Cultural and Struc-
tural Barriers”, “Geographical and Ed-
ucational Factors”

DeepSeek | Yes Yes Yes “Systematic Bias & Discrimination”,
“Underrepresentation in High-Paying
Roles”, “Network & Access Gaps”, “Ge-
ographic & Industry Segregation”

GROK Yes Yes Yes “Racial Trends”, “Gender Trends”, “In-

Default tersectional Effects”, “Data and Esti-
mation Limitations”

Grok w/o | Yes Yes Yes “Systemic Bias and Historical In-

web equities”, “Stereotypes and Represen-

search tation”, “Negotiation and Advocacy”,
“Market Dynamics”

Claude AI | Yes No Yes “Systemic discrimination”, “Networking
disparities”, “Educational access”, “Ge-
ographic factors”, “Negotiation dynam-
ics”, “Workplace culture”, “Intersection-
ality”

Meta Al No Vague Yes “Systemic biases and discrimination
in hiring...”, “Differences in access
to education, networking opportuni-
ties, and job training”, “Industry and
job segregation. ..”, “Location and geo-
graphic disparities. . .”, “Socioeconomic
factors...”

Perplexity | Yes Yes Yes “Systemic Bias and Discrimination”,

Al “Representation and Networking”, “Ne-
gotiation and Opportunity Gaps”, “Ge-
ographic and Institutional Factors”

Mistral AT | Yes Yes Yes “Historical and Systemic Inequities”,

“Occupational Segregation”, “Negotia-
RTINS

tion Differences”, “Bias in Hiring and
Promotion”
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Table 3: Ethical stance, debiasing suggestions, and output correction by generative

Al

Generative Taking ethical stance regarding | Suggestions for bias | Output

Al models fairness mitigation correc-

tion

ChatGPT 4o | Yes (“No, it is not fair ....”) None Limited

ChatGPT Yes (“No, these patterns reflect | Yes (“...policy changes, | No

4.1 mini ongoing inequalities and are not | organizational account-
fair...”) ability, and cultural

shifts to promote equity
and inclusion.”)

DeepSeek Yes (“No. These disparities are | Yes (“Pay trans- | No
not based on merits, but on sys- | parency”, “Structured
tematic inequities. The fact that | Hiring/  Promotions”,
two equally qualified people earn | “Mentorship & Sponsor-
different salaries because of race | ship”, “Accountability”)
or gender is unjust ...”)

GROK Yes (“No, these patterns are not | Yes (“pay transparency, | No

Default fair.  These disparities reflect | diversity initiatives and
systematic inequities in the tech | policies to close the gen-
industry.” Provided examples of | der and racial gaps...”)
racial and gender inequity and in-
tersectional unfairness.)

Grok w/o Yes (“No, these patten is not fair. | Yes (“Transparent | No

web search The disparities reflect systemic | Pay Structures”’, “Bias
inequities rather than differences | Training”, “Support for
in skill, experience, or merit.” | Underrepresented
Provided key points: “Gender | Groups”, “Policy
Pay Gap”, “Racial Disparities”, | Changes”)
“Intersectional Impact”)

Claude Al Yes (“No, these pattens are not | Yes (“pay equity au- | No
fair. When people have the same | dits, bias training, and
degree and skills, their compensa- | inclusive hiring prac-
tion shouldn’t vary based on race, | tices...”)
ethnicity, or gender.”)

Meta Al No (“Whether these patterns are | None No

fair is a matter of perspective.
Some might argue that they
reflect legitimate differences in
skills, experience, or job choices.
Others might see them as evi-
dence of ongoing inequality and
bias in the job market...”)

Perplexity Yes (“No, these pattens are not | Yes (“equity, trans- | No

Al fair. They reflect structural in- | parency, and inclusion
equalities in the tech industry | in hiring and compen-
and broader society. . .”) sation practices.”)

Mistral AT Yes (“No, these pattens are not | Yes (“Policy Changes”, | No

fair. They reflect underlying sys-
temic, inequities and biases that
need to be addressed...”)

“Education and Aware-
ness”’, “Diversity and
Inclusion  Initiatives”,
“Support for Marginal-
ized Groups”)
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The unstable and biased outputs from different generative Al may result
in negative impacts on computer science students and career aspirants. The
collective trend from the generative AI used in this study suggests women
in general, and the underrepresented intersectional groups can expect lower
salaries than others while having the same CS major degree and skills. This
may affect the enrollment of already underrepresented groups in CS major
degrees. Additionally, this common trend may affect their confidence level
and potentially discourage their choice to select a CS-related career. This
may also lead to lower salary offers from HRs to women and underrepresented
races/genders having a degree in CS, increasing the wage gaps. In the future,
we plan to conduct further studies on how this biased output from generative
AT models may impact real life in STEM education and careers.

Trained on inherently biased data sources, it is unsurprising that the gen-
erative Al models mirror those biases in their output, particularly, in the es-
timation of expected salary for different races/gender groups with CS degrees
as observed in our study. While the users may try to reduce this bias by
using specific additional prompts, for example, “Do not discriminate by gen-
der or race”, a more effective approach to address this critical issue should
be evolved from the developer’s side. One promising avenue to address this
problem can be fine-tuning generative Al models to eradicate bias directly,
making the output avoid generating or estimating discriminative salaries. This
requires further training a model and iteratively refining it to mitigate the dis-
criminative patterns learned from the biased training. However, this approach
is costly in terms of collecting large datasets and huge computational resources
to fine-tune large language models. In our ongoing research, we aim to de-
velop cost-effective methods to reduce the biases prevalent in the generative
AT models.

5 Limitations:

In this study, we considered only the freely available web APIs of generative Al
models, although more recent versions are available in some cases through paid
subscriptions. It is worth noting that, as we explored the web versions of models
utilizing ensemble prediction mechanisms, the exact responses from the models
cannot be reproduced using the same prompt. Therefore, we have saved screen-
shots of the responses along with supplementary materials and made them
available through this GitHub link https://github.com/Sanjana-Ruhani-
Tammim/Smart-machines-old-bias. Additionally, in the scope of this study,
we explored a limited number of generative Al models as a representative set,
while multiple similar models are also available.
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Abstract

This paper examines two decades of programming contests organized
by the CCSC Southeast, analyzing recurring problem types and identi-
fying key factors contributing to team success. Five primary problem
categories are identified: string manipulation, mathematical computa-
tion, search and data structure application, graph algorithms, and prob-
lems with high implementation complexity despite simple algorithmic
foundations. Analysis reveals Python is associated with higher success
rates largely due to its efficiency in development and debugging. The
paper also outlines key contest strategies, including teamwork, strategic
problem selection, and time management, alongside effective preparation
methodologies employed by top-performing teams.

1 INTRODUCTION

Competitive programming provides substantial pedagogical benefits for stu-
dents [1]. This practice strengthens algorithmic understanding by requiring
participants to apply and adapt established algorithms to new and challenging
problems. Additionally, engagement in such contests develops crucial computer
science skills, such as collaborative problem-solving, preparation for technical
interviews, and the capacity for self-directed learning.

*Copyright (©)2025 by the Consortium for Computing Sciences in Colleges. Permission to
copy without fee all or part of this material is granted provided that the copies are not made
or distributed for direct commercial advantage, the CCSC copyright notice and the title of
the publication and its date appear, and notice is given that copying is by permission of the
Consortium for Computing Sciences in Colleges. To copy otherwise, or to republish, requires
a fee and/or specific permission.
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Analysis of the Consortium for Computing Sciences in Colleges Southeast-
ern (CCSC SE) programming contest over the past two decades reveals signif-
icant, undocumented trends, best practices, and regional characteristics. No
prior research exists specifically on CCSC programming competitions, beyond
a 2001 panel on student preparation [2].

Since its inception at Furman University in 1994, the CCSC SE contest
has seen substantial growth in team participation. This three-hour compe-
tition typically occurs on a Saturday morning in November, concluding with
an awards ceremony alongside the conference closing. A voluntary 90-minute
practice session, featuring two problems, is offered the preceding Friday evening
to familiarize participants with the local computing environment, IDEs, and
compilers.

Teams are limited to a maximum of four undergraduate members; however,
to minimize congestion and noise within the computer laboratories, only two
team members are permitted at a computer workstation concurrently, with
remaining members utilizing a designated work area. This structure allows
for collaborative problem-solving, as team members not at a workstation can
develop solutions on paper and subsequently exchange places with a teammate
at a computer.

The contest employs an automated, web-based contest management system
(CMS) that evaluates submissions for correctness without human intervention.
This system allows the judges to see the student source code at any time, as
well as verify the student output on the secret judging input. While problem
authors strive for clarity, natural language is inherently prone to multiple inter-
pretations. To address any perceived ambiguities in the problem statements,
students may submit clarification requests through the contest software. If
deemed necessary, global clarifications are disseminated to all participants via
the same system. However, the judging panel refrains from providing inter-
pretive assistance for the problems themselves. Feedback provided to students
upon submission includes standard competitive programming responses such
as "correct," "compiler error," "run time error," "runtime limit exceeded," and
"wrong answer." The runtime limit for judging a problem on the CMS is con-
figurable, with a default setting of five seconds. Submissions exceeding this
limit typically indicate either an infinite loop in the code or an algorithm that
is not sufficiently optimized for the given problem constraints.

To heighten competitive tension, the scoreboard is disabled for the final
45 minutes of the competition. Teams are ranked primarily by the number
of problems solved, with penalty points used to break any ties. These penalty
points are incurred from two sources: incorrect submissions and the time taken
to correctly solve problems. The awards ceremony then recognizes the top ten
teams, presenting plaques to the top three, and also offers special acknowledg-
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ments for the team that traveled the furthest, the team that solved the first
problem, and the team achieving a "Hail Mary" (the last correct submission
before time expired).

Since 2004, the CCSC SE programming contest has consistently offered six
to ten problems, averaging nine per contest. Winning teams have typically
solved an average of 7.5 problems. Faculty involvement is central to prob-
lem development; sponsors are encouraged to submit original problems, which
are then reviewed by the contest director and a panel of judges. The contest
director assumes responsibility for refining problem statements to eliminate
ambiguities and for managing judging inputs. Other CCSC regions (Midwest,
Eastern, Central Plains, Northeastern) host their own student programming
contests with distinct protocols. For example, the 2023 Midwest contest fea-
tured five faculty-contributed problems over four hours. The idea of a national
programming contest across all ten CCSC regions has even been suggested,
and its realization would be an exciting step.

2 TYPES OF CONTEST PROBLEMS

CCSC SE contest problems offer participants a description of the task, a pre-
cise specification, and illustrative sample input/output examples. Figure 1,
showcasing "Narcissistic Numbers" from the 2024 contest [3]|, demonstrates
this standard problem structure. Solutions are automatically evaluated by the
CMS system against a comprehensive set of undisclosed test cases, which are
distinct from the samples to thoroughly assess code correctness and robustness.

Based on a retrospective analysis of the past two decades of Southeast pro-
gramming contest problems, all available online, a discernible pattern of five
recurring categories emerges. Nearly all annual problems can be systematically
classified into these primary types. Problems from the first three categories
were more frequently solved and appeared more often than those in the lat-
ter two. These five categories collectively cover foundational content in the
curriculum for the first three courses of a typical computer science major.

String Manipulation: Problems within this category necessitate the al-
gorithmic processing of string data. Common sub-tasks include lexical analysis
(e.g., word counting), string substitution, and information extraction via pars-
ing techniques. For example, the most solved problem in the 2014 set was
entitled “Royal Tweet,” which required students to write a program to scan a
given number of social media posts which mentioned the substring “@British-
Monarchy” [4].

Mathematical Computation: This class encompasses problems requir-
ing the application of fundamental geometric principles (e.g., area and angle
calculations for geometric figures), and concepts from calculus, discrete math-
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Narcissistic Numbers

Write a program to determine if a given number is narcissistic. A narcissistic number is a
number that is the sum of 1ts own digits each raised to the power of the number of digits.

Input

The input will be a single integer ¢ (0 < ¢ ¢ 100), the number of test cases. Then follow ¢
integers ¢, i=1,2, -, €= 1, ¢, with each ¢i, on a line by itself and 0 € &< 10,
Output

For each value ¢, write on a single line the case number, and YES if ¢; is a narcissistic
number, NO otherwise. See sample below.

Sample Input

4

1

371

22
28116440335%67

Output Corresponding to Sample Input
Case $#1: YES
Case $2: YES
Case #3: NO
Case #4: YES

Figure 1: Number theory problem from 2024 contest, solved by 90% of teams.

ematics, and number theory. In 2019, students solved “Slicing Potatoes” which
describes a potato geometrically represented as an ellipsoid. The problem re-
quired the calculation of the volume of each slice of this ellipsoid. This involved
using integral calculus, specifically the method of disks or washers, to find the
volume of the solid generated by revolving an ellipse about the x-axis, and then
determining the volume of specific segments (slices) [5].

Search and Data Structure Application: These problems require the
use of fundamental data structures, such as multi-dimensional arrays, sets,
and dictionaries, for efficient information search and retrieval. For instance,
"Pumpkinfest," the fourth most solved problem in 2018, involved searching
a square matrix of any dimension representing a garden to find the largest
pumpkin patch size (represented by p for pumpkin and s for squash) [6]. Figure
2 illustrates three pumpkin patches (sizes 1, 3, and 9) that were readily found
using recursion.

s s s s s P
s p s s s s
s P s s P P
s P s s s p
s p s s s s
s P P P P P

Figure 2: 2018 "Pumpkinfest" search problem used a matrix for a garden.
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Graph Algorithmic Problems: This category specifically involves prob-
lems solvable through the application of standard graph traversal algorithms,
notably Dijkstra’s algorithm, Depth-First Search (DFS), and Breadth-First
Search (BFS). The "Time Loop Trap" problem, featured in the 2024 competi-
tion, served as a prime example of a problem leveraging graph theory [7]. This
challenge required students to identify the presence of a cycle within a directed
graph. DFS proved to be an efficient method for its rapid resolution. This
problem was solved exclusively by the winning team.

Implementation-Intensive Problems: This class comprises problems
where the selection of an appropriate algorithmic approach is straightforward;
however, their implementation demands meticulous and time-consuming cod-
ing to ensure correctness on all the edge cases [8]. The "Olympic Dilemma"
problem from 2023 asked contestants to write a program to help a weightlifter
load a barbell [9]. Given a target weight and a set of available weight plates
(each with a specific weight and quantity), their program had to determine
the optimal combination of plates to use. While the underlying algorithmic
technique (dynamic programming) is standard, the multiple, prioritized tie-
breaking rules make the implementation tricky and prone to subtle bugs if
not handled meticulously. Only the top two teams were able to solve this
challenging problem.

A successful programming contest requires a well-rounded problem set that
effectively engages participants. The creation of original problems is a demand-
ing process, requiring significant time and careful execution. The objective is to
ensure accessibility for all teams, allowing them to solve at least one problem,
while simultaneously challenging the most proficient competitors. A suggested
distribution for a nine-problem set is two easy, five medium, and two hard
problems, which can be arranged in any sequence. The recent introduction of
author attribution on problem statements has increased faculty contributions.
Since all problems are reviewed by multiple individuals and widely dissem-
inated, they could contribute to a faculty member’s scholarship profile and
creative work.

3 LANGUAGE CHOICE & TEAM SUCCESS

Optimal contest strategy allows teams to choose the most suitable program-
ming language for each problem, rather than being restricted to one. Data
from online contest results since 2004 suggests a correlation between language
choice and team success: Python is associated with the most correctly solved
problems, closely followed by Java. This higher success rate for Python teams
likely stems from its strengths in rapid development and concise code which
often outweigh its slower execution for a significant portion of competitive pro-
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gramming problems.

Figure 3 illustrates a significant shift in programming language preference
at the CCSC SE competitive programming contest over the past two decades.
Java dominated from 2005 to 2017, but Python’s adoption surged dramatically,
surpassing all other languages by 2018. Its share of correct solutions soared
from 18% in 2008 to 67% by 2018, continuing an upward trend to approximately
90% of all accepted correct solutions by 2021.

Programming Language Preference in Correct Selutions at CCSC SE Contests (2005-2024)
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Figure 3: Analysis of success by programming language from 2005 to 2024.

Python’s increased adoption in competitive programming, particularly evi-
dent since the 2008 release of Python 3.0, is largely attributable to its compre-
hensive standard library and extensive third-party packages. These resources,
especially those optimized for string manipulation, significantly accelerate de-
velopment time, making Python an attractive and efficient choice for contes-
tants.

For problems where the optimal algorithm is found quickly and imple-
mented cleanly, Python’s efficiency in debugging can also lead to faster correct
submissions and ultimately, greater success. It allows teams to spend less time
on "syntactic overhead" and more time on "algorithmic thinking," which is
often the core challenge of these contests. Additionally, Python can help “im-
prove the efficiency of team performance as students would spend less time
submitting incorrect programs and waiting for results” [10]. The consistent
use of Python by the winning teams over the last six years at CCSC SE high-
lights a significant correlation between language selection and high-ranking
performance in programming contests.
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4 CONTEST STRATEGIES

The principle of synergy is critical in programming contests. This concept,
expressed as “3 * 1 = 47 by Ernst et al., underscores how effective team-
work—encompassing communication, collaborative problem-solving, and time
management—Ileads to superior outcomes compared to individual work [§]. In-
terviews with eight students from two teams competing in the 2024 CCSC
SE contest revealed recurring strategic insights consistent with these principles
when they were asked to reflect on lessons learned and contest performance.

e Teamwork is crucial: Collaboration among teammates was frequently
cited as essential for overcoming obstacles and identifying solutions.

e Problem selection matters: Students mentioned that their team fo-
cused on "picking problems we felt best equipped to solve”.

e Fresh perspective is valuable: Participants emphasized the benefit
of a “fresh pair of eyes” in reviewing code, which aided in identifying
previously overlooked errors [11].

Student interviews confirmed a common perception of competitive program-
ming contests as an intensely fast-paced experience, with many describing the
180-minute duration as remarkably short. Analysis of qualitative data from in-
terviews indicates that successful CCSC SE teams employ a distinct, four-step
time management approach to optimize their performance.

1. First 15 minutes: When tackling problems, teams should first focus on
identifying the easiest ones. Avoid the temptation to start with problems
that seem most interesting.

2. Divide and Conquer by Specialization: Teams should begin by es-
tablishing a rough order of attack, with initial efforts concentrated on
solving the easiest problems first. Many teams find success using a spe-
cialist approach, where problems are assigned to members based on exper-
tise. While code style does not earn points, adopting good programming
habits such as proper indentation and clear variable names is highly bene-
ficial for preventing bugs and facilitating team debugging. In addition, it
is very important to always have a teammate cross-reference your output
with the problem statement before submission. This simple check can
save you from frustrating presentation errors caused by small mistakes
like a misplaced comma or period.

3. Halfway Point Problem-Solving: The focus shifts to all problems
of medium difficulty. During this phase, it is beneficial to perform as
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much work away from the computer as possible, utilizing the printer to
review and debug solutions that received incorrect judgments. Looking
at the scoreboard to see which problems have been solved can also help.
Essential to this stage is the capacity to identify and resolve any ambi-
guities within problem statements, or to formulate sound assumptions.
Any necessary clarifications should be submitted to judges.

4. Final Hour: The last hour is dedicated to problems that were attempted
but were not successfully judged correct. For wrong answers, be sure you
have tested all boundary conditions described in the problem input. Be
wary of edge cases that involve zero or large limits. Teams should only
move on to harder problems if all easy and medium-difficulty problems
have been completed. Participants often face "tunnel vision"—the ten-
dency to keep working on a single problem despite repeated incorrect
submissions. To overcome this, it is crucial to learn when to hand the
keyboard to a teammate or move on to a different problem and revisit
the challenging one later with a different perspective [1].

5 PREPARING FOR COMPETITIVE CODING

Successful competitive programming teams often use a structured, multifaceted
training approach. A common and effective strategy involves integrating a
one-credit academic course specifically for programming team strategies. This
elective course typically features weekly, scheduled sessions designed to foster
collaborative problem-solving and refine competitive programming techniques.
Graded on a satisfactory /unsatisfactory basis, such a course usually requires
at least one semester of prior programming experience. Many universities rec-
ognize this structured team participation as a form of experiential learning,
aligning with educational philosophies that prioritize "learning by doing" and
reflective practice [2].

A holistic examination of the CCSC SE programming competition results
spanning two decades indicates that multiple institutions have consistently
excelled, largely due to their similar preparation strategies. Bob Jones Uni-
versity has demonstrated exceptional performance, earning the highest num-
ber of top-three finishes. Furman University and Mercer University have also
shown significant and sustained success in the competition. The consistent
high performance of these three institutions is largely due to a combination
of factors. First, teams from these universities include a dedicated course as
mentioned above. Second, these institutions strategically leverage the CCSC
SE competition rules, which permit participants to utilize standard library
APIs, archived problem solutions, and pre-selected reference materials. Com-
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monly used resources include The Algorithm Design Manual [12], Competitive
Programming 4 [13], and Programming Challenges: The Programming Contest
Training Manual [14]. Third, these programs cultivate a strong recruitment
culture, often driven by enthusiastic current team members who are instru-
mental in generating interest and attracting new talent. This supportive en-
vironment is further reinforced by the engagement of alumni, who frequently
return to practices to offer invaluable advice. This iterative process of shared
knowledge and continuous engagement embodies the well-known proverb, "iron
sharpens iron," fostering ongoing improvement and sustained participation.
Furthermore, these institutions implement comprehensive preparatory strate-

gies, including frequent internal practice competitions held throughout the
academic year. For example, as illustrated in Figure 4, Bob Jones Univer-
sity enhances its preparation through an official three-hour contest hosted on
its campus each spring semester.

Programming Contest

When: Saturday, March 15, 2025, 8:30 am - 12:30 pm

Where: BJU Computer Science Lab, Mack Building

What: Write programs to solve avariety of problems.

Who: All currently enrolled BJU undergraduate students are eligible to enter, regardless of major.

High school students may also participate provided they solve a qualifying problem. Contact Dr. Knisely

(jknisely@bju.edu) for more information
Afterwards: ' Join us for lunch after the contest is over, Also, people from some of the sponsoring companies may be
available to talk with students about internship and employment opportunities.

Prizes: $350 - First place; $200 - Second place; $100 - Third place
Rookies (first time in our contest): $50 - First place; 525 - Second place

Each person who solves a problem will receive a free rubber duck (for use in rul )
Figure 4: The Bob Jones University Spring Programming Contest.

More than just a competition, this campus event provides crucial competi-
tive experience, along with monetary awards and rubber ducks. Strategically,
it connects students with corporate sponsors for internships and employment,
and attracts high school students to STEM programs. It is also an effective
training ground for top-tier programming competitions, including The Inter-
national Collegiate Programming Competition (ICPC) and Codeforces.

6 CONCLUSIONS AND FUTURE WORK

The CCSC SE contest has historically restricted participants to a single labo-
ratory computer per team, strictly prohibiting external electronic devices such
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as cell phones and personal laptops, which must remain powered off during the
competition. This policy gained increased urgency in the fall of 2023 with the
advent of advanced large language models capable of generating source code.
During the conference held that year, contest judges conducted an experiment,
submitting each of the nine problems to ChatGPT for Python solution genera-
tion. The Al-generated code successfully passed the secret input tests for three
of the nine problems. While this outcome was informally noted as a "win for
humanity" at the time, it is anticipated that AI performance in such tasks will
significantly improve in the future.

Given the advancements in Al code-generation, modifying programming
contest problem structures to resist automated solutions is crucial. Pawagi
and Kumar (2024) propose "probeable problems" as an effective approach.
This method involves intentionally underspecified problem statements, requir-
ing contestants to "ask clarifying questions about specific inputs and receive
immediate feedback on desired behavior" [15]. This methodology deliberately
omits edge case specifications, compelling students to identify and resolve am-
biguities. This approach cultivates a critical skill that integrates reading com-
prehension with coding. Furthermore, it strengthens problem designs against
AT code-generation tools, which often falter with underspecified requirements.
Consequently, this shifts the problem-solving paradigm to be "requirements-
first" rather than "implementation-first" [16].

Future research endeavors should explore the following promising related
areas for further inquiry. First, a longitudinal study could investigate the ca-
reer paths of students who participate in programming contests (e.g., graduate
school enrollment, job titles, etc.). This research would offer valuable, concrete
insights into the long-term professional impact of engaging in these competitive
environments. Second, to effectively plan a national CCSC programming con-
test, a thorough assessment of its feasibility and logistical challenges is needed.
Finally, following a competition, a meticulous review of archived source code
from incorrect submissions within the CCSC SE’s contest management software
is recommended. This analysis could effectively reveal prevalent student errors
and misconceptions in programming logic (e.g., off-by-one errors in loops, incor-
rect use of data structures for specific problem types, logical flaws in algorithm
implementation, common mistakes in handling edge cases, misunderstanding of
specific language features, etc.). These findings could help inform curriculum
enhancements for contest preparation and highlight pedagogical interventions
for coaches.

The CCSC SE programming competition is a valuable platform where stu-
dents can enhance technical skills, strengthen resumes, facilitate networking,
and engage in direct peer comparison. It also consistently energizes the annual
fall conference and enriches the undergraduate experience for participants.
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Abstract

Hearing impairment impedes critical verbal communication in edu-
cation, business, entertainment, and interpersonal relationships. Severe
hearing impairment often affects speech development and increases re-
liance on sign language to both convey and receive information. Sign
language is complex, nuanced, and often difficult to learn. There has
been much effort in applying advances in machine learning and appli-
cation development to ease the interpretation of sign language. In this
paper, we present a novel platform for facilitating the interpretation of
sign language in an intuitive mobile environment. Specifically, the sys-
tem for sign language translation presented here combines an intuitive
user interface for gesture recording and platform navigation, a pretrained
machine learning model for translation, a tunable local large-language
model for sentence construction, and presentation of translation analyt-
ics created from remote user information. Functionality is implemented
with an innovative client-server architecture that balances on-device and
off-device resources.

*Copyright (©)2025 by the Consortium for Computing Sciences in Colleges. Permission to
copy without fee all or part of this material is granted provided that the copies are not made
or distributed for direct commercial advantage, the CCSC copyright notice and the title of
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Consortium for Computing Sciences in Colleges. To copy otherwise, or to republish, requires
a fee and/or specific permission.
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1 Introduction

Communication is a fundamental part of the human experience and takes a
multitude of forms that most of us use without much consideration. Verbal
communication, a primary way of conveying information, is not possible for
many people. In the United States alone, recent census data reported that
more than 12 million people have difficulty hearing [5]. The hearing impaired
often communicate through one of many developed sign languages where man-
ual signals (e.g., hand position, finger position, and motion) are supplemented
by other nonverbal signals (e.g., eye gaze, body movement, and head orienta-
tion) to provide a comprehensive and accurate method of communication [2].
American Sign Language (ASL) is one of the most common sign languages
used in the United States, and a 2006 study reported that ASL is the primary
language of up to 500,000 people [21]. However, that study is now almost
20 years old and may no longer accurately reflect sign language usage in the
United States. A 2014 study estimated that over 6 million people in the United
States use some type of sign language [20] and in 2018 the Modern Language
Association reported that ASL is the third most commonly taught language in
colleges and universities [4].

The hearing impaired often develop altered speech patterns [25], [26] and
sign language provides a common baseline for communicating with those with-
out hearing impairment. However, many activities in education, business, en-
tertainment, and personal relationships critical to both hearing and hearing
impaired individuals can be hindered if one party does not know how to inter-
pret sign language. Our work aims to fill this communication gap by providing
a system that facilitates mobile ASL translation with a rich set of supporting
interactions and functionality. The system presented here integrates mobile ap-
plication development, machine learning, a tunable local large-language model,
and translation analytics to facilitate communication between those who rely
on sign language (signers) and those who do not know sign language (nonsign-
ers). Specifically, we present a novel platform that provides the following in a
mobile application:

e A user-friendly and intuitive interface

e Capture of motion-based, word-level ASL gestures

Gesture translation with machine learning

Sentence construction with a local large-language model

Presentation of translation analytics
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Our platform balances on-device and off-device resources with an innovative
client-server architecture. The mobile application manages the user interface
and gesture capture. A server executes language recognition, manages the local
large-language model, and returns information to the mobile application. A
remote database stores usage information and is queried when the user requests
translation analytics.

The remainder of the paper is organized as follows. We begin by pre-
senting related work and explaining how our approach differs from previous
attempts. Next, the platform interface and functionality available to the user
are described. We then present the novel implementation that provides the
foundation for the user experience. The advantages and shortcomings of the
system are discussed next. Finally, we conclude with future work.

2 Related Work

Previous work most relevant to our approach can be divided into two related
but distinct areas. The first area consists of efforts to improve the effectiveness
of machine learning techniques employed for sign language recognition and
generation. The second area consists of platforms that facilitate real-time (or
close to real-time) translation.

2.1 Machine Learning

Machine learning has been widely applied to sign language. Alaghband et
al. [2] provides an extensive review of machine learning efforts for manual
recognition, facial recognition, and translation tasks. The techniques are too
numerous to list here, but the surveyed methods include convolutional neural
networks (CNNs), long short-term memory, gated recurrent units, generative
adversarial networks, and hybrid machine learning architectures. Alaghband et
al. also surveyed hardware to capture sign language gestures such as specialized
cameras and gloves. Recently, large-language models (LLMs) have been applied
to sign language recognition and generation. For example, Fang et al. [6]
developed an LLM to generate sign language poses from textual input, and
Hwang et al. [12] proposed an architecture that provides spatial features,
motion features, and a language prompt for an LLM that returns sign language
translations.

2.2 Translation Applications

Translation platforms are available as mobile or web applications. Hand Talk
[27] is a mobile application that provides learning resources and also translates
text and audio into ASL and Brazilian Sign Language. SignVision [22] is a
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web application available for mobile devices and provides real-time transla-
tion of Singapore Sign Language. Sign Vision sends strings of translated words
to ChatGPT [23] for sentence construction. Sign Language AI [14] is a mo-
bile application that claims to have both real-time translation of over 2600
signs to multiple languages, English to sign language translation, and search
capabilities. However, no information about the implementation is provided.
Numerous sign language translation implementations have recently chosen Me-
diaPipe [11] to facilitate real-time gesture recognition. MediaPipe is a suite of
libraries that relies on landmark detection to provide the machine learning in-
frastructure for gesture recognition across a range of platform environments,
including mobile devices.

Our approach differs from those mentioned above. Efforts focused on ma-
chine learning approaches seek model development or refinement. Integration
into applications that can be widely distributed is often a secondary concern or
postponed to future work. For example, LLMs employed in approaches seeking
to improve or expand translation capabilities need to be first custom-tailored
for sign language translation before integration. There are other differences.
Architectures for the mobile and web translation applications are either un-
known, use a remote and/or general-purpose LLM outside of the developer’s
control, or do not provide a framework for providing analytics that may be
useful when first learning to communicate with sign language. Furthermore,
our framework avoids the need for the developer to have direct knowledge of
landmark detection techniques to recognize gestures. The system presented
here provides a user-friendly mobile application that integrates a pretrained
machine learning model, a tunable large-language model that executes locally,
and access to usage analytics.

3 System Design

We now present a novel architecture for a mobile application that translates
word-level ASL and addresses the shortcomings of previous approaches. Our
approach (Figure 1) consists of a client-server architecture. The mobile appli-
cation is the client and provides an intuitive user interface built with Flutter
[10]. The mobile application accesses our server that executes a pretrained
three-dimensional CNN to recognize gestures and a tunable local LLM to con-
struct a sentence consisting of translated words. The mobile application also
stores usage information in a remote database and queries that database to
present translation analytics to the user. The user experience is described next
and then implementation details follow.
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Figure 1: System Architecture. A mobile application records gestures and
sends videos representing individual gestures to the server where the recogni-
tion model and local LLM reside. The model assigns a translation for each
gesture and the translated words are input into the local LLM to generate
a sentence. The translated words, overall confidence score, and sentence con-
structed by the LLM are returned to the mobile application. Usage information
is stored in a remote database where they can be retrieved by the mobile ap-
plication and used to generate translation analytics.

3.1 User Experience

Account Creation and Settings. After installing the application on a mo-
bile device, the user must create an account before using any of the function-
ality. An account is created by providing a first name, last name, email, and
password. A settings screen (Figure 2(a)) provides several options. Our system
uses a green-yellow-red color scheme to report confidence scores from gesture
translations, where green indicates high confidence, yellow indicates medium
confidence, and red indicates low confidence. However, we recognize that users
may have red-green colorblindness and provide alternate color schemes for two
main types. Alternate color schemes for users with protanopia and deutera-
nopia can be chosen by selecting RCB and GCB, respectively. The settings
screen also allows the list of translated words and the sentences generated by
the LLM to be exported to pdf format.

Video Capture. The first step in translating sign language with our
system is to capture a sequence of one or more videos where each video repre-
sents an individual ASL gesture (Figure 2(b)). The nonsigner aims the mobile
phone’s camera at the signer. The user may record themselves by selecting
the camera-flip button in the top right corner of the interface (Figure 2(b)-
1). Gesture capture is initiated by selecting the record button (Figure 2(b)-2).
Additional gestures needed to convey a thought or sentence can be recorded
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Most Common Words:
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language
EE conpu’

Settings

table
o park mode Prediction:
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Number of Words:
Sentence: 213

The table is full of a

drink. Most Used Word:

table
Confidence (Medium): 47.32%

Export Data ~— 3 All Words:
oK zink able
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table table

(a) (b) (c) (a)

Figure 2: The user interface. (a) A settings screen allows users to choose
color schemes appropriate for two types of red-green colorblindness and to
toggle between light and dark mode. (b) Users can flip the camera view (see
1). The capture process is started and finished by selecting the record button
(see 2). Gestures can be grouped together by selecting the next button before
each additional video (see 3). In this example, ASL gestures for table, full, and
drink are recorded and grouped together for translation. (c) The translated
words from the grouped ASL gestures, the sentence constructed by the local
LLM, and the overall confidence score are displayed. (d) The analytics screen
displays the most commonly translated words, the number of translated words,
and a list of all words translated.

and grouped with the first video in the sequence by selecting the next button
(Figure 2(b)-3). Before adding a video to the sequence, the signer needs to be
notified that the system is ready to record additional gestures. The notification
must be 1) convenient for the user who is already using one hand to aim the
camera and 2) clear to the signer who may be hearing impaired. Our solution
is to utilize the flash on the camera, which is activated when the user initiates
the recording of additional videos by choosing the next button. Selecting the
record button again ends the capture process for the sequence of gestures to
be grouped.

Translation and Sentence Construction. The server receives the videos
and translates the gestures represented in each video into American English
words. The mobile application receives the translation and the overall con-
fidence score of the model’s translation (ranging from 0 to 1). The overall
confidence score is currently the average of the confidence scores of each trans-
lated word in the sequence captured by the user. All of the translated words
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presented to the user are color-coded according to categories of model confi-
dence. Translations with an overall confidence score > 0.70 are presented in
green, translations with an overall confidence score >= 0.35 and <= 0.70 are
presented in yellow, and translations with an overall confidence score < 0.35 are
presented in red. In the future, we plan to experiment with other definitions
of overall confidence and to allow the user to adjust the category boundaries.

Before sending the translations and confidence score to the mobile applica-
tion, the translated words are fed into a local LLM, which forms an American
English sentence based on the input. The sentence generated by the local
LLM is sent to the mobile application along with the translated words and is
presented with the same color as the translated words. Figure 2(c) shows the
translated words table, full, and drink and the resulting sentence (The table is
full of a drink.) were returned with a medium confidence score (as determined
by our implementation).

Analytics. Although our application does not currently offer the spe-
cialized functionality offered by platforms primarily focused on learning sign
language (see [17], [3], [24], [15] for examples), we recognize the importance
of providing a nonsigner guidance on where to begin learning activities. To
help inexperienced signers concentrate on the words that are frequently en-
countered, our system provides an analytics screen accessed by selecting the
leftmost icon at the bottom of Figure 2(b). The most commonly translated
words, the number of translated words, and a list of all translated words (in-
cluding duplicates) for a user are presented with text and a pie chart (Figure
2(d)). In the future, we plan to expand both the amount of information stored
and the analytics presented.

3.2 System Implementation

The implementation that facilitates the functionality of the user experience is
now described. Specifically, we provide details for video capture, video trans-
lation, sentence generation, and translation analytics.

Video Capture. Our system gives users the ability to group as many
gestures as desired and to let the user decide when to initiate translation.
The client (the on-device mobile application) captures the video representing
a single gesture using the device’s camera. Each recorded video is immediately
sent to the server with a flag that indicates if the video is the last in the
sequence.

Video Translation. The server is structured with FastAPT [7] and uses
PyTorch [8] to translate each video into a word recognized by the system.
Each video is segmented into individual frames that are then resized for con-
sistency and upsampled. Our system uses the Inception-vl I3D model [16], a
three-dimensional CNN, pretrained on word-level ASL videos. Recognition of
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a gesture is performed by sorting the confidence scores returned by the model
for each possible gesture and then mapping the confidence scores to a list of
preloaded words accessed by the system. This is performed for each video in
the group of videos, resulting in a list of translated words that is returned to
the mobile application and presented to the user.

Sentence Generation. Before sending the translated words to the mobile
application, our system passes them to an LLM for sentence construction.
Instead of using a closed (e.g., hidden model weights) and remote LLM such
as ChatGPT [23], we use an open-weight, tunable, and local LLM. Specifically,
we use GPT4All [1] to call a quantized, 8 billion-parameter version of Meta’s
Llama 3 [19] model. Several constraints are enforced via hard-coded prompts to
the LLM. For each constructed sentence, the LLM is reminded of its purpose
and the desired format: Translate provided American Sign Language (ASL)
into English text and summarize the message into a single, coherent sentence.
The system also provides prompts that request the LLM to exclude additional
context or information. The sentence constructed by Llama 3 is returned to
the mobile application, along with the translated word for each gesture and
the overall confidence score.

Translation Analytics. The mobile application receives the translated la-
bels, the constructed sentence, and the overall confidence score from the server.
Google’s Cloud Firestore [9], a NoSQL database, is used to store account in-
formation, translated words, and constructed sentences. When the user visits
the analytics screen, the mobile application accesses the remote database and
then generates the statistics presented to the user.

4 Results and Discussion

The advantages and shortcomings of our platform are described below. We
organize the discussion into sections for architecture design, model usage, and
user experience.

4.1 Architecture Design

The system uses a novel client-server architecture that balances on-device and
off-device resources. Separating machine learning from the mobile application
allows any model updates to be performed without users needing to update the
application. Placing machine learning on a remote server also allows access to
increased resources and eliminates the need for model pruning [18], [13] and
other optimizations that often need to occur before executing machine learning
algorithms on mobile devices. Usage information is also stored remotely, which
could potentially allow for analytics across multiple devices and/or users. We
utilize the limited resources on the mobile device for execution of the user
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interface, video recording, and calculating statistics instead of machine learning
or storage.

The choice of a local LLM allows gesture recognition and large-language
model management to be implemented at the same location. In our system,
this eliminates the need to access a remote model for sentence construction.
The Llama 3 [19] model specifically provides the additional benefit of a tunable
baseline LLM. This provides a suitable balance by 1) eliminating the need
to implement a specialized LLM but 2) allowing future customization in the
training process and resource utilization.

4.2 Model Usage

Our system currently uses the Inception-vl I3D model from Li et al. [16]
trained on over 119 signers in over 20,000 videos for four different categories:
100 words, 300 words, 1000 words, and 2000 words. We chose the version
trained on 100 words since Li et al. report a higher accuracy than models
trained on other word counts. This higher accuracy aided us during testing
and required a smaller number of words to be preloaded as labels when initially
building the system. Expanding the platform to include model versions with
a higher word count would be relatively straightforward and would consist
mainly of swapping out the current model and increasing our list of words that
the system checks before assigning a label.

During experimentation with our system, we noted several issues related to
model performance. We suspect that at least some of the variation in confidence
scores can be attributed to differences in motion. Words that have unique
motion patterns as a large part of their expression seem to be distinguished
more easily than those that have similar motion patterns but rely primarily
on nuanced differences in hand formation. Another issue we found was the
importance of video length. During initial testing, we attempted to increase
model performance with environmental variations during video capture (e.g.,
environment light and contrast). However, our model improved the most after
video lengths were cropped as much as possible without altering what was
being signed. We plan to investigate both of these issues further in the context
of both prior work in video recognition and our own implementation.

Figure 2 shows our attempt to produce a translation for a simple sentence:
The table is full of drinks. Separate gestures for table, full, and drink were
recorded and translated. The result produced by the LLM (The table is full
of a drink.) appears close to our intention. However, our experience in ASL is
limited to what was necessary to build this system and to perform preliminary
tests. We plan to collaborate with an ASL expert to further investigate the
accuracy of the sentence constructed by the LLM, including gesture recognition
refinements and LLM tuning.
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4.3 User Experience

Our system provides a novel, intuitive user experience, but there are areas of
interaction that we would like to improve. For example, a nonsigner indicates
readiness to record another gesture with a flashing light initiated by selecting
the next button. This method is convenient for the user holding the phone
and clear to the signer. However, this approach also requires the nonsigner to
know when a gesture starts and finishes which may shift more responsibility to
the signer to insert gaps between gestures or to otherwise notify the nonsigner
where words begin and end. Sign Language AI [14] claims to provide real-time
performance of ASL gesture recognition and we would like to investigate ways
to eliminate the need to manually capture video and still retain the balance of
on-device and off-device balance achieved by our system.

Another area of improvement that we would like to investigate is reducing
system delays. Initial testing of our system with clock utilities natively provided
by the frameworks we chose for implementation resulted in approximately 2.5
seconds to translate a single word (not including recording or constructing a
sentence) and approximately 7.5 seconds for the LLM to construct a sentence.
Increasing the number of words input to the LLM had a negligible effect on
the time for sentence construction. The server was equipped with only a sin-
gle Nvidia GeForce RTX 3070 graphics card and we plan to experiment with
additional resources.

5 Conclusion and Future Work

We have presented a novel architecture for bridging the gap between those who
rely on sign language to communicate and those who wish to understand the
hearing impaired but do not know sign language. Our system uses a pretrained
CNN to recognize gestures recorded by the user. A tunable local LLM is used
to construct sentences for the translated words. Our system tracks transla-
tion information, stores the information in a remote database, and retrieves
the information when needed. Gesture recognition and translation, sentence
construction, and translation analytics are tied together with an intuitive user
interface. In the immediate future, we plan to expand the number of ges-
tures that can be translated, investigate ways to improve video capture, and
experiment with model tuning in collaboration with an ASL expert.
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Abstract

This case study examines a university-led initiative that delivered in-
tensive, hands-on computing camps for high school students in Middle
Georgia, a mid-sized region with limited access to advanced computing
instruction in K—12 settings. The program included three distinct four-
day camps focused on cyberforensics, artificial intelligence, and Python
programming. Students ages 13 to 18 engaged with real-world tools,
gamified challenges, and scaffolded learning experiences. Designed for
participants with little or no prior exposure, each camp emphasized eth-
ical reflection, scenario-based problem solving, and Al-assisted develop-
ment. Participants reported increased technical confidence and greater
interest in computing careers. While the short-format model required
individualized support, it successfully introduced complex topics in an
approachable format. These results suggest that targeted outreach pro-
grams can help expand access to advanced computer science content in
regions where such opportunities remain limited.
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a fee and/or specific permission.
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1 Introduction

National efforts to expand K—12 computer science education have intensified
over the past decade, with growing emphasis on specialized areas such as cyber-
security, artificial intelligence (AI), and programming. Yet access to rigorous,
hands-on computing experiences remains largely concentrated in urban and
high-resource environments. In Middle Georgia, a region that is not fully ru-
ral or fully urban, high school students have limited opportunities to engage
meaningfully with advanced computing topics. Most local programs focus on
general STEM exposure or basic coding, leaving a gap for students who are
ready to explore more challenging, career-relevant content.

This lack of early exposure can carry significant long-term consequences.
Students without access to advanced technical learning opportunities are less
likely to pursue computer science majors in college, qualify for competitive
scholarships or internships, or develop the portfolio-ready skills increasingly
sought by employers. In under-resourced regions like Middle Georgia, this
results in a growing opportunity gap, both in postsecondary education and in
the broader technology workforce.

To address this need, a university-led initiative offered three four-day com-
puting camps in cyberforensics, artificial intelligence, and Python program-
ming. Designed to be rigorous, hands-on, and accessible regardless of prior
experience, the camps emphasized real-world tools, gamified learning, and
scenario-based problem solving. Each session served 8 to 15 students for four
hours per day during summer 2025.

2 Problem

Despite national initiatives to expand computing education, many mid-sized
and under-resourced regions still lack sustained access to advanced technical
instruction. By focusing on a mid-sized, under-resourced region, this work
extends research beyond the rural or urban dichotomy that dominates CS out-
reach literature. In Middle Georgia, most high school computing opportunities
focus on digital literacy or basic programming, without progression to applied
or high-level content. As a result, motivated students often lack the means to
develop deeper skills or explore academic and career pathways in computing.
There is a clear need for engaging and scalable models that introduce advanced
topics in an accessible way for students with little to no prior experience.
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3 Literature Review

Early exposure to computer science (CS) and cybersecurity significantly influ-
ences students’ academic and career pathways [19]. At the high school level, ef-
fective computing education is increasingly recognized as essential for workforce
readiness and for navigating a world shaped by data, automation, and artificial
intelligence. However, access to high-quality instruction varies widely by geog-
raphy and socioeconomic status. This review synthesizes research across four
areas: early exposure to computing, regional disparities, the role of informal
outreach, and instructional strategies for engaging novice learners.

Studies consistently show that early exposure fosters sustained interest and
persistence in computing fields ([8], [19]). Hands-on, project-based, and gam-
ified environments outperform traditional lectures in promoting engagement
and retention, especially in pre-college settings ([6], [10], [14]). Yet, most
outreach programs target urban or affluent communities, limiting access for
students in economically constrained or mid-sized regions.

There is growing urgency to equip students with artificial intelligence (AI)
and machine learning (ML) literacy, not just as tool users but as future con-
tributors to the Al-driven economy [17]. The AI4K12 Initiative outlines five
“big ideas” that K-12 students should understand about Al: perception, rep-
resentation and reasoning, learning, natural interaction, and societal impact.
These benchmarks provide a clear, age-appropriate framework for integrating
AT education across grade levels. Programs such as Code.org’s Al curriculum
and the AI4K12 guidelines demonstrate that advanced topics like AI/ML, cy-
bersecurity, and data science can be introduced successfully at the secondary
level when supported by effective scaffolding and accessible tools. However,
many current outreach efforts remain limited in scope and fail to align explic-
itly with these standards. Topics such as cyberforensics are still rarely included
in K-12 curricula, despite their increasing relevance.

3.1 Resource-Limited Access

Persistent disparities in computing education access are well documented. Ur-
ban and affluent schools are far more likely to offer Advanced Placement CS
courses, specialized electives, and extracurricular enrichment than their rural
or mid-sized counterparts [2]. Even in states with strong CS mandates, im-
plementation gaps persist in under-resourced districts, where offerings often
remain limited to digital literacy. Middle Georgia exemplifies this divide: not
rural but under-resourced, it lacks the infrastructure and academic computing
programs available in larger metropolitan areas. Many capable students lack
a pathway to explore computing before college.
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3.2 Effectiveness of Summer Camps

Summer computing camps offer a flexible model for technical enrichment out-
side traditional classrooms. Research shows these informal settings can build
student confidence, foster belonging, and provide access to real-world tools
and problem-solving scenarios ([1], [3], [7], [15]). Short-duration camps are
particularly effective when designed to be interactive and relevant. University
and community partnerships enhance sustainability and reach. Although suc-
cessful models exist, they are disproportionately offered in high-resource areas.
The literature reveals a gap in scalable outreach models for mid-sized or under
resourced regions [2].

3.3 Instructional Strategies for Novice Learners

Instruction for novice learners must balance rigor with accessibility. Scaffold-
ing and tool-based design reduce cognitive load and help students tackle com-
plex concepts incrementally ([9], [16]). Tools such as Google Colab, Code.org,
Scratch, and Autopsy support meaningful engagement with programming, arti-
ficial intelligence and machine learning, and cyberforensics without high techni-
cal barriers [3]. Gamification through progress tracking, challenge-based tasks,
and low-stakes competition has been shown to increase persistence and engage-
ment, especially in short-format learning environments ([4], [10], [19]).

Al-powered tools such as ChatGPT and GitHub Copilot are emerging in-
struction support tools that offer real-time content generation, scaffolding, and
curriculum design, primarily in postsecondary and professional contexts [11].
Although its use in grades K-12 remains limited, initial studies suggest poten-
tial benefits for personalized support and instructional efficiency [13]. Students
are engaged because they have been naturally curious about Al or using it with
limited guidance, so this is early in the literature about using AI with K-12,
by the students. However, educators must critically assess Al-generated con-
tent for accuracy and developmental appropriateness to avoid misinformation
or confusion.

In sum, early, project-based computing experiences can be transformative
for high school learners when grounded in real-world tools and accessible de-
sign. Informal models like summer camps can build early momentum toward
computing pathways, though implementation in mid-sized regions and the use
of Al tools in K—12 outreach remains underexplored. This case study addresses
these gaps directly.
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4 Design

To ensure accessibility, each camp was priced at $49, covering materials and
refreshments. Funding from The 21st Century Partnership, a nonprofit sup-
porting Robins Air Force Base and STEM development enabled the program.
Outreach targeted motivated high school students, even those with no prior
computing experience.

Each camp met for four hours daily over four consecutive days and served
between 8 and 15 students. Registration was first-come, first-served, and inten-
tionally limited to maintain a high instructor-to-student ratio. Students came
from a mix of public, private, and homeschool backgrounds, and ranged in age
from 13 to 18.

4.1 Python Programming Camp

Google Colab served as the primary platform to eliminate installation barriers
and support collaborative, browser-based coding ([5], [18]). Instruction fol-
lowed a cognitive framing approach, which refers to structuring content in a
way that incrementally builds understanding by connecting new information
to prior knowledge [12].

The four-day curriculum introduced variables, conditionals, loops, func-
tions, and data structures including lists, sets, and dictionaries. Daily activ-
ities included debugging challenges (“Bug Hunts”), games (“Number Guessing
Game”), and creative tools like a “Pizza Party Planner” and “Password Gen-
erator.” Students also completed a playlist randomizer and used ChatGPT to
build a calculator, illustrating how Al supports rapid prototyping. These tasks
combined real-world logic, playful design, and incremental skill building.

The camp concluded with a competitive HackerRank challenge covering key
topics. Students solved curated problems to demonstrate mastery, providing a
gamified capstone aligned with core learning objectives [20].

4.2 Cyberforensics Camp

This camp introduced students to digital investigation through four themed
days: forensic artifacts, investigative tools, timeline reconstruction, and re-
porting. Day 1 involved creating Windows 10 virtual machines, conducting
traceable activities, then exchanging machines for peer analysis using Autopsy
and FTK Imager. This gamified exercise emphasized evidence recovery and
behavioral inference.

Day 2 added metadata analysis and steganography. Students uncovered
hidden messages in files and dissected spoofed emails. The “Steganography
Challenge” rewarded speed and creativity, while humorous narrative exercises,
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such as solving the case of a stolen Mona Lisa or a rogue foot-sword purchase,
encouraged playful critical thinking.

Day 3 centered on OSINT, where students researched themselves, peers, and
public figures. This sparked conversations around privacy, digital footprints,
and ethics. They also learned email forensics and participated in a Wayground-
hosted trivia game.

On Day 4, students analyzed EXIF metadata to trace geolocation, ulti-
mately identifying a building in Serbia. The final challenge required building
a forensic timeline and delivering a formal report. The camp concluded with
a career talk covering certifications, job roles, and ethical responsibilities in
cybersecurity.

Instructional design emphasized real-world tools, narrative framing, and
flexible pacing. Mini-challenges, collaborative analysis, and ethics-driven sce-
narios supported high engagement, although many students needed individual
support, highlighting both the potential and the limitations of the short-format
model.

4.3 Artificial Intelligence/Machine Learning (AI/ML) Camp

The AT/ML camp guided students through four stages: foundational concepts,
prompt engineering, app development, and model training. Activities empha-
sized ethical reflection, creative exploration, and technical skill-building.

On Day 1, students explored generative Al through story creation, vacation
planning, and GUI design using tkinter and pygame. They used natural lan-
guage prompts to build simple games, demonstrating how Al tools can assist
novice programmers.

Day 2 focused on refining prompts. Students composed music in Code.org’s
Music Lab, completed an Al ethics module, and created interactive apps in App
Lab. These tasks prompted discussions about authorship, bias, and responsible
technology use.

On Day 3, students worked with digital media tools like Canva, Recraft.ai,
OpenArt, Google Veo, and Suno Al, raising questions about attribution, au-
thenticity, and synthetic content.

Day 4 shifted to model development using Code.org’s Al and Machine
Learning curriculum. Students trained classifiers on real-world datasets and
used Teachable Machine to explore image, audio, and pose recognition. Fi-
nal projects blended technical practice with critical reflection on Al’s societal
implications.

Although not explicitly organized around the AI4K12 framework, the camp
addressed its core ideas. Students encountered perception through multimodal
inputs, representation and reasoning via simple classifiers, learning through
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model training, and natural interaction through prompt engineering. Ethi-
cal discussions connected activities to Al’s broader societal impact. The camp
prioritized accessibility and inquiry, encouraging students to approach Al tech-
nologies with curiosity and critical awareness.

While each camp focused on distinct topics, Python programming, cy-
berforensics, or AI/ML, all shared a common instructional approach. They
used scaffolded progression, gamified challenges, real-world tools, ethical in-
quiry, and career contextualization. Table 1 summarizes these strategies across
camps.

Table 1: Instructional Design Elements Implemented Across All Camps
Instructional Element | Implementation Across Camps

Scaffolded Progression Concepts and tools were introduced incre-
mentally, with each day building on the last
to support novice learners.

Gamification Challenges such as trivia, HackerRank prob-
lems, steganography races, and creative com-
petitions sustained engagement.

Real-World Tools Students wused authentic platforms like
Google Colab, Autopsy, Al Lab, App Lab,
ChatGPT, and Teachable Machine.

Ethics and Reflection Each camp included discussions on privacy,
authorship, and responsible technology use.

Career Awareness Camps included exposure to job roles and
ethical dilemmas, helping students view com-
puting as creative and impactful.

5 Results

5.1 Student Participation and Engagement

Students were highly engaged across all camps, participating in hands-on ac-
tivities that emphasized real-world tools and problem-solving. In the forensics
camp, participants created virtual machines, conducted peer investigations,
analyzed EXIF data, and compiled formal forensic reports. Python students
tackled debugging challenges and developed interactive tools, while AT/ML
students explored prompt engineering, generative code, and model develop-
ment using Al Lab and Teachable Machine. Open-ended tasks such as OSINT
research and digital crime scene analysis elicited especially strong interest and
growing independence by Day 3.

181



A cognitive scaffolding approach proved effective for novice learners. Struc-
tured progression in Python supported incremental skill development, while AI-
assisted tools enabled students with limited experience to produce functional
applications. Although alternative pedagogical models exist, this approach of-
fered a reliable foundation for learners with diverse backgrounds. The results
suggest that, with accessible tools and thoughtful pacing, students in such
regions can thrive in advanced computing environments.

Survey responses reflected this positive engagement. All participants re-
ported increased knowledge of Al, cybersecurity, or programming. More than
half indicated a significantly stronger interest in future study or careers in
the field and expressed enthusiasm for participating in additional computing
opportunities.

5.2 Instructional Effectiveness

Narrative framing and gamification were especially impactful. Activities like
the Steganography Challenge, MS Paint contest, Wayground phishing game,
HackerRank problems, and AI prompt contests reinvigorated groups and en-
couraged friendly competition. Students responded well to scenario-based tasks
and peer collaboration, reinforcing both technical and real-world understand-
ing. Assessment varied by camp but emphasized mastery: investigative rea-
soning in forensics, syntax and algorithmic thinking in Python, and prompt
engineering and model accuracy in AI/ML.

5.3 Struggles and Variability

Despite strong engagement, students encountered challenges with multi-step
instructions and unfamiliar tools. In forensics, these included software setup
and operating system navigation. Python students faced issues with Colab and
syntax, while AI/ML participants struggled with abstract concepts and lacked
mathematical background. Some thrived independently; the majority required
frequent instructor support. By Day 2, it was clear the pace was ambitious for
several students.

Participants ranged from 8th to 12th grade, with wide variation in digital
literacy, attention span, and learning affinity. Sustaining focus for four hours
required redirection and occasional breaks. Some students had only used Apple
devices and found it challenging to adjust to Windows, including saving files
and navigating folder structures. A few believed they had “broken the com-
puter" when executing terminal commands, highlighting how unfamiliar these
environments were for some learners.

While progress was slower than anticipated, this diversity reinforced the
need for structured, game-based instruction to support a broad range of expe-
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rience levels.

5.4 Final Deliverables

Most students completed capstone projects. In forensics, they analyzed evi-
dence, demonstrated EXIF analysis and OSINT skills and created professsional
reports. In Python, students finished seven HackerRank problems aligned to
camp content. In AI/ML, students presented culminating projects and re-
flected on AT’s real-world impact. Task completion varied, particularly among
less confident students or those discouraged by open-ended expectations.

6 Discussion

6.1 Engagement and Learning Gains

This pilot reinforces that short-format computing camps can spark interest
in advanced topics among novice learners. Scenario-based inquiry, real-world
tools, and gamified challenges effectively engaged students while introducing
foundational computing skills. The approach aligns with prior research on
informal STEM learning and supports project-based pre-college instruction.

Well-designed, high-rigor camps are both feasible and impactful in mid-
sized regions like Middle Georgia. With interactive instruction and Al-supported
tools, students without prior experience made meaningful progress. As comput-
ing becomes increasingly central to modern careers, regional access initiatives
can help close opportunity gaps.

6.2 Challenges in Short-Format Camps

While camps offered valuable exposure, many students struggled with tool
onboarding and task interpretation. Success hinged on structured materials,
visuals, and peer support. For deeper learning, future efforts will require longer
durations or repeated engagement over time.

6.3 Career Awareness and Perceptions

Many students began the camps with little to no familiarity with fields such
as cybersecurity, artificial intelligence, or digital forensics. However, through
exposure to investigative tools, ethical dilemmas, and hands-on, scenario-based
projects, participants started to see these domains not simply as technical or
abstract, but as creative, intellectually engaging, and socially relevant. This
transformation highlights the critical role of intentional career framing in pre-
college outreach efforts.
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Several students expressed surprise at the range and nature of roles within
cybersecurity, particularly noting that the work extended far beyond the com-
mon “hacker” stereotype. One participant remarked that the forensic activities
felt “like being a digital detective,” underscoring how experiential learning can
challenge misconceptions and ignite interest in computing pathways.

Importantly, a lack of early, meaningful computing experiences often delays
or discourages students from pursuing technical careers altogether. By demys-
tifying complex topics and providing approachable entry points, these camps
helped reframe students’ understanding of the field and opened the door to
continued exploration.

6.4 Instructional Design Takeaways

Pacing technical complexity and allowing time for exploration improved stu-
dent outcomes. Low-penalty challenges, often described as “fail-soft” design,
supported persistence by enabling learners to experiment and recover from mis-
takes without punitive consequences. This approach is particularly effective in
short-format learning environments where confidence building is essential [4].
Because the camps relied primarily on no-cost tools and minimal setup re-
quirements, they can be readily replicated at peer institutions. Activities were
deliberately designed to be modular and interchangeable, using a wide vari-
ety of platforms to keep content fresh and adaptable. This modularity also
provided resilience: it accounted for temporary student disengagement, the
possibility of a tool malfunctioning, and the need to introduce diverse topics
to sustain interest.

6.5 Limitations and Future Work

The four-day format raised awareness but limited content depth. Variation in
student background presents replication challenges. Future programs could of-
fer school-year extensions or modular follow-ups. Long-term evaluation will be
essential to assess sustained gains in computational thinking and career orien-
tation. Though post-program survey participation was limited, responses were
overwhelmingly positive, signaling strong satisfaction and interest in future
offerings.

7 Conclusion

This case study presents a transferable framework that bridges national AI/CS
education initiatives with localized outreach models, offering both scholars and
practitioners evidence that short-format camps can spark sustained computing
engagement. By focusing on cyberforensics, artificial intelligence, and Python
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programming, the camps provided high school students in an under-resourced
region with meaningful, hands-on experiences using real-world tools and novice-
friendly instruction. Future iterations could extend this model by explicitly
aligning with AI4K12 “big ideas,” complementing CSTA standards and AP CS
Principles curricula.

Despite limited prior experience, students engaged enthusiastically with
gamified challenges and structured support, closing awareness gaps and in-
creasing interest in computing careers. As generative Al tools continue to
evolve, these camps may further personalize instruction, foster creative ex-
ploration, and strengthen connections between technical skills and real-world
applications.

While the four-day format constrained depth, the combination of scaffolded
progression, Al-assisted instruction, and scenario-based learning fostered an in-
clusive and engaging environment. Sustained programming, curricular integra-
tion, or follow-up modules could deepen impact over time. Scaling initiatives
through partnerships with school districts, nonprofit funders, and state-level
CS education efforts offers a promising pathway to democratize access to ad-
vanced computing and reduce regional opportunity gaps.

Short-format computing camps, when designed with low-cost tools, gam-
ified challenges, and scaffolded instruction, provide a replicable and scalable
model for expanding access to advanced computing in under-resourced regions.
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Abstract

Recent developments in Large Reasoning Models (LRMs) such as
OpenATI’s 01/03 series and Claude Thinking have generated some con-
siderable interest from the educational community. However, new re-
search reveals some fundamental limitations in the reasoning capabilities
of these models that have important implications for computing and
computer science education. This paper considers findings from con-
trolled puzzle environments that demonstrate three distinct performance
‘regimes’ and systematic reasoning failures in state-of-the-art LRMs. Our
goal is to consider the educational implications of these limitations for
computer science pedagogy, particularly with respect to assessment de-
sign, pedagogical strategies, and skill development priorities. We believe
that, rather than replacing human reasoning instruction, these limita-
tions highlight the continued importance of foundational computational
thinking, algorithmic reasoning, and problem-solving skills in computer
science education.
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1 Introduction

Large Language Models (LLMs) and Large Reasoning Models (LRMs) have
sparked debate about their potential impact on computer science (CS) edu-
cation, education as a whole, and industry. These sophisticated Al systems,
such as OpenAT’s 01/03 series [9], DeepSeek-R1 [7], and Claude 3.7 Sonnet
Thinking [1], are designed to generate detailed reasoning traces before provid-
ing answers to complex problems. Unlike traditional Large Language Models
(LLMs), LRMs explicitly demonstrate step-by-step thinking processes, lead-
ing to speculation about their potential for a paradigm shift in education and
assessment.

However, recent research by Shojaee et al. [10] provides interesting insight
into fundamental limitations of these current reasoning models. Through sys-
tematic evaluation using easily understood, controllable puzzle environments,
their work reveals that despite sophisticated self-reflection mechanisms, LRMs
exhibit predictable failure patterns and scaling limitations that have not been
discussed in educational contexts.

This paper examines the educational implications of these findings for CS
pedagogy. We consider how the documented limitations of LRMs should in-
form pedagogical decisions, assessment strategies, and curriculum design in
CS programs, particularly at small and liberal arts institutions where close
faculty-student relationships enable greater discussion among students and fac-
ulty. We believe that, rather than representing temporary technical challenges,
these limitations may actually strengthen the case for traditional CS educa-
tion approaches while suggesting new opportunities for meaningful human-AI
collaboration in learning environments.

2 Background

Understanding Large Reasoning Models. LRMs represent an evolution
of traditional LLMs, incorporating explicit reasoning mechanisms designed to
tackle complex problem-solving tasks. Unlike standard LLMs that generate
responses directly, LRMs produce detailed “thinking” processes: traces of in-
termediate reasoning steps that can be analyzed.

This approach builds on Chain of Thought (CoT) prompting [11], where
models show step-by-step reasoning rather than jumping to conclusions. The
technique has become foundational to reasoning model design, enabling re-
searchers to examine not just the final answers but also the intermediate
problem-solving process. These internal reasoning steps, called thinking to-
kens or reasoning traces, represent the solving work that LRMs generate before
providing final answers.

189



The behavior of these models can be tuned through parameters like tem-
perature, which controls the randomness (or creativity) of model responses.
Lower temperature values yield more deterministic responses while higher tem-
peratures promote creative generation [8]. However, all models are limited by
their token budget: the maximum number of tokens (roughly word-like units)
they can process or generate per interaction, directly constraining the depth
and complexity of reasoning.

Evaluating these models requires more sophisticated metrics than simple
accuracy measurements. Pass@k evaluation [6], commonly used in assessing
generated code, measures the probability that at least one correct solution
appears in k attempts, providing a more nuanced view of the capabilities of the
model compared to the accuracy of single attempts. This approach recognizes
that in real-world applications, users often generate multiple attempts when
working with Al systems.

Assessment Challenges in AI Era. The integration of Al tools in
education has created significant challenges for assessment design. Traditional
evaluation methods face threats from Al capabilities, leading to concerns about
academic integrity and the validity of student evaluation [2]. However, under-
standing specific Al limitations can inform more robust assessment strategies.

Data contamination represents a critical issue where Al models have been
exposed to test problems during training, making standard benchmarks unre-
liable for evaluation [5, 12]. This contamination problem has particular rele-
vance for CS education, where many traditional programming and algorithmic
problems have inevitably been included in training datasets.

Computational Thinking and Problem Solving. CS education has
long emphasized computational thinking through four components [4]. De-
composition involves breaking problems into smaller, more manageable parts.
Pattern recognition identifies similarities across problems. Abstraction
involves ignoring irrelevant details while focusing on essential features. Last,
algorithm design develops step-by-step solutions to problems. Understand-
ing how LRMs perform on these fundamental cognitive tasks provides crucial
insights for curriculum design and pedagogical strategy.

3 Overview of Findings by Shojaee et al.

Shojaee et al. [10] used controllable puzzle environments to systematically as-
sess LRM reasoning at varying levels of complexity. Unlike traditional bench-
marks prone to data contamination, these environments, including Blocks
World puzzles, River Crossing, Checker Jumping, and Tower of Hanoi, al-
low exact control over problem complexity while preserving consistent logical
structures.
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Three Reasoning Regimes. The research suggested three different per-
formance regimes based on the complexity of the problem, each revealing im-
portant differences in how models respond to varying levels of challenge. In
the low complexity regime, standard LLMs outperformed LRMs, achieving
better accuracy with greater token efficiency. As is sometimes the case with
our students, this result suggests that advanced reasoning mechanisms might
cause models to ‘overthink’ simple problems, adding unnecessary complexity.
As complexity increased, the medium complexity regime emerged where
LRMs demonstrated clear advantages over standard models. Their explicit rea-
soning capabilities provided measurable benefits that justified the additional
computational costs for moderately complex tasks. However, in the high com-
plexity regime, both LLMs and LRMs experienced complete performance
collapse despite models operating well below their token budget limits.

Reasoning Collapse and Scaling Limits. Perhaps most significantly,
the research revealed systematic reasoning collapse beyond model-specific com-
plexity thresholds. As problems grew more difficult, models actually reduced
their reasoning effort (measured in thinking tokens) despite having ample com-
putational resources. Even when provided with complete algorithms for solving
problems, LRMs failed to act on them reliably, suggesting fundamental limita-
tions in logical processing. Performance also varied dramatically across puzzle
types of similar complexity, succeeding on problems requiring 100+ sequential
moves in one domain while failing on 11-move problems in another domain.
These findings highlight fundamental limitations in current model scalabil-
ity but offer pedagogical hope—like our students, even advanced Al systems
struggle when complexity increases, reinforcing the value of guided reasoning
in education.

Analysis of Reasoning Traces. Detailed examination of LRM thinking
processes revealed complexity affects their thinking patterns, exposing basic
flaws in current reasoning approaches and notable weaknesses in their ability
to self-correct. For simple problems, models exhibited an overthinking phe-
nomenon, often identifying correct solutions early but continuing to explore
incorrect alternatives, wasting computational resources. At moderate com-
plexity levels, correct solutions showed late convergence, emerging only after
extensive exploration of incorrect paths. Beyond certain complexity thresholds,
models experienced complete failure, unable to generate any correct solutions
regardless of the allowed reasoning length.

4 Educational Implications for CS

The systematic limitations identified by Shojaee et al. [10] have direct impli-
cations for CS education. In this section, we analyze key conclusions through
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a ‘finding-implication’ framework, where findings represent specific limitations
and implications explore how these findings should inform pedagogical deci-
sion, curriculum design, and assessment strategies. This approach attempts
to bridge the gap between bleeding-edge Al research and practical educational
applications.

4.1 Assessment Design and Academic Integrity

Finding: Providing complete algorithms to LRMs does not improve their
performance on execution tasks.

Implication: This finding implies that educators (currently) should not
hesitate to provide algorithmic guidance, pseudocode, or detailed specifica-
tions in assignments. In this case, discovering algorithms is not the main
challenge, the real difficulty lies in executing them reliably through clear and
sequential reasoning. This continues to be a foundational skill for CS stu-
dents, particularly given that, as educators can attest, following instructions
is not always students’ top priority.

Finding: LRMs exhibit complete accuracy collapse beyond certain com-
plexity thresholds, regardless of available computational resources.
Implication: Educators can design assessments with appropriate complex-
ity levels that reliably differentiate between student work and Al assistance.
Programming assignments that involve more than 15 logical steps, require
managing complex states, or demand deep algorithmic reasoning may natu-
rally be resistant to current Al capabilities. This suggests that well-designed
capstone projects, complex data structure implementations, and multi-phase
algorithm development remain viable assessment approaches.

Finding: LRMs show inconsistent performance across different problem
domains of similar complexity.

Implication: Students relying heavily on Al tools would likely exhibit sim-
ilarly inconsistent performance patterns. This supports the use of varied as-
sessment formats including domain-specific applications or cross-disciplinary
programming projects. Thus, using diverse problem types within assign-
ments can expose gaps in student understanding.

4.2 Curriculum Design and Skill Prioritization

Finding: The three performance regimes indicate to educators which com-
plexity levels work best for specific learning goals.

Implication: Curriculum design should strategically leverage these regimes
across all course levels. For low-complexity tasks such as syntax practice
and basic concept reinforcement as shown in Table 1, courses can safely
incorporate Al collaboration regardless of level so that students focus cog-
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Table 1: CS competency classification by Al resistance level and recommended
pedagogical approaches.

CS Competency AT Resistance | Priority | Approach
Algorithm Design High Critical | Human-focused
System Architecture High Critical | Human-led
Debugging & Testing High Critical | Human-centered
Code Review High Critical | Human expertise
Mathematical Foundations High Critical Traditional

Code Implementation Medium High Guided AT collab
Documentation Medium High Al + review
Syntax Learning Low Medium | Al-assisted

nitive effort on higher-level reasoning tasks. Medium-complexity problems
(e.g., multi-step algorithms, structured problem-solving, etc.) offer oppor-
tunities for guided AI collaboration where students can learn from reason-
ing demonstrations. Code implementation and documentation, classified as
medium Al-resistance skills in Table 1, benefit from this guided collaboration
approach where students maintain active oversight roles. High-complexity
challenges (e.g., designing novel algorithms, implementing a solution using
custom APIs) should prioritize human-centered learning, where students
build skills beyond the reach of current Al

e Finding: LRMs demonstrate poor self-correction, fixating on early incorrect
solutions.
Implication: It becomes essential for students to develop and refine debug-
ging methodologies, systematic testing approaches, and analysis of errors
and exceptions. CS programs can emphasize metacognitive strategies when
problem-solving approaches are not working. This includes learning to iden-
tify dead ends early, systematically backtrack to previous decision points,
and maintain solution quality during development. Visual problem-solving
techniques, such as drawing diagrams, sketching algorithm flows, and creat-
ing state representations, become particularly valuable for developing these
meta-cognitive skills. These capabilities for reflective thinking and visual
reasoning represent areas where current Al falls short, making them essen-
tial competencies for students who must learn to guide and complement Al
tools effectively.

e Finding: Models are poor at sequential planning tasks requiring sustained
state tracking and logical consistency.
Implication: Core CS concepts like algorithm correctness and complex-
ity analysis remain essential (see Table 1). At the implementation level,
students must develop precise mental models through hands-on work with
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pointers, memory management, and debugging. Medium-complexity skills
bridge theory and practice (e.g., recursive algorithm design, data structure
trade-offs, and program invariants, etc.). Meanwhile, lab-based experiences
in, for example, compiler design, database design, and software engineering
offer valuable opportunities to cultivate disciplined, sequential thinking and
uniquely human problem-solving abilities.

4.3 Pedagogical Strategies

Finding: LRMs can generate verbose, inefficient reasoning traces, continu-
ing work after finding correct solutions and fixating on incorrect approaches.
Implication: Teaching students to communicate clearly and write concisely
becomes increasingly important. In programming contexts, they must learn
to distinguish genuine reasoning from Al-generated patterns. This reinforces
the value of code documentation, algorithm explanation, and technical pre-
sentation as essential components of a quality CS education.

Finding: Different reasoning models break down at different levels of com-
plexity and show varying strengths across domains.

Implication: Human teams can overcome individual limitations in ways
current Al collaboration cannot. Thus, collaborative learning approaches
become increasingly valuable, as group programming projects, code review
processes, and peer debugging sessions cultivate complementary reasoning
skills that AI cannot replicate.

Finding: Pass@k evaluation shows that while multiple attempts boost Al
success, the gains diminish and vary by problem type and complexity.
Implication: When integrating Al tools into learning, limit the number of
attempts to promote thoughtful engagement over trial-and-error. This en-
courages deliberate practice and deeper problem analysis, reducing reliance
on brute-force computation.

4.4 Research Methods and Critical Evaluation

Finding: The research shows that data contamination in benchmarks skews
conclusions about Al capabilities.

Implication: CS programs should prioritize experimental design, control
methods, and critical evaluation to equip students with the skepticism needed
to assess the strength and limitations of Al in a tech-driven workplace.
Finding: Shojaee et al. [10] found that controllable experimental environ-
ments provided more reliable insights than traditional benchmarks.
Implication: Courses teaching research methodologies should teach fair
evaluation design and bias detection in Al assessments, preparing students to
make informed decisions about Al adoption and limitations in their careers.
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4.5 Programming and Software Development

Finding: LRMs exhibit fundamental limitations in logical step execution
and subsequent verification.

Implication: Again, emphasis on testing methodologies, formal verification
principles (e.g., precondition / postcondition, assertions, model checking,
etc.), and systematic debugging becomes more crucial. As shown in Table 1,
these debugging and testing skills represent high Al-resistance competencies
where human oversight remains essential.

Finding: Shojaee et al. [10] found that models demonstrate poor perfor-
mance on problems requiring exact computation and algorithmic precision.
Implication: Mathematical foundations, algorithm analysis, and compu-
tational complexity remain core competencies. Classified as critical, high
Al-resistance skills in Table 1, these algorithmic principles require deep stu-
dent understanding to effectively guide, verify, and complement AI tools in
professional settings.

4.6 Cross-Curricular Applications

Finding: Reasoning model limitations appear to be fundamental rather
than domain-specific.

Implication: These limitations reflect core reasoning challenges. Thus, the
computational thinking skills that CS education develops—logical reason-
ing, systematic problem decomposition, and algorithmic thinking—represent
uniquely human capabilities with broad disciplinary value. This idea sup-
ports CS requirements in liberal arts curricula and strengthens the case for
interdisciplinary programs that integrate computational thinking.
Finding: The overthinking effect highlights inefficient use of resources in
AT reasoning.

Implication: This demonstrates that teaching resource management, effi-
ciency analysis, and optimization principles becomes increasingly relevant
beyond CS. These skills support applications in data science and computa-
tional modeling across academic departments.

Finding: Ballon et al. [3] conducted research on mathematical reasoning
that motivated the systematic puzzle evaluation by Shojaee et al. [10]. They
found that discrete mathematics stands out as a token-intensive domain and
that a longer CoT does not improve performance. In contrast, foundational
mathematical areas like algebra and calculus consumed fewer tokens.
Implication: This evidence reinforces the reliability of complexity-based
AT limitations identified through puzzle environments. This demonstrates
that educators can apply these complexity principles beyond CS. For ex-
ample, problems with heavier combinatorial or multi-step reasoning load
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(e.g., counting problems, set theoretic inclusion/exclusion problems, etc.)
are more resistant to Al-assistance than procedural, algorithmic problems
(e.g., modulo-based equivalence classes, proof by induction of summation
formulae, etc.). By designing assignments that focus on multi-step reason-
ing, faculty from all disciplines can more accurately assess student knowl-
edge.

5 Limitations and Future Considerations

The research by Shojaee et al. [10] provides valuable insights; however, sev-
eral limitations affect the generalizability of their findings to educational con-
texts. The puzzle environments represent a narrow slice of reasoning tasks
compared to the breadth of problems in CS education. The deterministic na-
ture of puzzle validation may not capture real-world programming challenges
where multiple valid solutions exist and creativity plays a larger role. The
research relied primarily on black-box API access, limiting analysis of internal
mechanisms relevant for educational applications. While AT models will con-
tinue to improve, the systematic nature of these reasoning limitations across
multiple state-of-the-art models suggests deeper challenges in current reasoning
approaches rather than merely scaling issues. Al research typically advances
by addressing such limitations, so these issues may well be resolved with time.

The puzzle environments selected by Shojaee et al. [10] are distinct from
the types of problems that are often assigned within undergraduate courses.
These puzzles often feel overwhelming to students as they require exploration
rather than immediate application of techniques or algorithms they have been
explicitly taught. Additionally, the amount of time that students must invest
in exploration before they are able to synthesize a solution is often beyond
the expectations of prior coursework. The research by Shojaee et al. seems to
mirror our experiences in the classroom in introducing more creative problems
that are not procedural in nature; students tend to struggle with new problems
that require pushing the boundaries of their knowledge. The pitfalls that Al
faces are similar in nature to the pitfalls that students face.

The implications drawn from this research assume certain educational con-
texts that may not apply universally. Small class sizes and close faculty-student
relationships, while common at many institutions, enable more nuanced ap-
proaches to Al integration than might be feasible in larger educational settings.
The focus on controlled problem environments may not fully capture the col-
laborative and iterative nature of real-world software development, where Al
tools may offer distinct value. However, student populations may vary signifi-
cantly in their prior Al exposure and comfort levels, affecting how these tools
integrate into learning processes.
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While the research identifies fundamental limitations in current reasoning
architectures, continued technological development may address some identi-
fied issues. Educational institutions must balance their preparation for current
technological realities with an anticipation of future developments. The empha-
sis on fundamental reasoning skills suggested by this research appears robust
to technological change, as these capabilities remain valuable regardless of Al
advancement.

6 Conclusions

The research examining LRM limitations provides crucial guidance for CS edu-
cation in this Al era. Rather than suggesting wholesale changes to curriculum
or pedagogy, the findings support a nuanced approach that leverages current
AT capabilities while strengthening uniquely human reasoning skills. The iden-
tification of three distinct performance regimes offers a framework for strategic
AT integration: utilizing cost-effective standard models for basic concept rein-
forcement, engaging with reasoning models for intermediate complexity learn-
ing, and emphasizing human-centric approaches for advanced problem-solving
that exceeds current Al capabilities.

Perhaps most importantly, the documented limitations in algorithmic exe-
cution, verification, and logical consistency highlight the continued importance
of foundational CS education. Skills in debugging, testing, formal reasoning,
and systematic problem decomposition remain not only relevant but essential
for effective human-Al collaboration. For CS educators, these findings sug-
gest confidence in traditional pedagogical approaches while identifying specific
opportunities for meaningful integration with current AI tools. Assessment
strategies can be designed with complexity thresholds in mind, curriculum can
be structured to leverage appropriate Al capabilities, and skill development
can focus on areas where human reasoning provides irreplaceable value.

The broader implication extends beyond CS to the development of critical
thinking and analytical reasoning capabilities. The limitations identified in so-
phisticated Al systems underscore the value of human reasoning development
across disciplines. As Al tools continue to evolve, the emphasis on metacogni-
tive skills, collaborative reasoning, and systematic problem-solving approaches
suggested by Shojaee et al. provides a robust foundation for students regard-
less of technological advancement. Rather than competing with current Al
capabilities, effective CS education can prepare students to guide, verify, and
complement these powerful but currently limited tools. The illusion of Al rea-
soning, as revealed through systematic evaluation, ultimately strengthens the
case for rigorous CS education focused on developing the reasoning capabilities
that current technology cannot replicate or replace.

197



References

[1] Anthropic. Claude 3.7 Sonnet. https://www.anthropic.com. 2025.

[2] Ali Ateeq et al. “Artificial intelligence in education: implications for aca-
demic integrity and the shift toward holistic assessment”. In: Frontiers
in Education Volume 9 - 2024 (2024). 1SSN: 2504-284X. DOI: 10.3389/
feduc.2024.1470979.

[3] Marthe Ballon, Andres Algaba, and Vincent Ginis. “The relationship
between reasoning and performance in large language models-03 (mini)
thinks harder, not longer”. In: (2025). arXiv: 2502.15631 [c¢s.LG]. URL:
https://arxiv.org/abs/2502.15631.

[4] Unal Cakiroglu and Volkan Selguk. “Machine learning meets secondary
school classrooms: using hands-on activities to advance computational
thinking”. In: Education and Information Technologies 30.7 (Dec. 2024),
pp- 9547-9571. 1SSN: 1360-2357. DOI: 10.1007/s10639-024-13196-8.

[5] Nicholas Carlini et al. “Extracting Training Data from Large Language
Models”. In: (2021). arXiv: 2012.07805 [cs.CR]. URL: https://arxiv.
org/abs/2012.07805.

[6] Mark Chen et al. Fvaluating Large Language Models Trained on Code.
2021. arXiv: 2107 .03374 [cs.LG]. URL: https://arxiv.org/abs/
2107.03374.

[7] DeepSeek-Al et al. DeepSeek-R1: Incentivizing Reasoning Capability in
LLMs via Reinforcement Learning. 2025. arXiv: 2501 .12948 [cs.CL].
URL: https://arxiv.org/abs/2501.12948.

[8] Ari Holtzman et al. “The Curious Case of Neural Text Degeneration”. In:
(2020). arXiv: 1904.09751 [cs.CL]. URL: https://arxiv.org/abs/
1904.09751.

[9] OpenAl Introducing OpenAI o1. https://openai.com/blog/introducing-
ol. 2024.

[10] Parshin Shojaee et al. “The Illusion of Thinking: Understanding the
Strengths and Limitations of Reasoning Models via the Lens of Prob-
lem Complexity”. In: (2025). arXiv: 2506.06941 [cs.AI]. URL: https:
//arxiv.org/abs/2506.06941.

[11] Jason Wei et al. “Chain of Thought Prompting Elicits Reasoning in Large
Language Models”. In: Advances in Neural Information Processing Sys-
tems. Ed. by Alice H. Oh et al. 2022. URL: https://openreview.net/
forum?id=_VjQ1MeSB_J.

198



[12] Cheng Xu et al. Benchmark Data Contamination of Large Language Mod-
els: A Survey. 2024. arXiv: 2406.04244 [cs.CL]. URL: https://arxiv.
org/abs/2406.04244.

199



Hands-on PDC in Undergraduate Computing
Education*

Hala ElAarag and Anas Gamal Aly
Mathematics & Computer Science

Stetson University
DeLand, FL 32723

{helaarag, agamal}@stetson.edu

Abstract

Parallel and Distributed Computing (PDC) is a critical yet conceptu-
ally challenging area of the undergraduate computer science curriculum.
While students often encounter these concepts in theory, few gain expo-
sure to experience in real high-performance computing (HPC) environ-
ments. Research shows that when students are engaged in project-based
learning they retain knowledge more effectively. They also develop a
deeper understanding of concepts taught in the classroom. This pa-
per presents a practical assignment in which students engage directly
with the University of Florida’s HiPerGator supercomputer to imple-
ment and benchmark matrix multiplication using Python and C (via
POSIX threads and OpenMP). Students navigate batch scheduling, core
allocation, and performance tuning, experiences that are rarely accessi-
ble at the undergraduate level. We describe the assignment in detail and
provide a three-year evaluation across multiple course offerings, high-
lighting how structured access to real HPC infrastructure can deepen
student understanding of parallelism and multithreading.

1 Introduction

Undergraduate courses in Parallel and Distributed Computing (PDC) rarely
grant students hands-on access to high-performance computing (HPC) re-

*Copyright (©)2025 by the Consortium for Computing Sciences in Colleges. Permission to
copy without fee all or part of this material is granted provided that the copies are not made
or distributed for direct commercial advantage, the CCSC copyright notice and the title of
the publication and its date appear, and notice is given that copying is by permission of the
Consortium for Computing Sciences in Colleges. To copy otherwise, or to republish, requires
a fee and/or specific permission.
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sources. To bridge this gap, we developed an assignment in which students im-
plement and benchmark multithreaded matrix-multiplication code on the Uni-
versity of Florida’s HiPerGator supercomputer {13, 5]. Matrix multiplication
is a O(n?) operation [12]| that underlies many advanced systems—most promi-
nently the Transformer architecture that powers modern large-language models
(LLMs) [14]. Although recent research seeks to eliminate computationally-
intensive matrix multiplication operations in deep learning [15], conventional
LLM pipelines as of 2025 remain dominated by matrix multiplication [9].

CS pedagogy studies show that hands-on, project-based activities increase
engagement and long-term retention, especially for abstract topics such as con-
currency and parallelism [10, 3]. When students tackle open-ended problems on
real hardware—whether breadboards, Raspberry Pis, or HPC clusters — they
report greater satisfaction and achieve deeper conceptual understanding [6, 7,
11]. Discovery learning is therefore potentially useful for PDC [1].

Previous efforts have helped students visualize multithreaded behaviour [2].
We extend this work by moving beyond simulation: students write POSIX-
threaded and OpenMP implementations, craft batch scripts, submit jobs to
HiPerGator, and analyse scalability across languages, thread counts, and cores.
The assignment situates algorithmic theory within a real-life HPC workflow,
giving students first-hand experience with scheduling policies, queue limits,
and performance bottlenecks.

This paper details the structure of the assignment, presents an evaluation of
three course offerings (Spring 2022, 2024, 2025), and discusses its pedagogical
impact.

2 Related Work

Several works have also explored matrix multiplication as a vehicle for teach-
ing parallel programming. Fietkiewicz demonstrated the educational value of
recursive matrix multiplication in a parallel setting and suggested requiring
students to perform more detailed efficiency analyses as part of the learning
process [8]. More recently, Bober and Bylina investigated teaching parallel pro-
gramming on students’ personal computers using matrix multiplication with
MKL, OpenMP, and SYCL libraries, emphasizing performance comparisons
across multiple frameworks [4].

Our work extends these efforts in two key ways. First, rather than focus-
ing primarily on framework-level differences, we situate matrix multiplication
in a production-grade HPC workflow using the HiPerGator supercomputer.
This exposes students to job scheduling, queue management, and resource
allocation, experiences that are rarely available in undergraduate curricula.
Second, by requiring students to benchmark implementations in both Python
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and C across multiple threading paradigms, we highlight the contrast between
language-level concurrency models and performance bottlenecks. The nov-
elty of our approach lies in combining algorithmic simplicity with the central
learning goal of HPC workflow proficiency, thereby deepening student under-
standing of Parallel and Distributed Computing (PDC) and bridging the gap
between this conceptually challenging area of the undergraduate curriculum
and real-world applications.

3 Assignment Design

During the assignment design, we intentionally chose matrix multiplication be-
cause it is a well-known common algorithm that is computationally intensive
[12]. Tts algorithmic simplicity is a key advantage, as it allows students to
focus on the primary learning objectives: navigating a real High-Performance
Computing (HPC) environment to gain a better understanding of parallel pro-
gramming and multithreading.

The assignment does not focus on the implementation of the algorithm
itself. The main goal is for students to understand the impact of multithreading
on algorithm performance. This goal is achieved through exposing students
to the process of designing experiments, managing resources on a real-world
supercomputer via a job scheduler, and analyzing performance variations across
different parallelization strategies.

This approach situates theoretical knowledge within a practical, project-
based framework, moving students from abstract concepts to tangible skills
grounded in the principles of discovery learning [1].

3.1 Learning Objectives

Upon completing this assignment, students are expected to be able to:

e Implement and Compare different parallel programming methods
(POSIX threads, OpenMP) as well as understand their performance im-
plications.

e Manage HPC Workflows by writing SLURM batch scripts, submit-
ting jobs to a scheduler, and monitoring their execution on a remote
HiperGator cluster.

e Analyze Performance Trade-offs by designing an experiment to mea-
sure how execution time is affected by matrix dimensions, programming
language choice, thread count, and core allocation.
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3.2 Structure

We structured the assignment as an open-ended investigation. Rather than
providing a rigid set of instructions, we task students with an open-ended
objective to investigate and report on the factors affecting the performance of
matrix multiplication. This structure encourages a discovery-based approach
where students must formulate their own hypotheses and design experiments
to test them.

Students completed the project individually, ensuring that each student
gained hands-on experience with both implementation and HPC workflows.
However, we encouraged informal peer discussion during lectures, particularly
when troubleshooting job scripts or interpreting unexpected performance re-
sults.

To help students remain focused on the long-duration aspects of the project,
we divided the work in the assignment instructions into discrete milestones.
Each stage (implementation, HPC workflow, data analysis and final report)
functioned as a mini-project with its own deliverables.

We structured the process as follows:

1. Baseline Implementation: Students first implement standard, single-
threaded matrix multiplication in Python and C. This establishes a per-
formance baseline.

2. Parallel Implementation: Students then develop two parallel versions
in C (using POSIX threads and OpenMP) and one in Python (using its
threading library).

3. HPC Immersion: Students are given access to HiPerGator and its doc-
umentation. They learn to write shell scripts to automate their experi-
ments and submit jobs to the SLURM scheduler. This is a critical task
that mirrors the typical workflow of researchers and software engineers.
They must specify job parameters such as core count, memory alloca-
tion, directly engaging with concepts of resource management discussed
in lectures.

4. Data Collection and Analysis: Students run their code with varying
matrix sizes, thread counts, and core allocations. They record results
and are required to produce visualizations to support their analysis.

5. Final Report: The project culminates in a technical report where stu-
dents present their findings, interpret their graphs, and explain the ob-
served performance behaviors.
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4 Evaluation and Discussion

We evaluated the assignment’s effectiveness using two primary methods: di-
rect analysis of student work products (final reports and code) and indirect
assessment via anonymous surveys measuring student perceptions. As shown
in Table 1, data is aggregated from three semesters: Spring 2022, 2024, and
2025.

4.1 Analysis of Student Submissions

Students submitted final reports that provide clear evidence of student learning.
By tasking students to explain their results, we can assess their conceptual
understanding. The figures below, taken from a representative student report,
are presented here with the kind of analysis we expect students to produce,
which demonstrates the learning that occurred.

Performance Analysis: C with OpenMP Program

r0.8

r 0.6

Matrix Size

r 04

Processing Time (seconds)

Figure 1: Performance of C with OpenMP.

Figures 1 and 2 show a student’s comparison of C-based implementations.
In their reports, students identified the C implementations as significantly
faster than Python — as expected. They noted that the OpenMP version
(Figure 1) offered the best performance with the least programming effort,
providing a concrete example of the value of libraries that are optimized for
parallel execution.
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Performance Analysis: C Program
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Figure 2: Performance of C with POSIX threads.

The slight performance differences and diminishing returns at higher thread
counts led students to independently research and discuss concepts like thread
creation overhead and the limits of parallelization.

A key insight for many students was the unexpected performance behavior
of multithreaded Python. As shown in Figure 3, increasing the number of
threads did not lead to performance gains; in fact, some students observed
slight slowdowns. This prompted students to re-examine their initial intuition
that "more threads provide more speed", fostering a deeper understanding of
the nuances of concurrency.

4.2 Student Perceptions and Self-Reported Learning

We collected Anonymous survey data at the end of each semester. Survey
data analysis confirms that students found the assignment engaging, useful,
and effective. As shown in Table 1, student reception has been overwhelmingly
positive across all three course offerings.

The consistently high ratings for usefulness and willingness to recommend
the project indicate that students recognize its value.

OThe course was not offered in Spring 2023 due to instructor sabbatical. Y/M/N repre-
sents the percentage of Yes/Maybe/No responses for each survey question.
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Performance Analysis: Python Program
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Figure 3: Performance of multithreaded Python.

Table 1: Survey Results by Year

Year Interest Understanding Useful Recommend Difficulty
Y/M/N (%) Y/M/N (%) Y/M/N (%) Y/M/N (%) (1-5)
2022 91/9/0 73/27/0 100/0/0 91/9/0 3.27
2024 75/25/0 88/0/12 63/37/0 88/12/0 3.50
2025 64/29/7 71/22/7 79/14/7 79/14/7 3.79

Qualitative feedback reveals three consistent themes across all cohorts.
When asked “What did you like most about the project?”, students
responded:

Access to Professional Computing Resources: Students consistently
valued the opportunity to work with production HPC infrastructure:

e “Being able to use a supercomputer to run extremely large computations
with a large amount of memory” (2022)

e “Using a super computer is something that I can put on my resume”
(2022)

o “Getting to use UF’s HiPerGator was an experience that not a lot of
undergraduates get to use” (2025)
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Hands-on Performance Observation: Students appreciated seeing the-
oretical concepts manifest in measurable performance differences:

e “I loved seeing the results across languages. It’s fascinating to see just
how slow python is for stuff like this” (2024)

e ‘T liked that the program made it very clear how threading effects time
needed for execution of programs” (2022)

e “T enjoyed being able to see the difference in my home laptop vs what a
supercomputer is capable of” (2025)

Applied Learning Experience: Students valued the practical applica-
tion of classroom theory:

e “I liked the hands on approach that the project afforded me” (2022)

e “Actually writing code to see how the discussed topics work in real life
scenarios” (2024)

This feedback, combined with the quantitative data, supports the effective-
ness of providing students with hands-on HPC experiences for learning PDC
concepts.

5 Conclusion

This paper presents a project-based learning assignment that leverages a pro-
duction grade supercomputer to teach fundamental concepts in parallel and dis-
tributed computing (PDC). By framing a classic matrix multiplication problem
within a discovery-learning framework, we successfully moved students beyond
rote memorization of algorithms to a practical understanding of real-world
HPC workflows, performance bottlenecks, and language-specific concurrency
models.

The primary contribution of this work is a replicable pedagogical model that
addresses the common challenge of teaching abstract PDC concepts. The anal-
ysis of student work demonstrates clear learning gains in understanding mul-
tithreaded behavior and HPC workflows. Furthermore, student self-reported
data confirms the assignment is highly engaging and valuable. By situating
theoretical knowledge within a practical, hands-on context, students not only
learn the material more deeply but also acquire practical skills relevant to skills
used in the industry. This approach can be replicated to provide an effective
PDC education at the undergraduate level.
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Abstract

This paper presents an innovative pedagogical approach for teach-
ing artificial intelligence and data science that systematically bridges
traditional machine learning techniques with modern Large Language
Models (LLMs). We describe a course structured in two sequential and
complementary parts: foundational machine learning concepts and con-
temporary LLM applications. This design enables students to develop
a comprehensive understanding of AI evolution while building practical
skills with both established and cutting-edge technologies. We detail the
course architecture, implementation strategies, assessment methods, and
learning outcomes from our summer course delivery spanning two seven-
week terms. Our findings demonstrate that this integrated approach
enhances student comprehension of the Al landscape and better pre-
pares them for industry demands in the rapidly evolving field of artificial
intelligence.

1 Introduction

The artificial intelligence landscape has undergone unprecedented transforma-
tion with the emergence of Large Language Models (LLMs). While founda-

*Copyright (©)2025 by the Consortium for Computing Sciences in Colleges. Permission to
copy without fee all or part of this material is granted provided that the copies are not made
or distributed for direct commercial advantage, the CCSC copyright notice and the title of
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tional machine learning techniques remain essential, the capabilities demon-
strated by models such as GPT [3], LLaMA [10], and Claude [1] have funda-
mentally altered how Al systems are conceptualized, developed, and deployed.
This paradigm shift presents a critical pedagogical challenge: how can ed-
ucators effectively integrate established machine learning fundamentals with
contemporary LLM technologies within a coherent curriculum framework?

Existing AT and data science courses typically adopt one of two approaches:
those emphasizing classical statistical methods and traditional ML algorithms,
or those focusing on neural networks and deep learning architectures. How-
ever, few successfully bridge these foundational approaches with modern LLM
paradigms. This pedagogical gap can result in graduates who either possess
strong theoretical foundations but lack practical experience with current tools,
or who demonstrate familiarity with cutting-edge models but have gaps in
fundamental understanding of underlying principles.

To address this educational challenge, we developed a comprehensive course
structured as two sequential yet interconnected components: (1) pre-LLM
foundations encompassing traditional machine learning and data science con-
cepts, and (2) LLM applications and development covering contemporary Al
technologies. This paper describes our pedagogical approach, implementation
methodology, assessment strategies, and preliminary outcomes from delivering
this curriculum as an intensive summer course spanning two seven-week terms.

Our primary contributions include the development of a systematic frame-
work for integrating traditional ML with LLM education, the creation of acces-
sible implementation strategies using cloud-based platforms, and the demon-
stration of enhanced learning outcomes through this bridging approach.

2 Related Work

Traditional approaches to Al education have followed well-established frame-
works. Classical Al courses typically adhere to the comprehensive structure
outlined by Russell and Norvig [9], covering search algorithms, knowledge rep-
resentation, reasoning systems, and introductory machine learning concepts.
Specialized machine learning curricula generally emphasize statistical founda-
tions and algorithmic approaches as described by Mitchell [7], with contempo-
rary extensions incorporating deep learning methodologies [4].

Recent educational developments have produced courses specifically tar-
geting deep learning [8] and natural language processing [6]. Becker et al.
[2] describe the integration of transformer-based AI code generation tools into
computing education, while Holland-Minkley et al. [5] examine challenges as-
sociated with teaching rapidly evolving AT technologies in liberal arts contexts.
However, comprehensive approaches that effectively integrate traditional ML

211



foundations with modern LLM applications remain underrepresented in the
educational literature.

Our work extends these foundations by proposing a systematic two-part
structure that explicitly connects traditional machine learning concepts with
contemporary LLM paradigms, incorporating collaborative project-based learn-
ing and professional software development practices throughout the curriculum.

3 Course Design Philosophy and Architecture

3.1 Two-Part Curriculum Structure

The course employs a deliberate division into two distinct yet complementary
components designed to create conceptual bridges between traditional and con-
temporary Al approaches:

Part 1: Foundational Machine Learning establishes core competencies
in traditional data science and machine learning methodologies, including data
preprocessing and exploration, feature engineering techniques, model selection
and evaluation frameworks, and fundamental algorithmic approaches. This
foundation ensures students develop solid understanding of the mathematical
and statistical principles underlying all machine learning applications.

Part 2: Large Language Model Applications introduces students
to contemporary LLM architectures, capabilities, and limitations while cov-
ering practical implementation aspects including prompt engineering strate-
gies, retrieval-augmented generation systems, model deployment techniques,
fine-tuning methodologies, and agent-based systems using Model Context Pro-
tocol.

This sequential structure enables students to appreciate how modern LLMs
extend and build upon traditional machine learning concepts rather than view-
ing them as entirely separate technological paradigms. Students develop the
ability to select appropriate tools and techniques based on problem require-
ments and constraints.

3.2 Pedagogical Framework

Our instructional approach is guided by four core pedagogical principles:

Theory-Practice Integration ensures each topic combines rigorous theo-
retical explanations with hands-on implementation exercises, enabling students
to understand both conceptual foundations and practical applications. Rather
than treating theory and practice as separate components, we integrate them
throughout each learning module.

Scaffolded Complexity structures the progression from fundamental con-
cepts to advanced applications, allowing students to build knowledge incre-
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mentally. Each new concept builds explicitly on previously established foun-
dations, creating a coherent learning trajectory that supports diverse student
backgrounds.

Authentic Applications grounds examples and exercises in real-world
use cases and industry scenarios, helping students understand the practical
relevance and applicability of their learning. This approach connects academic
concepts to professional practice and career preparation.

Technological Accessibility implements all course materials using Google
Colab notebooks, eliminating barriers related to specialized hardware require-
ments and ensuring equitable access for all students regardless of their techno-
logical resources.

4 Detailed Course Content and Implementation

4.1 Part 1: Foundational Machine Learning

The first component establishes essential competencies across four integrated
modules:

Data Science Fundamentals and Exploratory Analysis introduces
students to the data science workflow through comprehensive analysis of the
Titanic dataset. Students learn to identify patterns and relationships, handle
missing data systematically, and create informative visualizations that reveal
connections between variables such as passenger demographics and survival
outcomes. This module emphasizes the importance of understanding data
before applying algorithmic solutions.

Feature Engineering and Data Preprocessing builds directly on ini-
tial analysis by teaching students to transform raw data into features suitable
for machine learning applications. Students create derived variables (such as
family size indicators), implement categorical encoding schemes, normalize nu-
merical features, and evaluate the impact of preprocessing decisions on model
performance. This module establishes the critical connection between domain
knowledge and algorithmic success.

Model Development and Evaluation guides students through imple-
menting multiple algorithmic approaches (including logistic regression, random
forests, and support vector machines) on consistent datasets, enabling direct
performance comparisons. Students practice cross-validation techniques, inter-
pret confusion matrices and ROC curves, and develop skills in selecting appro-
priate evaluation metrics for different problem types. This module emphasizes
the importance of rigorous experimental methodology.

Advanced Machine Learning Concepts introduces neural network ar-
chitectures through both theoretical foundations and practical implementation.
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Students build feedforward networks for classification tasks, explore convolu-
tional neural networks using the MNIST dataset, and implement recurrent
neural networks for sequence prediction. This module creates explicit connec-
tions to the transformer architectures that underpin modern LLMs.

4.2 Part 2: Large Language Model Applications

The second component transitions students to contemporary Al technologies
through six integrated modules:

Large Language Model Foundations explores the evolution from tra-
ditional NLP approaches to modern transformer-based architectures. Students
examine attention mechanisms through interactive visualizations, implement
simplified transformer components, and compare outputs across different model
scales to understand emergent capabilities. This module explicitly connects to
neural network concepts from Part 1.

LLM Platforms and Development Tools provides hands-on experience
with the Hugging Face ecosystem and LangChain framework. Students build
question-answering systems using pre-trained models, create processing chains
for complex applications, and develop familiarity with industry-standard tools
and libraries. This module emphasizes practical development skills.

Prompt Engineering and Retrieval-Augmented Generation teaches
students to optimize model performance through strategic prompt design and
external knowledge integration. Students experiment with various prompting
techniques, analyze their effectiveness across different tasks, and implement
retrieval-augmented generation systems using vector databases. This module
demonstrates how traditional information retrieval concepts enhance LLM ca-
pabilities.

Model Deployment and Optimization covers practical aspects of mak-
ing models accessible to end users, including quantization techniques for re-
source optimization, web interface development using Gradio, and API creation
with FastAPI. Students learn to balance model capabilities with computational
constraints, connecting to resource management concepts from traditional ML.

Model Customization and Fine-tuning enables students to adapt pre-
trained models for specific domains and applications. Students compare full
fine-tuning approaches with parameter-efficient techniques such as LoRA, ana-
lyzing trade-offs in performance, resource requirements, and training efficiency.
This module connects to model training concepts from Part 1 while addressing
contemporary scaling challenges.
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4.3 Technical Implementation Strategy

All course materials are implemented as Google Colab notebooks, providing
several educational and practical advantages. The cloud-based environment
ensures accessibility for students without powerful local hardware, creates con-
sistency across student experiences, integrates code with explanations and vi-
sualizations in unified documents, and enables reproducible execution of all
course examples. To manage Colab’s runtime limits, students use checkpoints
and lightweight frameworks.

For LLM-related applications, we utilize efficient models such as DistilGPT-
2, Phi-2, and quantized LLaMA-3.1, which operate within Colab’s resource
constraints while teaching students about the capabilities and applications
of larger production models. Students implement retrieval-augmented gen-
eration (RAG) systems using libraries like Hugging Face’s transformers and
sentence-transformers, enabling them to create agents that retrieve relevant
documents from simulated knowledge bases (e.g., a vector database of lecture
notes using FAISS) and generate context-aware responses. This approach bal-
ances hands-on experience with practical resource management skills while
introducing industry-standard techniques for data-driven agent development.

5 Assessment Strategy and Learning Activities

5.1 Comprehensive Assessment Framework

The course employs a multi-faceted assessment approach designed to evaluate
both individual competency development and collaborative skills:

Individual Assignments (40% of final grade) consist of nine targeted
assignments, one per major topic, designed to reinforce lecture concepts and
provide immediate practice with techniques. For example, following the feature
engineering module, students implement various preprocessing approaches on
novel datasets not previously used in class demonstrations. These assignments
ensure individual accountability and concept mastery.

Collaborative Group Projects (40% of final grade) engage students in
two major team-based endeavors that integrate multiple course concepts. Stu-
dents work in consistent groups of four throughout the entire course, foster-
ing sustained collaboration and team development. The first project requires
groups to develop conventional machine learning solutions for real-world prob-
lems, while the second project involves creating sophisticated LLM-based ap-
plications that integrate multiple contemporary techniques including prompt
engineering, retrieval-augmented generation, and Model Context Protocol im-
plementations for tool integration. This structure allows students to apply
foundational concepts before building on them with advanced technologies.
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Active Participation (10% of final grade) includes engagement with in-
class exercises, contribution to discussions, and completion of interactive note-
book activities. This component encourages continuous engagement and pro-
vides regular feedback on student understanding.

Peer Collaboration Evaluation (10% of final grade) involves students as-
sessing their group members’ contributions, communication effectiveness, and
collaborative skills. This component emphasizes the importance of professional
teamwork and provides accountability for group dynamics.

5.2 Professional Development Integration

An essential component of the group projects involves learning industry-standard
software development and project management practices:

Version Control and Collaboration requires students to use GitHub
for all project work, including branch creation, pull request workflows, and
systematic code review processes. Students learn to manage collaborative de-
velopment and resolve conflicts in shared codebases.

Documentation and Communication mandates comprehensive project
documentation including detailed README files explaining project purposes
and usage, inline code comments clarifying complex logic, documentation of
architectural decisions and design rationales, and thorough reporting of per-
formance metrics and evaluation results.

Project Management involves creating and maintaining project boards
using GitHub Projects or similar tools to track tasks, assign responsibilities,
and manage deadlines. Groups must demonstrate systematic planning and
progress monitoring throughout project development.

Quality Assurance includes peer code review within groups, ensuring
that all team members review and provide feedback on contributions from
colleagues. This process emphasizes code quality, knowledge sharing, and col-
laborative problem-solving.

5.3 Interactive Learning Activities

Each instructional module incorporates multiple hands-on exercises that enable
immediate application of concepts. Representative activities include building
text summarization tools using LangChain frameworks, optimizing model per-
formance through quantization techniques, creating interactive chatbot inter-
faces with Gradio, fine-tuning language models on custom datasets, and imple-
menting RAG-enabled agents that can retrieve relevant documents from simu-
lated knowledge bases and generate context-aware responses. These exercises
promote active learning and provide immediate feedback on comprehension
and skill development.
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6 Learning Outcomes and Evaluation

6.1 Student Performance and Engagement

Initial implementations of the course across multiple cohorts have demon-
strated encouraging outcomes. Students consistently develop comprehensive
understanding of the AI landscape, recognizing both the enduring value of tra-
ditional ML techniques and the transformative capabilities of modern LLMs.
Final projects demonstrate creative integration of both paradigms, with stu-
dents effectively combining traditional techniques for data preparation and
analysis with LLMs for natural language understanding and generation tasks.

Student feedback indicates enhanced confidence for industry positions that
increasingly require familiarity with both established ML methodologies and
contemporary LLM technologies. Exit surveys reveal that students feel better
prepared to evaluate when traditional approaches may be more appropriate
than LLM solutions, and vice versa.

6.2 Implementation Challenges and Solutions

Several significant challenges emerged during course implementation, each re-
quiring targeted pedagogical solutions:

Heterogeneous Student Backgrounds presented difficulties when some
students entered with stronger programming or mathematical foundations than
others. We addressed this challenge by developing supplementary resources for
foundational skills, implementing peer mentoring systems within groups, and
providing multiple pathways for concept explanation and practice.

Computational Resource Limitations arose from Colab’s free tier con-
straints affecting work with larger models and datasets. We developed opti-
mization strategies including model quantization techniques, efficient batch-
ing approaches, and alternative implementation methods that students could
employ when facing resource constraints. These solutions became valuable
learning experiences in their own right.

Rapid Technological Evolution required frequent updates to course ma-
terials as LLM technology continued advancing throughout course delivery. We
restructured content around enduring fundamental concepts that remain rele-
vant despite changes in specific models or tools, while maintaining flexibility
to incorporate significant new developments.

Conceptual Integration Difficulties emerged when students struggled
to connect traditional ML concepts with their LLM counterparts. We ad-
dressed this by developing explicit mapping exercises between concepts (such
as feature engineering and prompt engineering) and creating assignment se-
quences that required students to solve similar problems using both approaches.
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7 Best Practices and Pedagogical Insights

Through multiple course iterations, several key insights emerged that may ben-
efit other educators developing similar curricula:

Explicit Conceptual Bridging proves essential for helping students un-
derstand connections between traditional ML and LLM paradigms. Students
benefit significantly from structured discussions of how concepts like feature
engineering relate to prompt engineering, or how traditional model evaluation
connects to LLM performance assessment. We found success in creating com-
parison matrices and mapping exercises that make these connections explicit.

Strategic Group Formation yields better outcomes than random team
assignment. We developed a skills assessment survey covering programming
experience, mathematical background, and communication preferences, then
formed balanced teams ensuring each group possessed complementary strengths.
This approach reduced skill gaps within teams and improved collaborative dy-
namics.

Resource Management Education becomes increasingly important as
students work with larger, more complex models. Teaching students to work ef-
fectively within computational constraints through techniques like model quan-
tization, efficient batching, and strategic resource allocation proved essential
for successful project completion in cloud-based environments.

Integrated Ethics Education works more effectively than standalone
ethics modules. We embedded discussions of bias, fairness, transparency, and
responsible Al throughout both course components, helping students develop
consistent ethical frameworks that apply across all AI technologies rather than
treating ethics as a separate concern.

Peer Teaching Opportunities significantly enhance learning outcomes.
Having students present their solutions to in-class exercises, explain their project
approaches to other groups, and teach concepts they’ve mastered to struggling
peers reinforced learning and exposed the class to diverse perspectives and
problem-solving approaches.

8 Future Directions and Course Evolution

As LLM technology and Al education continue evolving, we have identified
several areas for course enhancement:

Multimodal Model Integration will expand coverage to include models
that combine text, image, and audio capabilities, reflecting the increasing im-
portance of multimodal Al systems in industry applications. This expansion
will require developing new assessment methods and project frameworks that
leverage multiple data modalities.
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Agent-Based Systems Development will expand coverage of LLM-
powered agents with Model Context Protocol (MCP), and include more com-
plex multi-agent systems, workflow orchestration, and integration with enterprise-
scale tool ecosystems. This addition reflects the growing importance of Al sys-
tems that can take coordinated actions across multiple domains rather than
simply processing information in isolation.

Enhanced Evaluation Methodologies will focus on developing more
sophisticated approaches for assessing student understanding of LLM capabili-
ties, limitations, and appropriate applications. This includes creating scenarios
that require students to justify technology choices and evaluate trade-offs be-
tween different approaches.

Responsible AI Integration will strengthen focus on ethical considera-
tions, bias mitigation strategies, and responsible deployment practices through-
out both course components. This enhancement responds to growing industry
and societal demands for Al practitioners who can navigate ethical challenges
effectively.

Industry Partnership Development will involve creating connections
with industry practitioners who can provide guest lectures, project mentorship,
and real-world problem scenarios that reflect current professional challenges
and opportunities.

9 Conclusion

The emergence of Large Language Models represents both a significant chal-
lenge and an unprecedented opportunity for computer science education. Our
two-part course structure successfully addresses this challenge by creating sys-
tematic bridges between traditional machine learning foundations and contem-
porary LLM applications, ensuring students develop both conceptual depth
and practical breadth in their Al education.

The key contributions of our pedagogical approach include the development
of a structured progression that builds explicit conceptual connections between
traditional ML and LLM paradigms, the integration of individual skill develop-
ment with collaborative project-based learning that reflects industry practices,
the incorporation of professional software engineering and project management
practices through GitHub-based workflows, and the demonstration of balanced
coverage between theoretical foundations and practical implementation tech-
niques.

Our assessment of learning outcomes indicates that this integrated approach
provides a flexible and robust framework that can adapt to continued techno-
logical developments while ensuring students master enduring principles that
underpin all machine learning applications. By teaching students not only

219



how to use contemporary Al technologies but also how to understand their
foundations, evaluate their limitations, and select appropriate applications, we
prepare them to become thoughtful and effective practitioners in an increas-
ingly Al-driven professional landscape.

The course design demonstrates that it is possible to bridge traditional and
contemporary approaches without sacrificing depth in either area. Students
emerge with both the foundational knowledge necessary to understand new
developments and the practical skills required to implement sophisticated Al
solutions. This combination proves essential as the field continues evolving at
an unprecedented pace.

Future work will focus on expanding curriculum coverage to include mul-
timodal models and enhanced agent-based architectures, developing more so-
phisticated assessment methods for evaluating students’ technology selection
and application skills, and strengthening connections with industry partners
to ensure continued relevance of course content and learning outcomes.

As Al technologies continue reshaping industries and society, educational
approaches that successfully integrate foundational knowledge with contempo-
rary applications become increasingly valuable. Our experience suggests that
systematic, bridging approaches like the one described here can effectively pre-
pare students for careers in this dynamic and rapidly evolving field.
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Abstract

Herein is described an initial set of tests to utilize a generative artifi-
cial intelligence tool to build high performance code to simulate the phys-
ical process of gas diffusion. This was done to see how a large language
model (LLM) would perform in producing code to accurately describe
the diffusion process, and also see how it would respond to requests to
optimize the code. Optimizations were attempted for single-threaded
code, shared memory symmetric multiprocessing code using OpenMP,
and for GPUs using OpenACC. Superfluous data was also provided to the
LLM to see the effects on the code generation process. Explicit prompts
are shown, the characteristics of the generated code are described, and
benchmarks are tabulated. The tests used to verify the correctness of
the results are also described.

1 Introduction

The last few years have seen the use of artificial intelligence (AI) greatly expand
across every area of human endeavor.[1] One area where this is particularly the
case is in software development.|[2] The tools for Al software development have
advanced to the point that some institutions have chosen to limit AI use or

*Copyright (©)2025 by the Consortium for Computing Sciences in Colleges. Permission to
copy without fee all or part of this material is granted provided that the copies are not made
or distributed for direct commercial advantage, the CCSC copyright notice and the title of
the publication and its date appear, and notice is given that copying is by permission of the
Consortium for Computing Sciences in Colleges. To copy otherwise, or to republish, requires
a fee and/or specific permission.
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even return to handwritten code assignments.[3] An alternative approach is to
embrace Al and yoke its strengths in the development process. This strategy
can be particularly beneficial when developing portions of code that rely on
discipline specific content knowledge, assumptions, and coding strategies that
are unknown to the programmer.

One of the common tasks in developing realistic 3D computer games is the
development of the physics engine. The physics engines are generally numeri-
cally intensive section of code built on principles unknown to the programmer
and that require significant optimization to limit the effects of the engine on
game play. While Large Language Model generative AI (LLMs) are somewhat
effective at optimizing high performance computing (HPC) code [4] others have
found the results lacking to the point that new LLMs needed to be developed
for this specific purpose.[5]. Similarly, LLM systems have been applied to the
code-building process of physics engines [6], and some outstanding libraries
and tools can handle these sorts of tasks.[7] Because the physics engines need
to be both accurate and fast, and since not all games are necessarily written
using the same languages, libraries, or tools, there are proposed methods that
“bridge the gap”’[8]. However, as is often the case, the person building the
physics engine often finds themselves in the position of writing some or all the
code a priori. If the programmer does not understand the underlying physics
and math, then this can be a daunting task, and precisely Where Al may be of
some help. This, however, can also become an issue because the Al engine may
solve the problem in a way that is optimal, but does not result in a physically
correct solution. As has been noted by others, the workflow of Al-based coding
for physics involves not only prompting and coding, but also extensive testing
and verification.[9]

While instructors are generally being encouraged to adopt generative Al in
their courses, there are still concerns about how it could or should be imple-
mented. This paper provides a concrete example, using the physical process
of gas diffusion, to show how current freely available generative Al tools and
compilers can be used, through trial and error, to build HPC code that gives
accurate results using modern, commonly available hardware. As such, we
demonstrate a desired workflow to use LLMs to develop physically correct
physics engines for computer games in a general manner.

2 Environment

The Google Gemini (ver. 2.5)[10] LLM conversational engine was used to
produce all of the Al-generated code in this paper. For the sake of comparison
with existing code, the programs were generated in modern Fortran and then
slightly modified to ensure that the same type of problem was being solved
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across all the programs for benchmarking purposes. All code was compiled
with the freely available Nvidia HPC SDK (ver. 25.3) using -O2 optimization
and run on a 3.6 GHz Intel i7-7700 CPU with 48 GB of DDR 4 memory. Any
GPU-accelerated code was run on a Nvidia RTX 4060 Ti graphics card with 8
GB of memory using driver version 575.51.03 with CUDA version 12.9.

3 Methods

Fick’s first law of diffusion states that particles move from regions of higher
concentration to those of lower concentration. The change in the concentration
between the regions of space occurs according to Fick’s second law that is shown
in Eqn. 1

ac <8QC’ 0*C 82C>
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where C' is the concentration of the diffusing species and D is the coefficient
of diffusion. In this paper it is assumed that D is isotropic across the solution
space. A common way to solve the diffusion problem is to take a finite element
approach and break the space up into several equal volume cubes [11] and then
propagate the concentration of the species as a function of time via Eqn. 1.

In all cases, Gemini was asked to construct code that solved the problem for
a room that was 125 cubic meters in volume (5 meters per side). Gemini ini-
tially proposed a finite element approach using 1 cubic meter volume elements
that would run for a specified amount of simulated time (1 hour). To better
simulate HPC codes, the memory requirements and run times were increased
by reducing the volume elements to 0.125 L. This resulted in one million finite
volume elements using 64-bit precision.

To test the ability of the code to produce physically realistic results, the
code was modified to run until the room was completely equilibrated. At this
equilibration point, the concentration values of all the volume elements must be
within 1% of one another. By simply comparing a selection of volume elements
from the final equilibrated room to those of our stock diffusion code, it was
easy to verify the correctness of the results. Mathematica[12] was also used to
solve Eqn. 1 with zero flux allowed at the room boundaries. A timeslice from
these calculations is show in Figure la. Using Mathematica it was determined
that the room should completely equilibrate in approximately 92 hours.

To see what assumptions the conversation LLM would make, no statements
were initially given to Gemini about room mass conservation, flux across the
boundary, or Neumann boundary conditions.

Finally, a misleading assumption was given to Gemini; the average speed
of the diffusing gas molecule was provided. It is often thought that gas dif-
fusion, and thus the coefficient of diffusion (D), depends on the speed of the
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gas molecules. Diffusion is a temperature and pressure dependent transport
phenomenon that results from the collisions of molecules with one another.[13]
The relative velocity, not average velocity, of the molecules is a function of the
mean free path, (A) which is a function of their collision cross section (). The
collision cross section is related to the size and shape of the molecule — so it is
correlated to the mass of the molecule, but also depends on other factors. So
while the average speed of a gas molecule is related to the temperature and
mass of the molecule, the diffusion coefficient is dependent on several other
transport properties. None of this background or additional data was provided
to Gemini to see what it would do with the superfluous gas speed information.

(a) Mathematica Timeslice (b) Finite Element Timeslice

Figure 1: 3D plots showing the evolution of the diffusion process at an early,
but not identical, timestep. In the Mathematica plot the axes denote the room
size of 5 cubic meters. The plot on the left was constructed with the data-flow
program OpenDX using data produced from the finite element programs. The
axes denote the indices of the finite elements in the room. At t=0 the initial
concentration was 1.0 in element [0,0,0]

4 Results

Several prompts were conversationally provided to Gemini. The results were
generally a few pages describing what assumptions and techniques were going
to be used for code generation followed by a working program, and instructions
on how to compile and run the program.
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4.1 General Observations

With respect to code generation the LLM avoided many of the array access
issues common in these types of programs. For example, all of the concentra-
tion updates to the arrays involved nested loops. In many textbook and online
examples these updates are done using the same array. The updates produced
by Gemini were done by reading from the array holding the current concentra-
tions and writing the updated concentrations to another array and then, after
the update is complete, the updated array is copied to the original array. This
is a common technique in HPC work because it allows for cache optimization,
vectorization, and parallelization in the compiler; students often do not think
to do this because it requires more memory and supposedly superfluous code.

All of the code generated by Gemini contained parameters so that the code
would run for one hour of simulated time. As such all of the code had to be
modified so that it would run to meet the “equilibration condition” previously
described.

4.2 Individual Prompts

What follows are the prompts provided to Gemini and a brief description of the
textual responses and code produced. The code was also run and the simulated
time and run time tabulated.

First prompt: Using modern Fortran, write code to use Fick’s first and second
laws to simulate gas diffusion in a room that is 5 meters long 5 meters high and
five meters wide you may assume that the average speed of the gas molecules
is 250 meters/sec

o Gemini first flagged the problem of using gas velocity in diffusion prob-
lems and proposed a value for the diffusion coefficient that was reasonable
based on literature values (5x10~° m?/s)

e An initial value for the concentration in the room was needed. Gemini
proposed an initial value at one corner of the room.

e There were no given boundary conditions, Gemini assumed that there
was no-flux and that particles could not pass through the wall

e A forward-Euler finite element element numerical method approach was
adopted and the room discretized into a 3D grid and the process stepped
through time. For the sake of stability, Gemini set the step size so that

At < &

z)2
2D
e Gemini claimed it was using Neumann conditions to conserve mass. The
solution did not conserve mass.
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e Generated code used row-major order multidimensional array indexing
(Fortran should be column major for performance)

e Simulated equilibration time of 97.7 hours, actual run time was 126 sec-
onds

Second prompt: Repeat the previous task but switch to the Jacobi tiled
algorithm to improve cache performance

e Gemini applauded the idea of moving to a tiled Jacobi algorithm[14] to
improve performance.

o Gemini switched to the Backward-Euler approximation for implementa-
tion into the Jacobi loops. It correctly constructed the three outer tiling
loops and the inner Jacobi loops.

e The generated code switched to column-major indexing for Fortran per-
formance

o (Gemini proposed a tilesize of 8, but stated that this must be optimized
through testing. How tiling improves performance was also described.

e (Gemini warned that the value of the timestep might need to be hand-
adjusted to give correct values for the simulation time

o Gemini suggested switching to OpenMP[15] parallelism for greater per-
formance

e Mass was, to a reasonable approximation, conserved.

e Simulated equilibration time was 291 hours, actual run time was 362
seconds

Third prompt: In the code you produced in the first prompt the room loses
mass because the sum of all the finite elements at the end of the run did not
equal the sum of all the finite elements at the beginning of the run. Can you
generate a logical mask to create code that conserves mass?

e Logical masks are oftentimes used in diffusion code to specify regions of
space that are not accessible to the gas.

Gemini indicated that a more robust procedure was needed to account
for the conservation laws. To enforce zero concentration gradient at the
boundary a stencil based approach was adopted so that the value of the
concentration at the boundary was set equal to its nearest neighbor inside
the boundary at the end of each calculation. How this was implemented is
shown in Listing 1 and how these boundary conditions were implemented
in the update equations are show in Listing 2.
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Listing 1: Implementation of a region computation mask to handle barriers
and impenetrable regions with a Mask equal to 1. This code was replicated for
the Y and Z dimensions.

! X—direction mneighbors
IF (i — 1 .OR. Mask(i 1,j,k) — 1) THEN
C_val iml Concentration old(i,j,k)
! No fluz from left (domain boundary or mask)

ELSE

C_val iml Concentration old(i—1,j,k)
END IF
IF (i — NX .OR. Mask(i+1,j,k) =— 1) THEN

C_val ipl = Concentration old(i,j, k)

! No fluz from right (domain boundary or mask)
ELSE

C_val_ipl
END IF

Concentration old(i+1,j,k)

Listing 2: Demonstrating how the computational mask was used in the stencil
calculation.

! Apply finite difference stencil for diffusion to
! this OPEN cell
Concentration new (i, j, k) = Concentration old(i, j, k) + &
D« DT x ( &
(C_val ipl — 2.0_8xConcentration old(i, j, k)
+ C_val iml) / DXxx2 + &
(C_val _jpl — 2.0_8xConcentration old(i, j, k)
+ C_val jml) / DYx%2 + &
(C_val kpl — 2.0 8«Concentration old(i, j, k)
+ C_val kml) / DZxx2 )
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e The generated code switched back to row-major array indexing
e Mass was conserved.

e Simulated equilibration time was 101 hours, actual run time was 150
seconds

Fourth prompt: Repeat what you did in the previous prompt but now switch
to OpenMP parallelism to enhance the performance.

e (Gemini correctly placed the '$0MP PARALLEL DO COLLAPSE(3) constructs
at the proper locations and also added the needed directives to indicate
which variables were shared and private to each thread.

e Inside the code Gemini include comments describing all of the OpenMP
directives

e The generated code returned to proper column-major array indexing for
Fortran

e Mass was conserved.

e Simulated equilibration time was 101 hours, actual run time was 168
seconds using the optimal recommended number of threads (4) for the i7
processor to minimize cache conflicts

Fifth prompt: Can you now replace the OpenMP code with OpenACC code
so those pieces can be offloaded to a GPU to enhance the performance?

o Geminiused the '$ACC DATA COPY construct from OpenACC[16] to move
the arrays to the GPU and then did all of the equilibration processing
on the GPU

e Similarly to the generated OpenMP code, Gemini collapsed the loops,
'$ACC PARALLEL LOOP COLLAPSE(3) and included to instructions to
tell the GPU that the needed arrays were already in GPU memory

e The COLLAPSE(3) also instructs the GPU that it can optimally rearrange
the array indexing for its memory architecture

e Inside the code Geminiincluded comments describing all of the OpenACC
directives

e Mass was conserved.

e Simulated equilibration time was 101 hours, actual run time was 15 sec-
onds
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4.3 Evaluation

The correctness of the computed results was based on two things: the ability of
the code to conserve mass and to produce a realistic simulated time. The value
of the simulated time computed with Mathematica ( approximately 92 hours)
was taken as the correct time and a lower limit. Referring to Table 1, only
the last three prompts reasonably met these criteria. It should be noted that
Gemini did warn that the simulated times produced from the code of prompt
2 would probably be incorrect and the tile sizes needed to be optimized to
improve the execution times.

Table 1: Summary of Results for Code Produced by Gemini

Prompt Finite Parallel Mass Simulated Run
Element Method  Conserved Time Time
Method (Hours)  (Seconds)
1 Forward Euler N/A N 98 126
2 Tiled Jacobi N/A Y 291 362
3 Stencil N/A Y 101 150
4 Stencil OpenMP Y 101 168
5 Stencil OpenACC Y 101 15

Considering the last three “correct” prompts, the benchmarking results show
one of the weaknesses of LLM HPC code. Prompt 3 produced a serial code.
Prompt 4 asked the LLM to implement OpenMP parallelism on four threads.
It was verified that the code was running on four threads concurrently; if there
was sufficient work to do in the triply nested loops, then the run time should
have dropped significantly compared to the serial time. However, since this
was not the case the overhead of setting up the parallel region during each
update pass must have increased the overall runtime. The LLM had no way to
detect this increase in runtime and proposed no methods to guard against it.
In the OpenACC code the entire update process, including the calculation of
the variable used to check if equilibration had been achieved, was moved onto
the GPU. This resulted in a ten-fold speedup over the single-threaded stencil
code.

5 Discussion and Conclusions

One of the primary questions addressed in this paper centers on how well a
conversation LLM can write accurate code for physical simulations. We have
clearly shown that, given minimal, or even incorrect input that the Gemini
LLM can, with a few exceptions, do this. As such, these AI systems should
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quickly find themselves as part of the arsenal of those building code for 3D
simulations or computer games..

As stated, the Gemini LLM generally did a good job of writing code to solve
the problem at hand, but there were a few issues when it came to generating
code that produced physically correct results. Based on our tests, all of these
could have been avoided with more specific prompting. Our tests using the
LLM to generate HPC code are very tentative but do reveal a drawback. In
progressing from a serial code to a shared memory parallel code with OpenMP,
one must carefully examine the problem at hand to determine if there is enough
computational work to benefit from this modification. Because OpenMP does
incur some overhead to set up the loops in these calculations, one must often
test extensively and decide limits for when to switch from single-threaded to
multi-threaded execution. Surprisingly the Gemini LLM recognized this issue
when asked to build single-threaded code with tiles to optimize cache, but ig-
nored it when building OpenMP solutions. In our opinion there is a lot of room
for improvement in LLM generated OpenMP code. In these experiments, the
LLM did an outstanding job of adding the appropriate keywords for OpenACC
GPU acceleration. It was also verified while the code was running that the
GPU was being used optimally. The primary difference between the location
of the parallelization commands in the OpenMP and OpenACC codes was that
in the OpenACC case all of the arrays and control variables were moved to
the GPU and the entire calculation took place on the GPU while in the case
of OpenMP the parallelization constructs had to be issued for each timestep.
While initial testing has shown that other LLMs give similar solutions to Gem-
ini for the problems described in this paper, space limitations prevent even a
cursory discussion of those results here.

The disparities in runtimes between different coding strategies are issues
that have to be dealt with routinely in high performance computing. The
experiments in this research show that the LLM can easily generate working
code using any number of HPC techniques: tiling, stencils, shared memory
parallelization, GPU acceleration, etc. Thus for those teaching HPC courses
the LLM could produce a multitude of examples to demonstrate how to build
HPC programs and thus provide starting points upon which students could
improve. With the wide availability of conversational LLMs it is hoped that
the examples provided herein entice others to incorporate Al into their HPC
workflows and encourage their students to do the same.
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Abstract

This paper presents a two-semester case study of an upper-level Soft-
ware Development II course designed to simulate real-world Agile devel-
opment within a teaching-focused institution. The course was unique in
that it combined rotating Scrum roles, peer evaluations, and direct col-
laboration with a large not-for-profit healthcare organization over two
separate semesters. Student teams worked on full-stack web and mo-
bile app development while compiling structured sprints and present-
ing deliverables during three industry-led review sessions. Over the
two semesters, 32 total students assumed various roles, including Scrum
Master, Frontend Developer, Backend Developer, QA Lead, and Prod-
uct Owner. During which time they received authentic client feedback
aligning with real product requirements. The course design evolved be-
tween semesters as a result of industry feedback, peer evaluation trends,
and overall course evaluation data. These results, which were reflection-
driven, show improved technical quality, collaboration, and professional
preparedness. The paper offers a unique and replicable model for inte-
grating industry collaboration, Agile methodology, and intentional soft
skill development into any software engineering curriculum.
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1 Introduction

The demand for job-ready computer science graduates continues to rise, making
colleges and universities face continued pressure to bridge the gap between the-
oretical coursework and real-world industry practice. Foundational concepts
of computer science remain vital; however, today’s graduates must possess
hands-on experience with Agile development cycles, team collaboration, and
professional expectations that are demanded in modern software engineering.
For professors of computer science, this creates both a challenge and an oppor-
tunity: how can faculty provide authentic industry-aligned learning experiences
within the traditional undergraduate curriculum?

Our course, CS 321 Software Development II, was designed to address a
portion of this challenge; however, this case study took it further. Officially
described as a one-unit, project-based course, CS 321 aligns students with form-
ing small development teams and building a full-stack product over the span of
a single semester. Core topics include version control, requirements engineer-
ing, API development, UI/UX design, and clean coding practices. Students
are required to demonstrate their work through presentations and collabora-
tion milestones, following the completion of Software Development I.

This paper presents how CS 321 has been both modified and enhanced
over two recent semesters to hyper-simulate a professional Agile development
environment. The instructional approach incorporates direct industry collab-
oration, providing students with structured exposure to a large not-for-profit
healthcare organization during three key stages of their Project: initial idea
refinement, mid-project feedback, and final project presentation. This partner-
ship aligned students directly with the organization’s information technology
software development team. These industry touchpoints were designed to im-
merse students in real-world expectations, good, bad, or indifferent, with a
primary focus on communication, scope, delivery, and iteration.

To support this learning model, the course uses a Monday/Wednesday /Fri-
day meeting structure with weekly sprint cycles. Each in-class session serves
as a daily standup, while groups also meet at least one hour onsite the sched-
uled class time, reinforcing team autonomy and accountability. Students rotate
through core Scrum roles throughout this 16-week course: Scrum Master, QA
Lead, Frontend Developer, Backend Developer, while managing tasks through
tools such as GitHub, Jira, and Discord. The case study focused on two course
sections, each capped at 20 students, where ideal teams align to five in order
to balance responsibilities across the software development life cycle.

To that end, this paper investigates the impact of authentic industry col-
laboration, Agile role rotation, and continuous coaching on student readiness,
performance, and perception. This case study outlines the course design, Agile
implementation, industry partnership model, and student outcomes across two
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consecutive offerings of CS 321. It highlights key lessons learned, challenges
faced, and repeatable strategies that other faculty can adopt to align their soft-
ware engineering curriculum closer to industry practices, while also enhancing
students’ technical and professional readiness.

While project-based software courses are not new, this case study presents
a rare blend of features: a multi-semester, fully Agile implementation embed-
ded within a non-capstone undergraduate course; rotating Scrum roles that
expose each student to leadership and technical decision-making; and a di-
rect partnership with a real-world not-for-profit software development team.
Unlike many other models that only simulate client collaboration, this course
brought authentic product owners into the classroom, providing a high-touch,
milestone-based feedback that shaped student deliverables in real time. To our
knowledge, the combination of structure, realism, and replicability within a
teaching-focused institution has rarely been documented at this level of depth.

2 Related Work

Software Development courses frequently have a primary objective to bridge
the gap between academic theory and practical industry experience; however,
the transition from classroom to workplace often is challenging for new gradu-
ates without the proper exposure [3]. Traditional software engineering courses
often involve small, team-based projects where students follow a simplified de-
velopment cycle, which entails requirements gathering to deployment [1, §].
However, these projects lack the complexity and real-world constraints found
in actual industry settings, which can lead students to be unprepared for the
challenges of large-scale software development. Furthermore, the lack of real-
world collaboration can hinder the development of crucial soft skills such as
communication, project management, and teamwork, which are essential to
success in the software development industry [7].

Agile and Scrum methodologies have gained significant attention in com-
puter science education, specifically in project-based learning environments.
The inclusion of software project management activities, when appropriately
aligned with learning outcomes, can benefit students’ progression and under-
standing of software engineering principles [4].

Full-stack development combined with teamwork and collaborative learn-
ing has also gained increased attention in recent computing pedagogy research.
Kerslake and Karimi emphasize the benefits of practical, team-based projects
for developing both technical and personal skills in full-stack coursework [5].
Chow et al. further argue that introducing rigorous test coverage requirements
in full-stack web development can better align student experience with profes-
sional software practices [2].
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While industry and academic collaboration remain relatively uncommon
in Agile-focused teaching articles, a few documented capstone projects have
bridged this gap. For example, in a Bachelor of Science in Information Tech-
nology (BSIT) program in the Philippines, Agile methodologies were integrated
with real client partnerships. This integration enabled students to experience
the dynamic nature of software development through close collaboration and
a focus on iterative product delivery [6].

While such examples exist, most documented efforts describe single-semester
implementations and often rely on mock clients or simulated project contexts.
In contrast, this study presents a multi-semester classroom implementation
featuring rotating Scrum roles, structured faculty mentorship, and authentic
industry engagement. All of which advance the literature by offering a repli-
cable mid-curriculum model grounded in professional practices.

3 Course Design

3.1 Grading Breakdown

Table 1: Previous and Case Study Course Grading Breakdown

Component Previous Course Case Study Course
Attendance & Participation (42 classes) 20% 20%

Project 1: Product / Presentation 40% —

Project 2: Product / Presentation 40% —

Code Reviews (16 weeks) — 20%
Midterm Check-In — 20%

Final Product / Presentation — 40%

Total 100% 100%

4 Agile Methodology and Data Collection

This case study draws on two consecutive semesters of CS 321: Fall 2023 and
Spring 2024. In Fall 2023, the course enrolled 19 students, organized into four
teams (three teams of five and one team of four). In Spring 2024, 13 students
were enrolled, forming three teams (two teams of four students and one team
of five). This consistent structure enabled comparable application of the Agile
framework across both offerings.

The continuation of the Agile methodology was implemented using the
Scrum framework, with each week of the 16-week semester mapped to a full
sprint. Monday sessions included sprint planning, backlog prioritization, task
assignments, and short development during the remaining class time. Wednes-
days were dedicated to active development for the entire class period, and
Fridays were reserved for retrospectives, checkpoint reviews, and development.
Each in-class meeting began with a brief standup led by the designated Scrum
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Master, as it was a rotating role. In addition to structured class meetings,
students were required to complete one hour of team collaboration outside of
class per week.

Students rotated through all Agile roles for familiarity throughout the 16-
week semester. Tools used to support these roles included GitHub (version
control), Jira (ticket and backlog management), and Discord (team communi-
cation and collaboration).

The professor guided each team as a classroom-based Product Owner, pro-
viding continuous oversight and feedback throughout the class period. Weekly
code reviews were also performed, utilizing GitHub’s organization feature.

Each semester involved three structured meetings with an external industry
partner: ideation, mid-project review, and final feedback. Qualitative feedback
from industry partners was collected at the end of the course. Additional
data sources included peer evaluations, GitHub logs, course evaluations, and
instructor observations.

5 Results

5.1 Course Evaluations Results (Completed by Students)

Table 2: Course Evaluation Questions and Results

Question Historical Fall 2023 Spring 2024
Overall Course Average (All Questions) 1.35 1.62 1.76
The class workload was rigorous. 4.16 4.35 4.82
The course material was presented in a clear manner. 4.24 4.71 4.82
The course was organized effectively. 4.24 4.71 4.82
The course challenged me to think deeply. 4.41 4.59 4.82
This course demanded intellectual effort. 4.56 4.65 4.82
The instructor was prepared for each class. 4.41 4.76 4.82
I am better able to communicate about the subject. 4.31 4.65 4.82
I learned a lot in this course. 4.38 4.65 4.73
The instructor advanced my knowledge. 4.39 4.47 4.73
The instructor explained how grades are determined. 4.38 4.47 4.64
Students’ work was graded reasonably. 4.36 4.59 4.73
The instructor made helpful comments. 4.29 4.59 4.55
The instructor was accessible. 4.52 4.65 4.73
The instructor welcomed students seeking help. 4.57 4.71 4.82
The instructor is willing to meet with students. 4.52 4.76 4.73

Table 3: Professor Added Questions

Question Fall 2023 Spring 2024
This course helped me understand software development in teams. 4.84 4.85
Working with an external client improved my motivation. 4.84 4.85
I feel more confident contributing to a professional team. 4.90 4.92
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Table 4: Representative Student Feedback Quotes

Feedback Theme

“Knowing that real software engineers would be reviewing our work made me Industry Motivation

take the project more seriously. It felt like more than just a grade, it felt

like real job prep.”

“Rotating roles helped me realize where I thrive and where I still need to Teamwork and Agile Methodology
grow. Being Scrum Master taught me how to lead a team, while working on

backend gave me the technical depth I was missing.”

“This was the first class that actually felt like working in a tech company. Real-world Readiness

We had deadlines, meetings, code reviews, and client feedback. Everything

was real and not from a textbook.”

5.2 Student Feedback Quotes
Impact Summary

e Increased student confidence in Agile workflows, sprint planning, retro-
spectives, and role rotation.

e High client satisfaction, with one Project adopted for beta release.

e Strong course evaluation scores, improving from ~4.3 to 4.7-4.8+.

e Demonstrated technical proficiency: GitHub usage, API integration, RAG
chatbot deployment.

e Growth in soft skills: leadership, communication, accountability.

e Scalable and cost-effective: GitHub, Jira (free), Discord, Figma.

e Clear replicability for other teaching-focused institutions.

6 Discussion

Bringing real-world industry partnerships into a project-based Agile course
proved both beneficial and engaging. Feedback from students consistently
highlighted the value of working with an actual client. Having a real-world
audience raised the bar; from my observation, students also communicated
more clearly, took ownership of their work, carried themselves with profession-
alism, and treated the experience more seriously than with a purely simulated
scenario.

Several key changes were made between the two semesters based on op-
portunities during the first iteration. Role definitions were more clearly set
and reinforced in the second semester, after some students in the first round
blurred responsibilities and created confusion. The Software Development Life
Cycle (SDLC), initially covered in a single lecture, was expanded to three ses-
sions in the second semester to give students a firmer foundation. And after
some teams took on more than they could deliver in the first run, more time
was spent guiding students to set realistic goals and define minimum viable
products (MVPs) from the outset.
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6.1 Summary of Key Takeaways
Instructor Takeaways:

e A structured, high-touch mentorship model with GitHub organizations,
code reviews, and peer evaluations supports transparency.
e Instructor involvement is substantial but yields measurable impact.

Student Impact:

e Students demonstrated growth in technical proficiency, communication,
and leadership.
e Exposure to real product owners elevated their professionalism.

Future Improvements:

e Clarifying roles early.
e Expanding instruction on SDLC and MVP scoping.
e Simplifying tooling (e.g., transitioning to GitHub Projects).

7 Conclusion and Implications

Overall, this case study reveals that embedding real-world industry collabo-
ration into Agile methodologies within a semester-long software development
course is both feasible and impactful. This is especially true at teaching-focused
institutions, where small class sizes are well-suited for rotating Scrum team
roles, structured sprints, and continuous instructor feedback. These elements
form an effective bridge between classroom theory and workforce expectations.

For colleges and universities with limited resources, this model offers a
replicable framework, as success depends less on advanced infrastructure and
more on intentional course design, clear expectations, and a willingness to en-
gage with local or regional industry partners. Many organizations are eager to
contribute to educational initiatives to give back, help shape the next genera-
tion, or gain fresh insights into the emerging workforce. Even a single virtual
feedback session from industry professionals can have a remarkable impact on
student focus, confidence, and engagement.

The structure of this study not only enhances students’ technical ability
but also reinforces communication, adaptability, and ownership. These traits,
based on post-course feedback sessions, are increasingly valuable in today’s
software development workforce. As computing curricula continue to evolve
alongside Al tools that automate much of the coding process, courses like this
provide students with essential, real-world preparation that Al cannot replace.
This model serves as a foundation for embedding experiential, practice-based
learning into upper-level coursework.
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In conclusion, the model outlined in this study supports both academic
goals for students and faculty, as well as broader career readiness objectives.
It encourages instructors to rethink their roles as facilitators of authentic ex-
periences rather than traditional lecturers.

Most importantly, this case study offers a replicable model for embedding
experiential learning into undergraduate curricula, one that prepares students
not only to code, but to collaborate, communicate, and deliver results in in-
dustry.
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Appendix A: Replication Summary for Faculty

e Course Level: Upper-division (Junior/Senior), ideally Software Engi-
neering or Capstone

Class Size: 10-20 students; optimal for 2—-3 project teams

Project Length: 16 weeks (1 semester); or two 8-week sprints

Team Size: 4-6 students per team

Industry Involvement: Minimum of 3 milestone meetings

Project Type: Full-stack web or mobile app

Client Type: Non-profit, startup, or university partner

Tools Required: GitHub, Jira/Trello, Discord, Figma, React, Flask
Agile Framework: Scrum-lite weekly sprints, rotating roles

Key Roles: Scrum Master, QA Lead, Product Owner, Frontend Devel-
oper, Backend Developer

Deliverables: Sprint reports, retrospectives, MVP demo
Assessment: Peer reviews, code reviews, client survey

Faculty Involvement: Weekly mentoring, code review feedback
Prerequisites: Programming, Git, intro web dev
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Abstract

This paper presents a practical and student-centered approach for
teaching Natural Language Processing (NLP) and Machine Learning
(ML) to undergraduate students using real-world case studies and acces-
sible computing tools. Designed for introductory learners, the curriculum
integrates hands-on exercises with Google Colab, Jupyter Notebooks,
TensorFlow, and NumPy to reduce infrastructure barriers and promote
exploratory learning. By embedding the instruction within case-based
problems such as sentiment analysis, named entity recognition, and news
classification, the framework enables students to bridge theory with prac-
tice and develop essential problem-solving skills. This paper elaborates
the structure, tools, methodology, and outcomes of implementing this ap-
proach, with an emphasis on self-directed learning, real-time feedback,
and interdisciplinary relevance. New case studies on embedding-based
protein sequence alignment and implicit offensive language detection fur-
ther expand the interdisciplinary scope of the curriculum. These modules

*Copyright (©)2025 by the Consortium for Computing Sciences in Colleges. Permission to
copy without fee all or part of this material is granted provided that the copies are not made
or distributed for direct commercial advantage, the CCSC copyright notice and the title of
the publication and its date appear, and notice is given that copying is by permission of the
Consortium for Computing Sciences in Colleges. To copy otherwise, or to republish, requires
a fee and/or specific permission.
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enable students to explore applications of NLP in computational biology
and socially sensitive contexts, fostering both technical depth and ethical
awareness.

1 Introduction

Teaching Natural Language Processing (NLP) and Machine Learning (ML) to
undergraduate students comes with distinct challenges. Traditional lectures
often fall short in offering practical, real-world applications, making it difficult
for students, especially those without a background in statistics or linguis-
tics to grasp the concepts. To overcome these hurdles, we propose a case-
based instructional approach that utilizes user-friendly platforms and tools.
This method helps simplify complex NLP techniques and engages students by
connecting learning with real-world scenarios. The framework now includes
advanced case studies on embedding-based protein sequence alignment and
implicit offensive language classification to demonstrate cross-domain applica-
tions of NLP.

Our teaching model incorporates Google Colab and Jupyter Notebooks [9],
which allow students to write and execute code without requiring local software
installation. Open-source libraries such as TensorFlow and NumPy support
the creation and evaluation of basic machine learning models in a way that is
accessible to beginners. Each subject is taught through a structured case study
that blends theory with practical coding exercises, guiding students through
every stage from identifying the problem to working with data, building models,
and analyzing results.

2 Related Work

Recent studies highlight the effectiveness of interactive tools like Jupyter note-
books and Python libraries (e.g., NLTK, SpaCy) in enhancing student engage-
ment and understanding of NLP concepts [9]. Transfer learning techniques,
particularly using models like XLM-R, have been successful in performing sen-
timent analysis for low-resource languages by addressing data scarcity. Case-
based approaches further support interdisciplinary learning, connecting NLP
with fields like social sciences and linguistics [14]. Building on this, our frame-
work integrates domain-specific sentiment analysis and a real-time feedback
system within Jupyter notebooks, offering hands-on visualization and adaptive
support [2]. Ethical concerns, such as bias in sentiment models and embed-
dings [3] [18], are addressed through critical reflection exercises focusing on
African languages like Hausa and Igbo [12]. Our framework extends prior ef-
forts by implementing NLP techniques in bioinformatics, specifically through

244



embedding-based protein sequence alignment, and also addresses social NLP
tasks such as implicit offensive language detection. Our approach encourages
responsible Al practices while enhancing technical and analytical skills. Per-
sonalized learning is further supported through real-time feedback mechanisms
that guide students in correcting errors and understanding model behavior [19],
fostering a deeper and more flexible learning experience.

3 Methodology

This research introduces a multi-phase framework that integrates theory, hands-

on tools, and ethical awareness to enhance student learning and engagement
in NLP and ML.

3.1 Research Questions

A. How can case-based, hands-on instruction enhance student engagement and
conceptual understanding in NLP and ML courses?

B. Which interactive tools and real-world datasets are most effective for demon-
strating NLP’s interdisciplinary relevance, especially in tasks like sentiment
analysis for low-resource languages?

C. In what ways can ethical considerations, such as bias in language models,
be incorporated into practical exercises to encourage responsible Al practices
and critical thinking?

4 Framework Design for NLP Education

4.1 Objective

This research develops a student-centered framework for teaching NLP and
ML through real-world case studies and interactive tools. Using Google Co-
lab, Jupyter Notebooks, TensorFlow, and NumPy, it emphasizes low-resource
languages, ethical AI, and interdisciplinary applications. Real-time feedback
and hands-on exercises foster technical skills and critical thinking, preparing
students for responsible, applied NLP and ML.

4.2 Tools and Environment

To ensure that Natural Language Processing (NLP) and Machine Learning
(ML) are approachable for a diverse group of undergraduate learners, we utilize
a collection of tools that emphasize ease of use, live execution, and interactive
content. These platforms are chosen specifically to lower entry barriers while
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simultaneously introducing students to technologies commonly used in the field
[13].

e Google Colab: A free, cloud-based platform that supports GPU usage
and allows students to write and run code without installing any software.
It is especially useful for beginners and group-based projects [13].

e Jupyter Notebooks: A flexible environment for writing and executing
code alongside explanatory text. It enables students to learn through
structured, interactive examples that blend programming with written
instruction [13].

e TensorFlow: A widely-used, open-source library that enables students
to create and train basic neural networks. Its transparent and customiz-
able structure helps learners understand the mechanics behind model
development.

e NumPy: A core Python library for numerical computing. Provides
foundational tools for handling vectors and matrices, key concepts in
working with word embeddings and classification models .

e PyCharm (Optional): A feature-rich Integrated Development Envi-
ronment (IDE) recommended for students who want to take on more
complex projects. It supports debugging, version control, and advanced
project organization.

Together, these tools facilitate an engaging learning experience and provide
students with skills that are directly applicable to careers in NLP, AI, and data
science.

4.3 Visualization

The framework deepens understanding by enabling students to visualize NLP
and ML processes in Jupyter Notebooks through real-time feedback, confusion
matrices, and embedding plots, fostering reflection and improving analytical
engagement.

5 Case Studies

Our curriculum showcases the broad applications of NLP through varied in-
terdisciplinary case studies. Each instructional case study is designed to guide
students from understanding real-world problems to implementing technical so-
lutions using NLP and ML techniques. The structure of each case is organized
as follows:
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Real-World Scenario: The case study begins with a practical problem
or situation that illustrates the relevance of the task.

Technique Overview: Core methods and algorithms are introduced
with clear explanations, often accompanied by visual aids and markdown
summaries.

Guided Implementation: Students follow annotated code snippets
that demonstrate the step-by-step construction of the solution.

Interactive Exercises: Short in-notebook challenges encourage stu-
dents to apply concepts independently and receive formative feedback.

Optional Extensions: Additional tasks are provided to allow students
to modify, scale, or explore the problem further based on their interest
and ability level.

Enhanced Module:The framework helps students visualize NLP and
ML in Jupyter Notebooks with real-time feedback, boosting understand-
ing and engagement.

This step-by-step approach helps students understand the ideas clearly and

also gives them practical experience in building, testing, and applying models
to real problems.

5.1

Case Study 1: Benchmarking Sentiment Models in Low-Resource
African Languages

Goal: Classify user-generated text (e.g., tweets, comments) into senti-
ment categories such as positive, negative, or neutral in African languages
like Yoruba, Hausa, and Igbo.

Dataset: SemEval 2023 Task 12 (Multilingual Sentiment classification),
includes annotated tweets across three sentiment categories, designed to
support research in sentiment analysis for low-resource languages [15],

[14].
Implementation:

Baseline Model Comparison: To begin, students apply a pre-trained
sentiment analysis model to low-resource language datasets in order to
establish a baseline. This initial evaluation highlights the model’s limita-
tions when used without additional fine-tuning, providing a clear start-
ing point. Through this step, students gain insight into the challenges of
working with limited data and understand the importance of performance
benchmarks.
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Fine-Tuning and Cross-Lingual Transfer: Next, students fine-tune
a multilingual transformer-based model using task-specific data from low-
resource languages [7]. This involves adapting the pre-trained model to
the specific classification task, improving its ability to handle domain-
specific inputs. Additionally, cross-lingual transfer learning allows the
model to benefit from knowledge gained from high-resource languages.
Comparing the fine-tuned results with the baseline helps students clearly
observe how fine-tuning and transfer techniques enhance model perfor-
mance in low-resource settings [14].

Evaluation Metrics: To measure model effectiveness, students apply
standard evaluation metrics including accuracy, precision, recall, and F1-
score. These metrics offer a well-rounded view of the model’s strengths
and weaknesses [15].

Case Study Results and Insights: Critical insights into the efficacy of
refined sentiment analysis models for low-resource African languages were
obtained from the comparative assessment of four multilingual trans-
former models: AfroXLMR, XLM-R, AfriBERTa, and mDeBERTa. Pre-
cision, recall, F'1-score, and accuracy were the basic metrics used to evalu-
ate each model’s performance in classifying sentiment (positive, negative,
and neutral) in user-generated texts, such as tweets.

AfroXLMR continuously outperformed the other models under evalua-
tion, attaining 72.5% precision, 72.6% recall, 72.8% F1-score, and 73.2%
accuracy. According to these findings, the model that was most successful
in adjusting to the linguistic subtleties and syntactic patterns seen in the
dataset was AfroXLMR, which was designed especially for African lan-
guages. Its strong performance and appropriateness for sentiment anal-
ysis tasks requiring less resources are demonstrated by its high results
on all criteria. XLM-R, a general-purpose multilingual model, performed
comparably well, with 71.8% precision, 71.6% recall, 71.8% F1-score, and
72.6% accuracy. While slightly behind AfroXLMR, these outcomes af-
firm the utility of cross-lingual transfer learning, particularly when such
models are fine-tuned on task-specific data.

In contrast, AfriBERTa, though designed for African languages, showed
a modest drop in performance, securing 67.4% precision, 67.5% recall,
67.8% F1-score, and 68.0% accuracy. The results based on Table 1 sug-
gest that model architecture and pretraining corpora critically influence
task adaptability. Meanwhile, mDeBERTa showed the lowest perfor-
mance, achieving only 64.1% precision, 64.0% recall, 64.8% F1-score,
and 64.9% accuracy, indicating its limited effectiveness in the context of
morphologically rich and low resource languages.



e Educational Impact and Student Learning Outcomes:

Interactive, case-based learning makes NLP and ML education engaging
and practical. Using tools like Jupyter Notebooks and Google Colab, stu-
dents solve real-world problems, explore key libraries, and receive instant
feedback to build confidence. Ethical discussions on bias and inclusivity
further deepen understanding, helping students connect theory to prac-
tice and develop into responsible, creative Al practitioners.

Overall, this style of teaching makes learning NLP and ML more fun, prac-
tical, and inclusive. It gives students real experience with modern tools and
encourages them to think critically, work with real data, and become more
responsible and creative developers in the future.

5.2 Case Study 2: Embedding-Based Protein Sequence Alignment
Using Clustering and Double Dynamic Programming

e Goal: This case study introduces students to a novel approach for align-
ing protein sequences with low sequence identity (<30%) using protein
language model (pLM) embeddings [16]. The goal is to teach students
how advanced techniques from natural language processing (NLP) and
machine learning (ML) including unsupervised clustering and dynamic
programming, can be combined to improve structural similarity detec-
tion in computational biology.

e Dataset: Students work with a curated subset of protein pairs from the
PISCES dataset. Structural similarity is quantified using TM-scores (by
TM-align), which serve as the gold standard for evaluating alignment
accuracy.

e Implementation:

Stage 1 — Embedding-Based Similarity Matrix and Baseline
Alignment: Students compute pairwise similarities between residue-
level embeddings (e.g., from ProtT5) to generate a similarity matrix.

Stage 2 — Z-Score Normalization: The similarity matrix is nor-
malized using Z-score transformation to reduce noise. This enhances
contrast between conserved and non-conserved regions, helping students
understand the importance of feature scaling in ML-based pipelines. A
first round of dynamic programming is applied to detect aligned residues.

Stage 3 — Clustering and Double Dynamic Programming (DDP):
K-means clustering groups residue embeddings to guide a second dynamic
programming step, refining alignments and linking ML with classical al-
gorithms.
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Evaluation: Spearman correlation with TM-align’s TM-scores normal-
ized by minimum sequence length is used as the evaluation metric to
measure how well the alignments reflect actual structural similarity.

Case Study Results and Insights:

Our complete method, which incorporates all three stages, achieved the
highest Spearman correlation of 0.93, outperforming both traditional and
recent embedding-based methods. It surpasses TM-Vec (0.76), pLM-
BLAST (0.78), and EBA (0.92), indicating that the inclusion of clustering
and double dynamic programming (DDP) contributes to performance
improvements. The ablation study further demonstrates the importance
of each stage in our pipeline, providing students with practical insight
into how machine learning and NLP-derived embeddings can be combined
with classical techniques to enhance biological sequence analysis.

For comparison, traditional approaches, Needleman—Wunsch [10] and
HH-align [17], achieved Spearman correlations of 0.61 and 0.82, respec-
tively. Embedding-based methods, including ProtTucker [6], pPLM-BLAST
[8], TM-Vec [5], and EBA [11], reached correlations ranging from -0.46
to 0.92. These results highlight the effectiveness of our approach using
ProtT5 embeddings, and they give students hands-on experience evalu-
ating how removing each stage affects performance, reinforcing the value
of data normalization and unsupervised representation learning in com-
putational biology.

Educational Impact and Student Learning Outcomes: This case
study provides an applied framework for students to explore the intersec-
tion of NLP, machine learning, and computational biology. Key learning
outcomes include:

— Constructing and analyzing similarity matrices from pLM embed-
dings

— Applying normalization to reduce noise in embedding similarity ma-
trices

— Exploring unsupervised clustering (e.g., k-means)

— Implementing dynamic programming and refining alignment using
additional biological cues

Interpreting ablation results to evaluate algorithm components

— Linking embedding representations to structural biology insights.



5.3 Case Study 3: Implicit Offensive Language Classification

e Goal: Detect whether a given sentence is implicitly offensive based on
subtle phrasing and the associated target group.

e Dataset: OffensiveLang (8,270 samples), a community-built dataset
spanning 38 target groups across 7 categories including race, religion,
body type, and occupation [1] [4].

e Key Techniques:

— Prompt-based sentence generation using ChatGPT for data aug-
mentation and exploration of edge cases.

— Transformer-based classifiers including BERT, RoBERTa, and Dis-
tiIBERT, which allow students to understand how pre-trained mod-
els can capture linguistic nuance.

— TF-IDF with Support Vector Machines (SVM), used as a tradi-
tional baseline to highlight the advantages and limitations of classi-
cal methods.

— Macro Fl-score is employed as the primary evaluation metric due
to the imbalanced nature of the dataset.

e Guided Implementation: Students begin by analyzing sample anno-
tations to understand labeling criteria for implicit offensive language, fol-
lowed by preprocessing steps like tokenization and label encoding. They
then compare traditional (TF-IDF + SVM) and transformer-based mod-
els (BERT, RoBERTa, DistilBERT), explore prompt-based data augmen-
tation, and evaluate fairness-aware metrics in imbalanced classification
tasks.

e Optional Extensions: Students may explore zero-shot classification
using large language models (LLMs), implement bias mitigation tech-
niques, or build explainable AI components to make predictions more
transparent.

e Educational Impact and Student Learning Outcomes: This case
study teaches students to design ML models for socially sensitive lan-
guage, addressing bias and fairness while building technical and ethical
skills.

6 Instructional Methodology

The course engages students with hands-on Colab notebooks, live demos, and
graded submissions emphasizing clarity, functionality, and understanding.
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7 Student Assessment and Feedback

Student learning is assessed via notebooks, reflection prompts, mini quizzes,
and surveys to measure understanding and skill growth.

8 Discussion and Impact

Students found the hands-on, real-world case studies engaging and helpful for
understanding NLP concepts. Teacher and peer feedback turned challenges
like debugging and limited data into learning opportunities, while the approach
also raised awareness of ethical issues, enhancing technical skills and promoting
inclusive Al practices.

9 Conclusion and Future Works

This work presents a structured NLP education framework with three case
studies: sentiment analysis in low-resource African languages, protein sequence
alignment using embeddings, and implicit harm detection with ethical evalu-
ation. Future work includes modules on explainable AI, machine translation,
and bias visualization.
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Abstract

The College of Computing and Informatics Forty-Niner Intensive
Transition (C-FIT) at the University of North Carolina at Charlotte
(UNCQC) is a freshman onboarding program designed to enhance success
and foster a sense of belonging among new computing majors, particu-
larly those with limited programming experience. C-FIT blends flipped
classroom instruction, hands-on lab activities, and peer mentorship to
build foundational computing skills and community. We present a mixed-
method evaluation of three years of C-FIT, incorporating academic per-
formance data, retention outcomes, and student feedback from surveys
and focus groups. C-FIT participants earned higher grades in the in-
troductory computer science course, remained in the major at higher
rates, and reported increased confidence and a stronger sense of belong-
ing compared to non-participants. These findings suggest that inten-
sive early intervention can help bridge experience gaps and improve per-
sistence among underrepresented computing students. We also discuss
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recommendations for scaling the program, refining the curriculum, and
promoting broader adoption of the C-FIT model.

1 Introduction

The College of Computing and Informatics Forty-Niner Intensive Transition
(C-FIT) at the University of North Carolina at Charlotte is a mini-fall bridge
initiative designed to support the transition of incoming computing students
into university life. The purpose of C-FIT is to build academic confidence,
foster peer connections, and introduce students to campus resources prior to
the formal start of their degree programs. C-FIT targets students who are
entering an Introduction to Computer Science Principles course. The program
has been running for three years and has welcomed students with varying levels
of experience: from those with no programming background to self-taught
learners looking to solidify foundational skills.

A faculty member leads the instruction, supported by a Ph.D. student and
a team of teaching assistants who facilitate labs and hold office hours. Peer
mentors (advanced undergraduates) are embedded throughout the program,
maintaining a low student-to-mentor ratio (approximately 6:1) to encourage
frequent interaction, support, and engagement. This high-contact model helps
incoming students form connections with faculty and peers before the semester
begins, addressing social and academic integration early.

Bridge programs in STEM are designed to address academic and social
transition needs. They have been shown to increase students’ academic readi-
ness, promote inclusion in the college community, and increase self-efficacy and
persistence [2, 1]. Studies show that participation in summer bridge initiatives
can lead to a moderate increase in first-year GPA and significantly higher first-
year retention rates for students [2]. These programs often focus on serving
minoritized students as a way to broaden participation in computing and other
STEM fields [8].

The C-FIT initiative aligns with these goals by combining early academic
preparation with a strong support network. In particular, C-FIT emphasizes
active learning strategies such as a flipped classroom model and hands-on labs.
Active learning benefits all students and can narrow achievement gaps for un-
derrepresented groups in STEM, leading to higher exam performance and lower
failure rates [6]. By embedding peer mentors and fostering a collaborative, in-
clusive learning environment, C-FIT also aims to improve students’ self-efficacy
and sense of belonging, which are strongly linked to persistence in STEM ma-
jors [1, 3].
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2 Problem and Motivation

Students with limited prior experience in computer science often face confir-
mation bias, believing that Computer Science 1 (CS1) courses are intended for
more advanced learners. Their lack of experience, combined with the belief
that CS1 is designed for advanced students, can negatively affect their per-
formance [5]. Many of these students come from lower-income communities,
including racially and ethnically minoritized groups (REM) [§].

At the time C-FIT was developed, UNCC offered the University Transition
Opportunities Program (UTOP), which supported underrepresented students
in their transition to college through general education coursework. Although
UTOP included enrollment in CS1 (ITSC 1212), it lacked discipline-specific
preparation to promote success in computing. As a result, students often
entered CS1 without the foundational skills or confidence needed to succeed.

To address this gap and counteract confirmation bias—the tendency among
novice CS students to interpret introductory courses as geared toward those
with prior experience—C-FIT was created as a targeted intervention. By pro-
viding tailored support and skill-building opportunities, C-FIT aims to enhance
equity and confidence among students entering ITSC 1212.

3 Background and Related Work

Bridge and transition programs in STEM have demonstrated promising out-
comes in improving student readiness, academic performance, and retention,
particularly among underrepresented groups [2]. Previous research [4] has
shown that students entering computer science programs with little or no pre-
vious programming experience tend to struggle in introductory CS courses,
which can negatively impact retention in the major. Previous exposure to
computing concepts significantly affects student grades and self-efficacy, and
those with a programming background usually score higher marks in labs and
exams [4].

To address such disparities, institutions have implemented summer bridge
and early start programs that acclimate students to college-level expectations
and foster early engagement with academic resources and peer support net-
works. Bradford et al. [2] found that intensive transition initiatives offering
mentorship, introductory coursework, and university orientation contributed
to improved academic preparedness and social integration for first-generation
and underrepresented students.

At UNCC, UTOP has long helped students adjust to college life; however,
its curriculum does not focus on discipline-specific readiness. In contrast, the C-
FIT framework allows colleges within the university to tailor bridge experiences
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for their disciplines. C-FIT was developed to provide foundational instruction
in programming, mentorship, and campus navigation resources specific to com-
puting majors. This paper expands on previous literature by examining the
specific impact of C-FIT on readiness, persistence, and student perception of
belonging.

4 Approach and Uniqueness

The C-FIT program is a five-week early fall bridge experience uniquely struc-
tured to blend academic instruction with peer mentoring and campus immer-
sion. It launches roughly ten days before the start of the fall semester, with
an intensive in-person week followed by four weeks of asynchronous online re-
inforcement. This hybrid format gives students a high-touch introduction to
computing, as well as a flexible opportunity for concept mastery.

The curriculum is based on a flipped classroom model: students complete
preparatory modules, short videos, and interactive texts prior to in-person
sessions. During daily morning blocks (9:00 AM-12:00 PM), participants en-
gage in hands-on exercises, mini-lectures, and active learning sessions led by
a faculty instructor. The afternoons are devoted to structured lab activities
and guided participation in university resource sessions (e.g., financial literacy
workshops, campus tours, and academic support introductions). Each cohort
of students moves through the program together to reinforce the identity and
belonging of the group.

Peer mentors—selected upperclassmen and graduate students—play an in-
tegral role by maintaining a 1:6 mentor-to-student ratio. They provide guid-
ance during lab activities, lead evening study halls (6:00-8:00 PM), and hold
weekly office hours throughout the program. This socio-academic model im-
proves both cognitive and affective outcomes by reducing barriers to support.

C-FIT also aligns with the College Center for Education Innovation and
Research to incorporate active learning principles into early CS education.
Its emphasis on pre-semester engagement, learning-by-doing, and sustained
mentorship distinguishes C-FIT from traditional CS1 instruction or broader
university-wide transition programs.

5 Results

During three years of implementation (2021, 2022, and 2024), C-FIT has
produced substantial positive outcomes in the academic, psychosocial, and
retention-related domains. These findings are based on institutional data, stu-
dent surveys, course grades, and focus group feedback.
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Academic gains: Across cohorts, the percentage of participants in C-FIT
earning an A in the introductory CS course rose from 60% in 2021 to 71% in
2022, and then to 95% in 2024. This trend suggests continuous improvement
in the instructional design and support structures over time. The introduction
of more structured labs, consistent peer mentoring, and targeted curricular
adjustments each year likely contributed to these gains. In particular, the
grade distributions of the C-FIT participants far exceeded those of the general
CS1 student population during the same periods.

Figure 1. Grade Distribution of C-FIT Participants by Cohort Year
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Figure 1: Grade distribution of C-FIT participants by cohort year (2021, 2022,
2024). Each bar indicates the percentage of students earning A, B, or C grades.

Belonging and Self-Efficacy

The sense of belonging among students in computing improved markedly after
participating in C-FIT. Survey data showed a 45-point increase in the percent-
age of students who reported “feeling a sense of belonging in computing” (from
40% before C-FIT to 85% after), and a similar increase in those who felt they
“had a voice in computing” (from 35% to 82%). The perception of having a
supportive network in the computing program rose from 45% to 90%. These
outcomes support the findings by Barth et al. [1] that positive early orien-
tation and peer connections can increase STEM self-efficacy and community
integration.

259



Retention Indicators

C-FIT participants have demonstrated strong continuation in the computing
major. For example, 93% of the 2021 cohort remained enrolled in a computing
major one year after the program, with comparable retention rates observed
for the 2022 and 2024 cohorts. In addition, C-FIT students earned higher CS1
course averages and had lower D/F/W (drop, fail, withdraw) rates than their
peers who did not attend C-FIT.

Metric Pre (%) | Post (%)
Belonging 40 85
Voice in CS 35 82
Support Network 45 90

Table 1: Pre- and post-program self-reported student perceptions of belonging
in computing, voice in the discipline, and support network.

These academic and psychosocial outcomes suggest that C-FIT functions
as both an accelerator of foundational knowledge and a scaffold for identity
formation in computing. In addition to these metrics, participant satisfaction
with the program was exceptionally high. Nearly all C-FIT attendees reported
feeling more connected to the campus community and better prepared for col-
lege coursework after completing the program. Furthermore, almost every
participant indicated they would recommend C-FIT to future students. This
feedback underscores the program’s success in fostering a supportive, inclusive
environment for new computing majors.

6 Discussion

The C-FIT bridge program provides a structured and replicable model of early
intervention that builds academic confidence and social belonging among in-
coming computing students. As evidenced by performance trends and student
feedback, intentional layering of flipped instruction, near-peer mentorship, and
community integration yields strong results. Students not only achieve high
grades in their first CS course, but also report significant gains in confidence
and sense of belonging. These outcomes align with previous findings [1, 6],
which emphasize the importance of active learning and early identity devel-
opment in improving STEM persistence. Many participants specifically cited
the supportive structure and mentor engagement as critical to their persistence
during the early college transition.

Implementing C-FIT also revealed practical challenges and areas for im-
provement. Sustaining student motivation during the asynchronous portions
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Figure 2: FIT 2024 survey results showing student-reported gains in belonging,
voice, and support.

of the program and effectively accommodating the wide range of incoming
experience levels proved difficult. Future iterations could incorporate digital
tracking tools, virtual peer accountability systems, and more structured on-
line content delivery to maintain engagement after the in-person week. At the
same time, key success factors include thorough instructor preparation and
early alignment of mentors with the program’s pedagogical approach. Overall,
these findings underscore that student participation in computing can be sig-
nificantly enhanced through a highly personalized learning environment. This
principle should guide future scaling efforts and aligns with evidence that ro-
bust institutional support is essential to increasing student persistence [7].
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7 Conclusion

C-FIT demonstrates that a short, intensive bridge program can meaningfully
ease the transition into computer science. Participants consistently show strong
academic performance, increased confidence, and a greater sense of belonging
compared to their peers. These outcomes are especially promising for broad-
ening participation in computing among students from historically underrep-
resented backgrounds. They also reinforce broader evidence for the efficacy of
bridge programs [2], and highlight the value of sustained mentorship and active
learning as core components of student success.

Looking ahead, the next phase of C-FIT will focus on longitudinal im-
pact evaluation and scaling the model to reach more students. Planned en-
hancements include differentiated tracks to accommodate varying incoming
skill levels, improved online scaffolding, real-time analytics to support remote
engagement, and expanded partnerships with other institutions to disseminate
the program. With early indicators of success—including high retention rates
in CS1/CS2 and strong student satisfaction—C-FIT offers a model that can
be adopted and adapted to promote equity and persistence in undergraduate
computing education.

Through its intentional design and demonstrated results, C-FIT contributes
to the national conversation on broadening participation in computing through
strategic early interventions.
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