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CCSCNE 2026 Chairs’ Welcome

Welcome to Northampton, Massachusetts, and Smith College, for the Thir-
tieth Annual Consortium for Computing Sciences in Colleges Northeast Region
Conference.

Our program features two distinguished invited speakers, Mark Guzdial of
the University of Michigan and Fran Berman of UMass Ambherst. In addition,
we have a broad range of topics covered by paper presentations, lightning talks,
workshops, tutorials, and faculty and student research posters. On Friday
morning, we are hosting the traditional Frank Ford Memorial Programming
Contest.

This conference would not happen without the efforts of the outstanding
conference committee and dedicated board. The success of this conference is
the result of the hard work of those groups, plus the reviewers, session chairs,
and countless other volunteers. The conference continues to be selective; we
accepted 19 of 30 papers for an acceptance rate just over 63%. This ensures
the high-quality program that everyone expects.

We also want to thank the National Partners whose support helps keep the
conference affordable: The College Board, acm2y, Blossoms, MAP-CS, and
Rephactor, and our local partner MongoDB. Additional support is provided to
the conference for being in cooperation with the ACM Special Interest Group
on Computer Science Education (SIGCSE).

We are pleased to be hosting this year’s conference for the first time at
Smith College, on its beautiful campus in the Pioneer Valley. We hope you
find the conference informative and engaging. We also look forward to seeing
you next year at Southern New Hampshire University in Manchester, New
Hampshire.

R. Jordan Crouser
Conference Co-Chair
Smith College and Kenyon College

Adita Kulkarni
Conference Co-Chair
SUNY Brockport
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Ethics-Driven Computing Education Through
Experiential Learning Labs

Conference Tutorial

Ursula Parker!, Farzana Rahman?,
Samuel Malachowsky!, Daniel Krutz!
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Rochester Institute of Technology
Rochester, NY 14623

{ucp4496,samvse,dxkvse}@rit.edu
2College of Engineering and Computer Science
Syracuse University
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frahma02@syr.edu

Abstract

Our Accessible Learning Labs initiative helps participants learn how
to design ethical software while introducing them to essential concepts in
Artificial Intelligence and Machine Learning (AI/ML). Several of these
developed labs focus on foundational ethics-focused topics. These expe-
riential interactive modules highlight why ethics in AI/ML matters and
provide practical experiences that reveal the diverse ways ethics-focused
topics can influence modern systems. The tutorial is suitable for a broad
audience within the software engineering community—from students to
seasoned professionals—who wish to better understand ethical implica-
tions across domains and ensure that the software they develop is ethical
and fair. Complete project materials are openly available on our website:
https://all.rit.edu

1 Introduction

To address the gap in computing ethics education, we have developed a robust
suite of experiential laboratory activities that form a core foundation for teach-
ing ethical concepts, specifically related to ethics in Artificial Intelligence (AI)
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and Machine Learning (ML). In addition, to broaden understanding of ethics-
focused topics, we created several educational labs that highlight the broader
impact of ethics across multiple domains. Because these labs are self-contained
and easy to adopt, they can be seamlessly integrated into many introductory
computing courses (e.g., CS I & II) [4, 2, 5]. which have been demonstrated
in prior studies [1, 3, 5]. This tutorial will enable participants to:

1. Explore our ethics-focused and AI/ML educational materials,

2. Offer feedback and recommendations for improving the labs, and

3. Exchange common challenges and effective strategies for incorporating ethics
into computing curricula. No prior experience is required.

Each ethics-focused lab focuses on a specific ethical issue and includes the
following components: I) Essential background information, II) A sample ap-
plication that illustrates the ethical concern, III) A guided procedure that sim-
ulates the problem, IV) additional context highlighting real-world experiences
with biased software, and V) A quiz to assess the participant’s understanding.

2 Tutorial Session Agenda

Activity 1: Ethics of AI-focused Lab: (20 minutes) This lab introduces
participants on the ethics behind the implementation of Artificial Intelligence
models. This lab guides users through multiple scenarios where the Al is biased.
Activity 2: Algorithmic Bias: (20 minutes) This lab teaches students
about the importance of mitigating machine learning bias as well as the ethical
guidelines that developers should follow when building ML software.
Activity 3: Bias in Training Sets: (20 minutes) This lab teaches par-
ticipant about where bias is present within neural networks and ways to help
reduce the biases developed in the algorithms.

Activity 4: Lab Feedback: (15 minutes) Participants will share feedback
on the materials and suggest ways the labs could evolve. Their input will
directly inform and refine the design of future lab modules.

Acknowledgements

This material is based upon work supported by the United States National
Science Foundation under grants #2111152, #2145010, #2336941, #2524374.
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Ursula Parker is a 2nd-year undergraduate student studying Software Engi-
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Hands On Data Structures: Making
Abstraction Tangible with Manipulatives

Conference Tutorial

Halie M. Rando!, Jade Lilian Palosky!, Hayley Ma!,
Vivian Myers!, Sofia Jurusz!
Department of Computer Science
Smith College
Northampton, MA 01063 USA

hrando@smith.edu

Data structures are fundamental to computer science education, yet many
students struggle to develop accurate mental models of abstract data, mem-
ory organization, and dynamic representations of state that are not directly
observable. In CS2 in particular, students must reason simultaneously about
algorithmic behavior, memory layout, and evolving structure, often without
real-world experiences to ground these concepts. Abstraction skill develop-
ment has therefore long been a central focus of computer science pedagogy
3, 1].

Models are widely understood to support students’ understanding of ab-
stract concepts [2]. In computer science, models designed to bridge the tangi-
ble and the abstract are often computer-based. In many other STEM fields,
however, students routinely use physical manipulatives to reason about invis-
ible structures and processes. In chemistry, for example, comparisons across
physical, symbolic, and computational representations suggest that physically
manipulable models offer distinct advantages for developing accurate mental
models relative to purely digital representations [5]. Although active learning
in computer science is well established, the use of physical manipulatives for
teaching core topics such as data structures remains less common.

Building on these insights, this tutorial introduces a set of hands-on activi-
ties that make abstract data structures tangible through physical manipulation.
For example, participants will use a low-cost linked-list manipulative built from
plastic Easter eggs: each egg represents a node, with color/external markings
indicating the node’s “data” (so students can refer to nodes by human-readable
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identity, e.g., “the green #2 egg”), and a sticky note inside the egg indicating
the “next” reference (e.g., to another egg by ID or location). By requiring stu-
dents to open each egg to retrieve the “next” pointer, the list structure cannot
be inferred by lining eggs up visually, making traversal and hidden state ex-
plicit. By physically opening eggs to inspect values and rewiring “next” labels
to enact insertion, deletion, and traversal, students make the hidden structure
of a list concrete while practicing invariants such as head/tail updates and null
termination. Similar activities use everyday materials (e.g., cardstock, mail-
ing tubes and balls, beads and string) to model arrays, stacks/queues, trees,
graphs, and more, and to support reasoning about traversal, search, recursion,
and algorithmic processes. These activities are designed not to replace formal
representations or code-based implementations, but to scaffold students’ devel-
opment of mental models that transfer to code and support deeper engagement
with abstraction. The presentation will be led by an instructor who has iter-
atively developed and deployed these activities over six semesters, expanding
from a small set of movement-based exercises to a full suite of manipulatives,
alongside students and undergraduate teaching assistants who have helped de-
velop and refine the activities.

Hands-on activities benefit STEM learning at both the high school and
college levels, particularly for students without prior exposure to course con-
tent [4]. Over the past three academic years, we have observed improvements
in classroom climate after integrating these low-stakes, collaborative activi-
ties. The investment required to implement the activities is minimal, with
materials that can be acquired at negligible cost per student and in many
cases reused across semesters. The tutorial itself is interactive: attendees will
have the opportunity to complete short manipulative-based activities and leave
with classroom-ready materials and facilitation instructions adaptable to CS1,
CS2, early algorithms courses, and beyond. Instructions for running activi-
ties, including those presented in the tutorial, will also be publicly available at
HandsOnDataStructures.github.io.
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Next-Gen Teaching: Harnessing Al in Course
Design*

Conference Workshop

Patrick Ester, and Mohit Chandarana
Codio, Inc.
Boston, MA

{patricke, mchandarana}@codio.com

This hands-on workshop shows how to integrate generative Al into course
design, assessment, and feedback—without surrendering pedagogy to tooling.
After a quick live poll to select a familiar “Intro to Computing” —style topic,
we’ll co-build a starter module: outline learning outcomes, generate draft con-
tent, create fresh question banks, and configure autograded and rubric-based
assessments. We’ll demonstrate platform-agnostic patterns (prompt libraries,
context packaging, and process-based grading) and then illustrate the same
patterns in an integrated demo environment for speed and scale. Participants
will also configure Al assistants that give targeted hints and feedback while
preserving academic integrity. All attendees receive a reproducible checklist
and a starter pack that they can integrate with their own LMS or adapt to
their own platform. Free Instructor accounts are pre-provisioned to minimize
setup time. (No platform purchase is required.)

By the end of this workshop, participants will be able to:

e Configure a course-aware Al authoring workflow to generate an outcomes-
aligned mini-module (outline, content, and activity) from existing teach-
ing materials.

e Diagnose the limits of disconnected web platform use (context loss, re-
producibility, privacy) and compare efficiency and output quality against
an integrated approach.

*Copyright is held by the author/owner.
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Author two Al-ready/Al-resilient assessments in modalities relevant to
their domain (e.g. problem-solving, code/data, short-answer /essay), with
rubrics and refreshable variants.

Deploy a course-scoped learning assistant that provides formative, context-aware

support under explicit guardrails (no full solutions; transparency, log-
ging).

Draft a practical Al-use statement and implementation checklist that
address academic integrity, equity, and accessibility for their own course.

Planned Schedule of Workshop
3h (includes break)

Welcome, goals & quick poll (15 min)

Workflows: disconnected vs. integrated (20 min)

Q&A and Ethics Checkpoint (5-10 min)

Course skeleton (15 min)

Content drafting (20 min)

Q&A and Ethics Checkpoint (5-10 min)

Break (15-20 min)

Assessments (deep dive) (30 min)

Learning assistants: configuration & safeguards (30 min)

Policy, share-outs & end of workshop Q&A (10-15 min)

Presenters

Patrick Ester, Director of Content

Biography: Patrick is a veteran teacher, with ten years of experience in
the classroom. He worked to integrate computer-based activities into the
curriculum and taught students how to code. He has also led workshops
on physical computing. At Codio, he leads the content and curricula
team. Patrick enjoys creative coding, reading, and baseball.

Mohit Chandarana, Principal Research Scientist

Biography: Mohit has a BE in Computer Engineering and an MS in
Computer Science. From generating insightful learning analytics for CS
Educators to prototyping novel product features and algorithms, he works
towards bridging the gap between cutting-edge academic research and its
application in the industry in his role at Codio.



PLCC: A Tool Set for Teaching Programming
Languages Courses*

Conference Workshop

Timothy FOSSUHI, plcc@pithon.net

Professor Emeritus, SUNY Potsdam

James Heliotis, jehicserit.edu

Professor Emeritus, Rochester Institute of Technology
Stoney Jackson, stoney. jackson@wne.edu
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This is a hands-on laptop-recommended workshop that introduces partici-
pants to the PLCC compiler-compiler tool set for building Java-based language
interpreters in an upper-level Programming Languages course. One approach
to teaching this course is to show how programming language features such
as language syntax, variable lifetime, procedure application, parameter pass-
ing, recursion, and object-orientation are implemented "under the hood". This
workshop is designed for CS educators who want to explore how PLCC can be
used to support such an approach.

1 How PLCC Works

The PLCC system contains a compiler-compiler (implemented in Python 3). It
also contains a small collection of Java support programs. Input to the PLCC
compiler-compiler is a single specification file with three sections that describe
the lexical, syntactic, and semantic structure of a programming language. The
PLCC compiler-compiler takes this specification and generates Java source files
that implement a self-contained interpreter for the language, including a front-
end scanner, a recursive descent parser, and an evaluation engine including
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a read-eval-print loop. The specification file defines language tokens using
simple regular expressions, language syntax using straightforward BNF rules,
and language semantics as Java code segments. These code segments become
part of Java classes, built by PLCC, that correspond to each of the BNF rules
in the syntax specification.

2 The Workshop

Participants will be asked to work in small teams so they can learn from each
other and benefit from problem-solving discussions. Each team will share a
laptop computer owned by one of the team members. The laptop will be used
only to log into a workshop-provided server that contains all of the resources
necessary to run PLCC on the workshop examples.

Teams will work through a sequence of examples and problems that illus-
trate, in turn, each of the essential parts of a language specification:

e Lexical specification examples for token recognition
e Lexical and grammar specifications for illustrating syntax recognition
e Interpretation of programs written in simple programming languages

Each example will be presented by (1) describing a worked-out PLCC ex-
ample specification that teams can test on the server; (2) proposing a similar
problem whose solution requires modification or extension of the given example;
and (3) having the participant teams implement the proposed modification on
the server by modifying and testing the PLCC specification file. These exam-
ples will be used as a springboard to illustrate how to implement language fea-
tures, including scope, functional programming, call semantics, object-oriented
programming, type systems, and logic-based programming.

3 Workshop Preparation by Participants

A laptop is not necessary to participate in this workshop. However, the
workshop requires a sufficient number of participants with laptops to allow for
putting together teams of two or three. Laptops need a Web browser installed
(ideally Google Chrome or Microsoft Edge) and Wi-Fi access.

To interact with the workshop materials, participants will use GitHub and
Codespaces. Participants need a free-tier GitHub account, and are asked to
create one before attending the workshop.

All of the PLCC workshop materials are available on the PLCC website:
https://plcc.pithon.net, and on GitHub https://github.com/ourPLCC.
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Abstract

Introductory programming students routinely struggle with the “in-
visible” aspects of modular programs: where values come from, how they
move between functions, and what it means to “return" a result. Amp
Stack is a lightweight, visual methodology that makes data flow and
modular structure explicit by having students design programs as top-
to-bottom stacks of “amps" (Input, Compute, and Output blocks) wired
together by named ports before they write any code. In this 3-hour,
hands-on workshop, participants will experience Amp Stack from the
student point of view, translate diagrams into runnable Python, and then
step back to examine how the approach scaffolds CS1 concepts such as
IPO structure, parameter passing, and modular decomposition. Atten-
dees will leave with ready-to-use classroom materials (worksheets, sample
exercises, and rubrics) and a plan for integrating Amp Stack into their
own introductory courses with minimal disruption to existing syllabi.

1 Context and Motivation

Even in well-designed CS1 courses, novices often miss how a program trans-
forms input into output. Common symptoms include confusing arguments
with parameters and believing the names must match; forgetting to capture
returned values or to use them in subsequent computations; and mixing I/0
and computation in ways that hinder testing, reuse, and reasoning.
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Amp Stack addresses these issues by giving students a concrete, visual
language for program structure before and alongside textual code. Programs
are drawn as vertical stacks of block types, each with typed ports connected
by named “wires." Data is required to flow strictly top-to-bottom, mirroring
the structure of simple Python scripts and providing a disciplined IPO (In-
put—Process—Output) pattern. Each block maps directly to a single Python
statement or function, keeping syntax overhead low while reinforcing a strong
data-flow mental model. The concept is then extended to the creation of “cus-
tom blocks," implemented as functions, to introduce modular decomposition,
abstraction, and reusability. Amp Stack offers a practical way to (a) introduce
modular thinking before loops and conditionals, (b) foreground separation of
concerns, and (c¢) reduce recurring misconceptions about parameter passing
and return values.

2 Workshop Structure and Activities (3 hours)

The session is designed as an active-learning experience with brief mini-lectures
interleaved with guided practice, pair work, and whole-group discussion. Tim-
ing is approximate but tuned to CCSC’s 3-hour pre-conference format.
Phase I — Conceptual Introduction (0:00-0:30)

o Mini-lecture & demo (15 min).
o Individual quick-draw activity (10-15 min).

Phase II — Guided Practice & Mapping (0:30-1:45)
e Hands-on Practice 1: IPO to Code (30-35 min).
e Hands-on Practice 2: Modular Programs (35-40 min).
e Whole-group debrief (10 min).

Break (1:45-1:55)
Phase IIT — Collaborative Problem-Solving & Diagnosis (1:55-2:55)

e Faulty Code Clinic (30 min).
e Refactor & Card Sort Activity (2025 min).
e Group discussion (10 min).
Phase IV — Q&A, Adaptation, and Assessment (2:55-3:10)
e Implementation planning (10-12 min).

o Q&A and wrap-up (3-5 min).
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As data-driven decision making becomes increasingly vital across industries,
skills in online data visualization and analysis are in high demand. While many
colleges now offer coursework in data analytics and visualization, providing ear-
lier access to these concepts can better prepare motivated high school students
for advanced study and early internship opportunities in a competitive job
market.

This study presents the design and implementation of a four-week summer
curriculum in data visualization and analysis tailored for high school students.
The program meets four days per week for six hours per day, combining three
hours of lecture with three hours of hands-on lab work. The curriculum fo-
cuses on three-tier architecture for data visualization design, development, and
analysis. No prior programming experience is required; however, students are
expected to have completed Algebra and to demonstrate strong interest in
computing.

The learning outcomes of the curriculum are for students to:

e understand the purpose and impact of data visualization and analysis;
e develop online data visualization and analysis applications;
e create interactive visualizations that support user engagement; and

e apply storytelling techniques to communicate insights and patterns.
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Students learn the fundamentals of Structured Query Language (SQL) to
query and aggregate data within a MySQL database; PHP and MySQL func-
tions for application-layer development; and JavaScript, event handling, and
the Google Charts Library for presentation-layer design. Instruction covers
core chart types—including line, pie, bar, histogram, and scatter plots—and
guides students through retrieving data from a database and visualizing it effec-
tively. Analytical components introduce students to interpreting distributions,
identifying correlations and outliers, and validating findings with Al-assisted
tools such as ChatGPT.

Overall, this accelerated curriculum provides high-achieving high school
students with foundational skills in computer science, data science, and Al-
related fields, positioning them for early success in college-level coursework,
internships, and future career pathways.

Keywords: 3-Tier Architecture, Database, Data Mart, Data Visualization,
High School, SQL
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While teaching discrete mathematics using open educational resources, I
observed that many students needed additional practice with immediate, tar-
geted feedback. Standard non-interactive practice problem sets suffer from the
limitation that they must either be graded by the instructor or distributed with
solutions so that the student can check their own work. Instructor-graded prob-
lems necessarily limit the time that a student can usefully spend practicing.
Problem sets distributed with solutions present a temptation to the student to
read the answers rather than attempt the problems independently and limit
the amount of feedback a student can receive per problem, since they are typ-
ically not able to detect a mistake at any step without viewing the complete
solution.

I developed a web application that provides scaffolded practice in construct-
ing truth tables for arbitrary logical statements, and optionally for using the
resulting truth table to answer questions on equivalence and argument-form
validity. I also created a series of procedural question generators, allowing
students to encounter a wide range of distinct problems.

Existing interactive web applications for practicing truth table construction
[4, 1, 2] and equivalency problems [3| present students with a fully-structured
truth table, including all column headers, and ask students only to compute
the entries. In contrast, my application begins earlier in the reasoning process.
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When using my application, a student is first asked to indicate all logical
operators in a given statement. Once this task is completed, the application
highlights each operator in turn, asking the student to indicate all symbols
(whether logical operators or statement variables) belonging to sub-statements
of the indicated operator. After successfully processing all operators, the stu-
dent is asked to choose an order in which to evaluate the sub-statements when
constructing the truth table. If a valid order is specified, the student is provided
with a blank truth table to fill in, with the columns in their chosen order. For
logical equivalence and argument-form validity questions, the student is fur-
ther asked to identify the columns and, for argument questions, rows needed
to answer the final question. This structure allows feedback to be immediately
provided at each intermediate stage of reasoning, rather than only on final
answers.

For each student, the application asks a series of questions of escalating com-
plexity before switching to a free-practice mode once the student has success-
fully completed their question series. Because questions are generated procedu-
rally, each student will continue to receive fresh questions during free-practice,
though since questions are of finite size duplicates may be encountered as well
during free-practice.

In this poster, I present my experiences designing the software and using it
during the Fall 2025 semester and the first part of the Spring 2026 semester,
including observations about how the application supported more flexible and
sustained student engagement with discrete mathematics practice.

The source code for my application is available at https://github.com/
drchrismorales/TruthTableApp. It is licensed under the Apache 2.0 License.
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Data visualization is a powerful tool for identifying patterns and interpret-
ing complex datasets. However, effective visualizations critically depend on
the accuracy of the underlying data marts—typically created through SQL
GROUP BY clauses and aggregate functions. Because each visualization type
(e.g., line charts, bar charts, pie charts, scatter plots, histograms) requires a
correctly structured data mart, even small mistakes in data preparation can
lead to misleading graphs and incorrect conclusions.

This study examines several recurring errors made by students when con-
structing data marts for visualization tasks and illustrates how these mistakes
can distort subsequent analyses. Using the Simplemaps US ZIP code demo-
graphic dataset—where each record represents a ZIP code—we present practi-
cal examples and demonstrate correct and incorrect approaches. For instance,
when creating a scatter plot to compare average income and unemployment
rate by state, students often incorrectly apply SQL’s AVG() function directly
to ZIP code-level data, failing to account for population differences that in-
troduce unintended weighting. Another common error occurs when comparing
county-level populations by grouping solely on county name without including
the state, inadvertently merging counties with the same name across different
states.

Because users often focus on charts rather than on how the underlying
data marts were generated, these errors can remain hidden yet have significant
consequences for interpretation and decision-making. This work highlights
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the importance of teaching students how to construct accurate data marts
and provides guidance for avoiding common aggregation pitfalls in SQL-based
analytics.

Keywords: aggregation, data mart, data visualization, SQL, GROUP BY,
graphs
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As part of a NSF S-STEM grant, Elms College has piloted requiring stu-
dents who are STEM scholars to take two cohort-based interdisciplinary Data
Science courses to strengthen student skills and student engagement across
STEM disciplines. First-year STEM scholars in the majors of Biology, Biotech-
nology, Chemistry, Computer Science, Comp. Info. Tech. and Security, and
Data Science & Al, enroll as a cohort in a newly developed course, Compu-
tational Statistics, that fulfills a mathematics core requirement. The course
introduces statistical reasoning, data analysis, and programming in R using
authentic datasets drawn from multiple STEM fields. Transfer STEM schol-
ars and juniors complete a second course, Data Analytics and Visualization,
taught in Python. This course culminates in a discipline-specific final project in
which students select and analyze real-world datasets relevant to their majors.
These courses have helped our STEM students build peer networks early in
their program and engage in cross-disciplinary collaborative problem solving.

Embedding data science across disciplines has helped students develop
transferable skills in quantitative reasoning, computational skills, and data
analysis that prepare students for advanced research in STEM fields. Shared
learning experiences promote peer support and sustained engagement, particu-
larly for students entering with diverse academic backgrounds. Since 2022, 47
STEM scholars (26 currently active) have participated in these cohort-based
data science courses, providing multiple cohorts to observe patterns of en-
gagement and skill development. In addition to positive student feedback and
increased participation in research, internships, or advanced courses, the ini-
tiative has contributed to growth in the institution’s Data Analytics minor,
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Computer Science, and Data Science and Al major. This work highlights how
interdisciplinary data science instruction can serve as a powerful mechanism to
improve student learning and engagement in STEM programs.
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Artificial intelligence (Al) is rapidly transforming higher education, prompt-
ing both excitement and concern among academic leaders. Designed to pair
technical computer-science focused concepts with critical thinking and ethical
reasoning, this course prepares students not only for an Al driven workforce
but for thoughtful participation in an Al mediated society. Through hands-on
projects, lectures, and weekly labs, it provides a foundational understanding of
the core technical concepts of Al along with societal and ethical implications
of AT and generative Al (GenAI). This course equips students with skills to
navigate an Al-driven world. By the end of the course, students will:

e Demonstrate knowledge of the fundamental principles of Al

Identify and differentiate Al technologies for applications and contexts

Explain foundational methods for collecting and training data

Utilize Al tools for problem-solving and creative tasks

Critically analyze Al systems and articulate societal implications

e Demonstrate an understanding of the AI development process

Weekly modules are organized around three central themes: foundational
AT knowledge, ethical and societal implications, and interdisciplinary appli-
cations. Students are introduced to key concepts such as GenAl founda-
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tional models, model functionality (e.g., tokenization, algorithms, reinforce-
ment learning), prompt engineering, machine learning, bias (i.e., infrastruc-
ture, training data, and prompt bias), environmental sustainability, informa-
tion literacy, data privacy, and governance. Instruction combines short lec-
tures with active learning activities that emphasize comparison, experimen-
tation, and critical reflection. Experiential activities include evaluating Al
models and tools for research and productivity, designing prompts, building
AT collaborators and conversation agents, vibe coding, exploring creative and
computational applications, and examining ethical trade-offs related to bias,
environmental sustainability, and data governance. Rather than positioning
AT as a replacement for human judgment, the course reinforces the impor-
tance of critical evaluation, transparency, and human responsibility. Course
assignments include:

e Project 1: Students work in groups to research foundational AT topics
(e.g., machine learning, deep learning, neural networks, computer vision,
robotics, LLMs, and testing and training data). Groups design and de-
liver an instructional presentation to the class that includes an interactive
learning activity. Students are encouraged to use Al tools to support les-
son planning and reflection on prompt design techniques.

e Project 2: Students work in groups to investigate how GenAl is im-
pacting specific disciplines or societal domains, examining applications,
benefits, limitations, and ethical implications. Deliverables include a for-
mal research paper and a class presentation. Al use disclosure forms are
required.

e Project 3:Students individually design and document a semester-long
learning project about how personal learning can be enhanced by using
AT as a collaborator. The portfolio emphasizes goal-setting, reflection,
iteration, and evaluation of GenAl as a learning partner. A mid-semester
progress report supports metacognitive reflection.

e This Just In...Al in the News: Students spend 2 minutes sharing
emerging developments in AT and GenAl in a lightning-talk presentation
to the class.

Al is transforming professional landscapes. This course demonstrates how
institutions of higher education can proactively address these challenges through
a flexible, interdisciplinary framework that integrates technical understanding
with ethical awareness and societal reflection. This course encourages students
to move beyond the passive use of Al tools toward critical engagement with
their development, capabilities, and consequences.
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Abstract

Ransomware remains one of the most disruptive cyber threats to crit-
ical infrastructure, with healthcare systems particularly vulnerable due
to their stringent availability and privacy requirements. This lightning
talk presents Ransom Sentinel (RaSe), a multi-layered ransomware re-
silience framework that integrates offensive attack simulation with cryp-
tographic and systems-level defense mechanisms. Unlike many propri-
etary or black-box solutions, RaSe is grounded in reproducible adversar-
ial modeling: reconnaissance, unauthorized access, and payload execu-
tion were emulated using tools such as Nmap and custom client—server ex-
ploits (like Heartbleed) to expose real attack surfaces and failure modes.
Building on these insights, RaSe combines Shamir’s Secret Sharing for
distributed key management, Reed—Solomon erasure coding for fault-
tolerant storage, entropy-based anomaly detection for early encryption
discovery, Zero Trust access control, and immutable audit logging to
support forensic integrity and regulatory compliance. The framework is
evaluated in the context of healthcare workflows, emphasizing the Dura-
bility—Accessibility—Loss (DAL) principles and demonstrating how secure
recovery and “break-glass” access can coexist with strong cryptographic
safeguards. This work highlights how integrating offensive experimen-
tation with defensive architecture can transform ransomware response
from reactive recovery to proactive resilience. The lightning talk will
summarize the system design, threat model, and educational value of
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using adversarial simulation to teach and research next-generation cyber
defense strategies.

1 Background

This lightning talk introduces RaSe [1], a comprehensive solution designed to
provide multi-dimensional security and is resilient to ransomware attacks. This
work addresses the countermeasures to defend against attacks. It also offers
a breach model in which the critical data remains durable and accessible even
during a live cyberattack. It offers complete data recovery in case of total
system shutdown. This work was supported and funded by The Glenn W.
Bailey Foundation. It finds its foundation in developing a research framework
for undergraduate Computer Science students. The research team consisted of
Chetan Jaiswal (mentor) with Jessica Theodore & Dawit Kasy as two students.
Using agile development with a sprint cycle of 2 weeks, this work was completed
in one academic year. The workflow followed the following steps:

Idea Conception & Problem Identification

Problem statement and developing vision for potential solutions
Study of state-of-the-art ransomware attacks and countermeasures
Formulation of multi-layered approach towards solution
Evaluation against risk assessments and threat models

Academic Recognition and Dissemination [1]

2 Future Works

Future work will focus on developing a full-scale prototype of RaSe and con-
ducting performance evaluations to measure recovery latency, cryptographic
overhead, and system scalability under realistic attack conditions. The frame-
work can be extended with adaptive Al-driven anomaly detection to iden-
tify zero-day ransomware, along with stronger insider-threat modeling using
hardware-backed key protection and behavioral monitoring. Additional re-
search will explore forensic recovery and policy driven response, deployment
in cloud, edge, and medical IoT environments, and formal verification of dura-
bility and availability guarantees. Finally, RaSe will be packaged as an in-
structional platform, enabling students to study ransomware by simulating
real adversarial behavior and evaluating resilient system design in hands-on
settings.

o o T
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As Al tools continue to improve automated code generation, CS educators
must ensure that students develop problem-solving skills of their own. This
work presents collaborative whiteboard-based activities used in an Introduc-
tion to Data Structures course. Through these hands-on activities, students
work together to reveal and address their conceptual gaps while building their
problem-solving abilities.

Zviel-Girshin [4] showed students appear to progress while lacking genuine
comprehension while using AT tools. Giiner and Er [2] identified student in-
teraction profiles with ChatGPT, showing that many relied on Al for direct
solutions without engaging in the problem-solving process. Meanwhile, re-
search demonstrates the effectiveness of using traditional whiteboards. Chapin
and Bowen [1] showed that whiteboard activities improve mental models and
computational thinking by making abstract concepts visible and manipulable.
Wong et al. [3] found that students prefer traditional whiteboards over digital
tools for in-person learning.

In this work, we describe whiteboard activities used in our Data Structures
classroom, using the example of teaching linked lists. Our four-step approach
as described below ensures that students actively engage with the problem-
solving process, while the visible nature of whiteboard work allows peers and
the instructor to collectively identify misconceptions and facilitate improve-
ments. We show how we use this whiteboarding approach in teaching linked
lists and how students learn from each of these steps with concrete examples.

e Step 1. Each group works independently to discuss and develop their
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own solutions on paper.

e Step 2. All groups write their solution on the whiteboard, making their
thinking process and solution visible to the entire class.

e Step 3. Students engage in peer critique by analyzing and discussing each
other’s approaches, moderated by the instructor.

e Step 4. Each group revises and improves their work on the whiteboard.

Student feedback to this approach was very positive. They particularly
appreciated the peer to peer interactions and the hands-on collaborative nature
of the activities. They also reported a greater confidence in their ability to solve
problems.

We thus argue that traditional teaching methods such as our whiteboard-
ing activities are more valuable than ever in the Al era. By having students
externalize their thinking on a whiteboard, they can identify gaps in their
understanding and improve through working through solutions by hand, all
in a group setting. We plan to conduct a more rigorous evaluation of how
these whiteboarding activities affect students’ learning compared to Al coding
assistants in our Data Structures course.
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This lightning talk will briefly introduce and solicit feedback on “Essen-
tial Computing Concepts”, a draft set of proposed guidelines developed as an
alternative to the ACM/IEEE CS2023 guidelines for curriculum design and
assessment. The publication of CS2023 resurfaced a long-known tension be-
tween curriculum guidance through large and detailed lists of topics, and the
curricular priorities and constraints of some programs. For example, smaller
institutions, liberal arts colleges, and computing programs looking to innovate
around CS+X, would benefit from a smaller list of what is truly essential to
computing majors, which can then be expanded based on that program’s focus
to fully develop the major.

The SIGCSE Committee on Computing Education in Liberal Arts Colleges
hosted two sessions at SIGCSE TS 2025 to collect specific feedback on how
programs would benefit from a smaller definition of core concepts and how
they think that core should be defined. Roughly 50 attendees participated in
those sessions. From those participants, interested faculty from a variety of
institutions formed a working group committed to developing this smaller core
that would support flexibility, exploration, and interdisciplinary work within
a CS curriculum. The group reviewed feedback from the SIGCSE TS 2025
sessions to determine the necessary features of an alternative set of curriculum
guidelines. These features support educators’ goals for a smaller core for a
CS major that could also serve as the basis for a CS minor or CS+X program,
could feasibly be taught within a small program with limited faculty, and would
be small enough in scope to ensure space for academic exploration, or other
student or institutional priorities.

The group then designed a draft set of guidelines, structured around 12
learning goals that are organized into four categories: Read, Understand, and
Analyze Models; Design and Create Using Models; Use Math, Data and An-
alytics for Computer Science; and Be a Responsible Computing Practitioner.
Each high-level learning outcome is supported by component outcomes, essen-
tial computing concepts connected to the outcome, and illustrative examples
of what might be taught to achieve the outcome. The guidelines are presented
in a way that avoids presuming a particular mapping of concepts to courses
and encourages programs to think about how high-level learning outcomes are
achieved across an entire major.

This lightning talk introduces this draft of Essential Computing Concepts
and associated learning goals (available at https://tinyurl.com/ECCSIGCSE),
and invites attendees to provide feedback on this work in progress. The authors
appreciate the feedback already received from our event attendees and the
contributions of James Teresco at Siena University to this work.

*Copyright is held by the author/owner.

43



Designing Interdisciplinary Neuro-divergent
Inclusive CUREs in Computer Science*

Lightning Talk

Karina Assiter!, Sue Vincent?
STEM Department
Landmark College, Putney VT 05346

1 KarinaAssiter@landmark.edu

2 SueVincent@landmark.edu

Course-Based Undergraduate Research Experiences (CURESs) engage stu-
dents in authentic, open-ended research in which learners collaboratively in-
vestigate meaningful questions, iterate on methods, and contribute research
products beyond the classroom. While well established in the life sciences,
CURESs remain less common—and less clearly articulated—in computer sci-
ence.

This lightning talk will introduce a proposed CURE-informed training frame-
work being developed through two coordinated Vermont Biomedical Research
Network (VBRN) Pilots at Landmark College, a college specializing in the
education of neuro-divergent learners. The Pilots are designed to work in tan-
dem, providing an opportunity to make research workflows, expectations, and
collaboration practices explicit—features expected to support neuro-divergent
students while benefiting a broad range of learners.

The project will consist of a Computer Science Pilot and a complementary
Biology Pilot. The Pilots will interface through shared research questions,
coordinated training activities, and aligned workflows, together forming an
interdisciplinary CURE model that supports collaboration rather than treating
disciplinary preparation in isolation.

The Pilots will center on research-team-based CUREs situated outside for-
mal coursework, preserving core CURE elements—authentic research, discov-
ery, collaboration, and iteration—while reducing barriers associated with grad-
ing pressure and rigid pacing. Within this structure, students in the Computer

*Copyright is held by the author/owner.
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Science Pilot will collaborate with Biology students to design reproducible
Python-based workflows for analyzing open biomedical imaging datasets.

Although developed within a neuro-divergent-serving institutional context,
the training framework emerging from the Pilots is intentionally designed to
be transferable and neuro-diversity inclusive. By sharing this work at the
design stage, we aim to incorporate practitioner insight into the Pilot design
itself, strengthening both the framework and its relevance for computer science
educators across institutional contexts.
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Abstract

Students enter CS1 courses with widely varying programming expe-
rience, mathematical maturity, and learning preferences. We propose
a framework called PathMX that addresses this challenge through a
“curriculum as code” methodology that treats curriculum materials as
structured, version-controlled repositories editable by both instructors
and LLM-based coding agents. When curriculum is authored as code
following clear conventions, agents can generate personalized content on
demand, enabling scalable differentiated instruction that was previously
impractical. Our CS1 case study demonstrates that this approach makes
true differentiated instruction achievable within the constraints of real
classroom teaching.

1 Introduction

CS1 instructors routinely face cohorts where students arrive with vastly differ-
ent readiness levels. The diversity arises from differences in prior programming
experience, mathematical maturity, formal reasoning abilities, and learning
preferences. Some students demonstrate their mastery of Python syntax be-
cause they have been coding since middle school. Others are confounded by

*Copyright (©)2026 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 first for loop. Some grasp algorithmic thinking immediately, while others
require multiple explanations and/or varied examples before achieving under-
standing. This is not a flaw in our students. It is the reality of differences in
cognitive abilities, prior experiences, and educational backgrounds.

An effective response to this diversity is differentiated instruction, where
each student receives a truly tailored learning experience instead of a one-size-
fits-all model. As Tomlinson describes in her foundational work, differentiated
instruction is “a philosophy of teaching rooted in deep respect for students,
acknowledgment of their differences, and the drive to help all students thrive”
[17]. When done well, differentiation promotes inclusivity and equity by (1) ad-
dressing diversity in cognitive abilities, prior experiences, and learning profiles,
(2) enhancing engagement and motivation by connecting to student interests
and backgrounds, and (3) improving academic outcomes through appropri-
ately scaffolded instruction [16]. These goals align with Universal Design for
Learning (UDL) principles of providing multiple means of representation, en-
gagement, and expression [1].

However, true differentiated instruction is nearly impossible to deliver at
scale. For a typical CS1 class, an instructor implementing differentiated in-
struction might need to (among other tasks): (a) Create personalized learning
guides for students struggling with functions; (b) Generate project variants
that reflect diverse student interests, backgrounds, experiences, and identities;
(c) Provide detailed, individualized feedback on every coding assignment; and
(d) Adapt examples to match different backgrounds and interests. This rep-
resents only a fraction of what genuine differentiation demands. The time
investment required for true differentiation is unsustainable for any educator.

Thus, we make compromises. We create one set of assignments and hope
they work for most students. We provide individual feedback when possible,
but the time required limits how detailed or frequent it can be. We use the
same examples semester after semester. We know some students are not getting
what they need, but manually creating differentiated materials for each student
is unrealistic given time constraints and the limits of human creativity.

PathMX (Path Markdown eXtension) addresses this challenge. PathMX is
a “curriculum as code” methodology that treats curriculum materials as struc-
tured, version-controlled repositories editable by both instructors and LLM-
based coding agents. Existing platforms optimize for human authoring or
interactive delivery; none provide conventions specifically designed for agent-
based curriculum generation. When curriculum is authored as code following
clear conventions, agents can generate personalized content on demand. This
includes creating individualized student guides in minutes, generating project
variants tailored to different interests, drafting detailed code feedback for in-
structor review, and adapting materials to specific learning needs. As depicted

47



Traditional Approach PathMX Approach

A\ .% Game
(z) variant
Q
Q — Science
AN AN
—» % —» S B &
variant

Instructor Static Students receive Instructor Agent generates Students receive
creates assignment identical copies designs course assignment personalized
syllabus structure variants assignments

Figure 1: Traditional approaches deliver identical materials to all students;
PathMX generates personalized variants through structured repositories and
agent-based content generation.

in Figure 1, the instructor stays in control of pedagogical decisions while agents
handle the time-consuming work of content generation and personalization.
We demonstrate this approach through a real classroom deployment: a CS1
course at Furman University in Fall 2025. Using PathMX, we created personal-
ized learning guides for individual students, generated themed project variants,
provided detailed code review feedback, and rapidly iterated on curriculum
improvements, all while maintaining version control and a unified curriculum
repository. Tasks that would have required many hours of manual authoring
and customization were often completed in minutes with agent assistance.
Our contributions described in this paper include:

e The PathMX methodology: markdown conventions, metadata structures,
and file organization that enable agent-based curriculum authoring.

e Practical workflows for creating personalized and differentiated curricu-
lum at scale, demonstrated through our CS1 case study.

e Lessons learned from real classroom deployment, including both benefits
realized and challenges encountered.

Collectively, this work establishes agent-based curriculum authoring as a
viable path toward scalable differentiated instruction.

2 Related Work

Several platforms enable instructors to create interactive computing textbooks.
Runestone Interactive [12] pioneered the open-source interactive textbook
model, supporting embedded code execution, visualizations, and auto-graded
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exercises. The platform [4] now serves thousands of daily learners across many
textbooks authored in reStructuredText. OpenDSA [15] introduced a modu-
lar, community-driven approach for algorithm visualization textbooks, where
instructors can customize content selections for their courses. LiaScript [2] rep-
resents the closest technical analog to PathMX, extending standard Markdown
with interactive elements and using a browser-based compiler that requires no
server infrastructure.

The application of software engineering practices to curriculum manage-
ment has gained traction in the past few years. Rodriguez et al. [13] defined
“courseware as code” principles at the U.S. Army Cyber School, where all
educational content is stored in machine-readable markup in GitLab reposi-
tories. RepoBee [9] provides a command-line interface for managing student
Git repositories at scale, enabling batch repository generation and automated
assignment distribution. Hsing and Gennarelli [6] found that GitHub use in CS
courses predicted better learning outcomes in a large-scale study of students.

Recent work has explored using large language models for educational con-
tent creation in computing courses. Sarsa et al. [14] demonstrated that LLMs
could generate programming exercises with problem descriptions and solutions.
However, only approximately 31% of generated exercises had sample solutions
that passed their accompanying automated tests. This was primarily due to
issues with test quality rather than solution correctness. MacNeil et al. [11]
deployed GPT-generated code explanations in a web development textbook,
finding them more helpful and accurate than student-created explanations.
Leinonen et al. [10] confirmed that LLM explanations were rated as more
accurate and easier to understand than those created by students.

Adaptive learning systems adjust content difficulty during student interac-
tion. Ericson et al. [3] studied adaptive Parsons problems that dynamically
adjust difficulty based on student performance, both within individual prob-
lems and between successive problems. Their study found that students solving
adaptive Parsons problems completed practice exercises more efficiently than
those writing equivalent code, while achieving similar learning gains. Fonseca
et al. [5] explored differentiated instruction in a PHP programming course
using ongoing progress monitoring to adjust content based on student perfor-
mance. While these systems successfully personalize learning experiences, they
require pre-authored content pools and adapt only within existing materials,
leaving the challenge of creating differentiated content in the first place.

PathMX synthesizes elements from these traditions while enabling instruc-
tors to generate differentiated curriculum at scale. Existing platforms excel at
delivering interactive content to students or supporting human collaboration
on curriculum, but lack the structured conventions needed for agent-based edit-
ing. LLM tools can generate individual exercises or explanations, but cannot
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maintain consistency across an entire curriculum repository. Adaptive systems
personalize content during student interaction, but require pre-authored con-
tent pools and offer no solution to the authoring bottleneck. Similarly, UDL
[1] advocates for curriculum designed from the beginning with multiple means
of representation, engagement, and expression. However, implementing these
principles at scale faces the same authoring bottleneck as differentiated instruc-
tion. Even in computing education contexts where UDL has been successfully
applied [7], creating multiple pathways requires substantial upfront investment
that grows with class size and content diversity.

PathMX addresses these limitations by treating curriculum as version-
controlled repositories with explicit file organization and metadata conven-
tions. These conventions make curriculum both human-editable and agent-
processable. This enables LLM agents to generate differentiated content while
instructors maintain control through templates, style guides, and review work-
flows. Rather than adapting content during student interaction, PathMX gen-
erates differentiated variations in advance, enabling instructor review and pre-
serving agency over pedagogical decisions.

3 PathMX: Curriculum as Code

PathMX (Path Markdown eXtension) is a set of conventions for authoring
human and agent-friendly curriculum repositories. Hyperlinks between docu-
ments create paths through the curriculum that can be followed by humans and
agents alike. The three primary principles of PathMX are depicted in Figure 2
and are described as follows:

1. Curriculum is represented as Markdown files with minimal metadata in
a single version-controlled repository

2. Markdown files are “type hinted” to indicate their role within the cur-
riculum domain

3. Hyperlinks are used to link related files, create learning sequences, and
provide additional context for agent and human authors

Storing curriculum in a source-controlled repository provides automatic ver-
sion control, history, and branching. These are essential capabilities for any
collaborative authoring process, including collaboration with agents. Agents
and humans make mistakes, and version control is critical for inspecting, com-
paring, and recovering from those mistakes.

Markdown serves as the foundation of PathMX for several reasons. It is
both human-readable and machine-parseable, is the Al-native lingua franca for
documentation and LLM-based tooling, and it is widely supported and easily
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Figure 2: PathMX principles: version-controlled Markdown with type hints
and hyperlinked knowledge graphs.

transformed into other formats. Modern coding models (e.g., GitHub Copilot,
Gemini Code, etc.) are trained extensively on Markdown and are adept at
reading, writing, and editing it without additional training or customization. In
addition, many popular document authoring tools natively support Markdown,
making it a natural choice for curriculum authors.

The repository also acts as an automatic context boundary (or “harness”)
for agents. Modern agents use standard file-based tools (e.g., 1s, find, grep)
to navigate and search within this boundary. Many agent systems allow
repository-specific instructions to be provided via a file such as AGENTS.md,
and expose tools for code exploration and editing. In addition, many mod-
ern agents maintain lightweight embeddings of repository contents, effectively
creating a semantic index for efficient search and natural language retrieval.

Another important feature of Markdown is its support of hyperlinks. Agents
can follow these links to navigate the curriculum and to understand the rela-
tionships between different parts of the repository. This is a powerful capability
for bringing in additional context simply by following links. On the tooling side,
as shown in Figure 3, this allows for a knowledge graph to emerge naturally
from the curriculum content as it is built.

While simply adding and linking Markdown files in a repository provides
benefits out-of-the-box, we found that applying domain-specific “type hints”
produced additional inference gains. Because agent-based tools often browse a
repository in directory-tree form, we add sub-extensions to markdown files by
encoding their role in the filename. For example:

e csl.outcomes.md indicates a file containing course learning outcomes
e lecture-1.slides.md indicates lecture slides

e week-4.lab.md indicates a lab assignment
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Figure 3: An example markdown file graph with links, type hints, and front-
matter illustrating automatic agent inference.

e project.template.md indicates a project template

e week-4.project.spec.md infers a project specification using the project
template

See the companion repository! for an example specification file and the
resulting output.

We found that agents were often able to infer the necessary context and next
actions from file listings alone. This lightweight naming convention provides
structure for agent inference while remaining flexible enough to accommodate
new material types as the curriculum evolves. In some cases, additional meta-
data is necessary to guide agent inference and build tools. We use YAML
frontmatter as a simple mechanism to attach metadata to Markdown files.
This metadata can include learning outcomes, difficulty levels, prerequisites,
tags, and other information that supports deterministic processing (e.g., build
pipelines) and inference-based behaviors (e.g., personalized recommendations).

Hyperlinks are used to link in the necessary context for both agents and
students. Agents will naturally follow links when prompted to perform a
task. For example, linking a rubric to a project (e.g., project-1.project.md
— project-1.rubric.md) allows the agent to automatically evaluate work
against the rubric without additional instruction.

With these conventions in place, an instructor can scaffold a new course
by creating a folder with a small set of Markdown files and high-level instruc-
tions to the agent (e.g., “Generate a lab assignment that introduces loops using
examples from the cohort’s interests”). Instructors may reuse existing mate-
rials as templates or author new materials from scratch. In our deployment,

Ihttps://github.com/pathmx/cs1-example

52



Exported Artifacts

3%\ PDF N HTML
<> \ \ Documents Pages
/7

PathMX (R;itHul_at . %ebl_ .
. epositories lcations
Repository P 4

Figure 4: Sample export pipeline configuration used in our deployment.

agents performed best when expectations and standards were clearly specified
in this initial scaffolding. Style guides, example project specifications, outcome
descriptions, and type-hinted ontologies provided a robust starting point for
agent-assisted authoring in the CS1 context.

Once the initial scaffolding exists, agents can generate a variety of curricu-
lum artifacts, including personalized learning guides, project variants, code
review comments, and other course materials. Instructors then review and re-
fine these artifacts using standard code-review tools and workflows (e.g., pull
requests, inline comments).

When materials are ready for student use, the same repository serves as
the source of truth for export into multiple delivery formats, including PDF,
HTML, GitHub repositories, and web applications (see Figure 4). These export
pipelines are optional and can be adapted to the constraints of a particular
course or institutional environment. Because Markdown is a widely supported
source format, PathMX repositories can be integrated with existing tools and
learning management systems with relatively little additional infrastructure.

4 (CS1 Case Study

PathMX was developed in practice during a CS1 course teaching introduc-
tory Python programming to a cohort of 18 students. The class included a
wide range of prior programming experience, and most were not computer sci-
ence majors. The goal was to introduce fundamental programming concepts
through project-based learning that mirrored real-world practices. Because of
the diverse interests and backgrounds, the course was designed to be highly
personalized and flexible. The instructor defined course outcomes at a high
level and then tailored them to students’ interests and level using the PathMX
methodology described in Section 3.

Throughout the course, when students showed interest in particular tools or
instructors identified gaps in understanding, we created projects and tutorials
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to support their learning. We recorded student preferences in anonymized “per-
sona” files (e.g., student-<anon_id>.persona.md) to avoid sharing personally
identifiable information with the agent. This allows for robust personalization
while complying with FERPA and other privacy regulations.

The PathMX methodology supported the lightweight collection of quali-
tative and quantitative information about students’ aptitudes, interests, and
learning goals. This information could be pasted or dictated into the agent
tool, then automatically placed in the appropriate persona and cohort files.
Information about the student’s working environment, such as operating sys-
tem, IDE, and prior programming experience, was also collected and used to
generate more aligned and effective materials. Much of it was collected during
lecture ice-breakers (for example, favorite artist, movie, or book), with more
detailed information about goals and learning gaps gathered during office hours
and direct interactions with the instructor. This kind of rapid transfer of qual-
itative data to a structured file would have been less tenable with traditional
authoring tools.

Once enough information had been collected into personas, agents could
perform cohort analysis by querying the repository. A taste profile for the
cohort was created based on students’ expressed interests and used to generate
themed labs and practice exercises. Based on instructor observation, students
showed higher interest and engagement with the themed curriculum than in
prior sections of the same course that used more traditional static material.
As an example, one student with prior Python experience worked on more
advanced projects while keeping the same general theme and goals as the rest
of the class. This allowed the student to be challenged at an appropriate level
while still participating in shared discussions and activities.

Templates were used to scaffold new labs based on the cohort’s taste pro-
file and the course’s topical flow. We wrote brief lab specification files (e.g.,
lab-<number>.spec.md) that described each lab’s learning objectives, require-
ments, and constraints. The agent then used the template, the theme, and the
taste profile to generate lab materials. We instructed agents to avoid letting
thematic elements overshadow core learning objectives. For the CS1 course, the
instructor used Deckset, a Markdown-based presentation tool, so lab materials,
guides, and quizzes could be created directly from class lectures.

Mid-to-late term projects were presented in a “choose your own adventure”
style (reflecting UDL’s multiple means of engagement), where students selected
a focus area and completed the project from that perspective. For example, a
data science project was offered with Web, Game, or Scientific Computing focus
areas. The same datasets were shared across tracks and the students could
complete one or more based on their interests. Table 1 shows that students
appreciated being able to align projects with their own interests and goals, with
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Table 1: Student perceptions of CS1 using PathMX (n = 17).

Prior Experience None: 41%, <1 yr: 47%, 1-3 yrs: 12%
Key Measures (1-5 scale, mean = SD)
Materials relevant to interests 4.00 + 0.79
Project choice increased motivation 4.47 £ 0.72
Themed examples increased engagement 3.82 + 0.88
Feedback specific and helpful 4.35 + 1.00
Guides helped when struggling 4.24 £ 0.83

mean ratings of 4.0-4.5 (on a 5-point scale) for materials relevance, project
choice motivation, feedback quality, and guide helpfulness.

Differentiated instruction also raises challenges with feedback. To provide
high-quality and fair feedback across curriculum variants, we created feedback
harnesses (e.g., <student_id-project_id>.feedback.harness.md). These
harnesses were generated from students’ code pulled into the repository via
the GitHub CLI and converted to Markdown using a pre-established template.
Each harness included commit history, code snapshots, project specification,
a rubric, and agent-specific instructions. Agents generated accurate, specific
feedback from these harnesses, and the same artifacts were helpful in human
review as a record of student progress. In some cases, feedback was delivered
as GitHub Issues with checklists and line-specific comments for each student.

The instructor remained central in this workflow and actively reviewed and
iterated on the curriculum and feedback alongside agents. Agentic tools sup-
ported side-by-side collaboration and naturally created checkpoints that could
be reviewed or rolled back as needed. Agent-based IDEs are continuing to im-
prove these workflows and make a strong copilot for curriculum authoring. The
version-controlled repository provided a history of the curriculum’s evolution
and captured snapshots of student work for later reference and analysis.

Overall, the PathMX methodology enabled rapid iteration and mid-
semester improvements. Student feedback was incorporated into the repository,
and agents generated new versions of the curriculum materials in response.
This allowed the curriculum to be updated in real time and for students to
receive timely feedback on their work. We found that this instructor-mediated
on-demand generation was preferable to real-time student-facing agents that
lacked editorial oversight or sufficient course-specific context.
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5 Student Impact and Educational Integration

PathMX enabled just-in-time instruction and the deployment of curriculum
materials to where students were already engaged. Students could access the
curriculum in a variety of formats, including GitHub repositories, PDFs, and
web applications. A custom integration with GitHub Classroom enabled bi-
directional syncing of feedback-based curriculum materials with students’ work.
The custom integration itself was built with agentic assistance in the same
repository as the curriculum materials.

Because the content was presented in the most appropriate medium for the
students, a centralized Learning Management System (LMS) was not needed
or used. Students were able to access the curriculum and feedback in the con-
text of their own work. This allowed for much more direct and personalized
instruction and feedback as the class progressed. In some cases, students would
request additional materials for concepts they were struggling with. We gen-
erated personalized tutorials and guides for these concepts using the PathMX
methodology, which helped them catch up with the class and get back on track.
The line-by-line feedback was constructive for students to learn how to refactor
and improve their code.

Several students expressed interest in more creative applications of coding,
such as gaming or building out web interfaces. We were able to create project
variants for these interests, and students were able to choose from a variety
of paths to follow. The culminating project was the final project in which
students defined their own project requirements with guidance from the in-
structor. These student-authored specifications were transformed into unique
guides for each student. As the project progressed, snapshots of students’ work
were created at key checkpoints. Guides were then automatically updated to
reflect progress, changes, and next steps for the project based on the students’
current committed work.

Overall, students were able to engage with the curriculum in a way that was
more aligned to their own interests and goals and calibrated to the proximal
edge of their learning curve. They received direct, detailed, and actionable
feedback throughout the course and the instructor perceived that students
progressed more quickly and confidently than in prior offerings of the course.

6 Instructor Experience and Lessons Learned

The benefits of the PathMX methodology were evident in the instructor’s ex-
perience. The methodology allowed for much more personalized instruction
and feedback as the class progressed. In practice, creating personalized as-
signments and guides took under five minutes of agent interaction plus a few
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minutes of instructor review, compared to an estimated 30-60 minutes of man-
ual authoring. Because of the time savings, the instructor was able to focus
on higher-level pedagogical decisions and personal attention to students rather
than on routine content creation.

For instructors considering PathMX, we recommend the following based on
our experience:

e Start with a small set of materials in a version-controlled repository.

e Build a style guide and clearly defined outcomes and scope early and
iterate on them as the course progresses.

e Keep students’ personal data private, secure, and anonymized for agent
interactions.

Despite significant benefits, several challenges emerged. In early projects,
when fewer examples were present, agents sometimes generated material that
was beyond the students’ current level of understanding. More explicit doc-
umentation about the scope of the course was created to avoid content drift.
This underscores the importance of the instructor’s role in vetting material
before it is released to students.

Agents were often too helpful and would spell out the solution to the prob-
lem rather than guide the student to the solution. In practice, this required
explicitly instructing agents not to reveal complete solutions, but instead to
provide scaffolded guidance that led students through the problem-solving pro-
cess without giving away answers.

We invite instructors to explore the PathMX methodology and tools to
realize the benefits of personalized, differentiated, and scalable instruction in
their own courses. We have provided a sample repository with instructions
and guides for how to get started>. We also encourage instructors to share
their experiences and feedback with us so we can continue to improve the
methodology and tools.

7 Future Work

This work represents an initial exploration of agent-assisted curriculum de-
velopment. Our observations come from a single semester deployment with
18 students. Larger-scale research studies are warranted to formally measure
the impact of the PathMX methodology on student learning and instructor
efficiency. We are currently designing a controlled study to evaluate PathMX
across multiple CS contexts.

?https://github.com/pathmx/cs1-example
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Additional areas of exploration include assistive automated grading and as-
sessment, the use of PathMX agents for real-time feedback and tutoring, as
well as automated skill mapping derived from student code and pre-assessment
data. The PathMX methodology also lends itself to generating student-facing
support materials that surface and correct common student misconceptions,
building on prior work that systematically identifies misconceptions in intro-
ductory programming [8].

We are also investigating implications for agent-friendly Learning Object
Repositories (LoRs), alternative learning object formats, adaptive learning
pathways, and student-facing tutoring agents.

8 Conclusions

Authoring curriculum as structured, version-controlled code enables modern
agent-based tools to deliver differentiated instruction at a scale that was previ-
ously impractical. PathMX provides a practical path forward, with conventions
and workflows that work today while remaining flexible enough to evolve as
the technology matures.

Our CS1 case study suggests that this approach makes differentiated in-
struction more attainable in actual practice. By enabling rapid generation of
multiple representations and engagement pathways, PathMX operationalizes
UDL principles at scale. In a single semester, we created personalized learning
artifacts for each student, generated project variants tailored to different inter-
ests, and provided detailed, actionable code review feedback while preserving
instructor control and oversight using familiar software engineering workflows.
This allowed us to iterate on the curriculum throughout the semester and
maintain consistency and quality across all materials. The same conventions
that support agent inference, namely type hints, frontmatter metadata, and
hyperlinks, also improved human navigation, reuse, and mid-term iteration.

At the same time, this work is exploratory and intentionally modest in
scope. Questions about long-term outcomes, instructor workload, and stu-
dent equity across diverse contexts remain open and motivate the future work
described in the previous section. We argue that PathMX provides a prac-
tical way forward and a viable design space for next-generation computing
education: one that keeps instructors in control but allows for truly scalable
differentiated instruction that meets students in their own context.
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Abstract

In today’s digital world, understanding how websites function is es-
sential, yet the inner workings of web applications remain unclear to
many learners. Practical opportunities to explore client-side scripting,
dynamic content, and user interface design in a cohesive project are of-
ten limited in the classroom. This paper presents Apache Sudoku, a
web-based game designed both as an educational tool and as a demon-
stration of core web development principles. The application integrates
multiple programming languages, including HTML, CSS, and JavaScript,
to create an interactive and playable user experience. Apache Sudoku
illustrates fundamental software engineering concepts such as modular
design, DOM manipulation, event handling, and dynamic content up-
dates. Beyond its entertainment value, the tool provides a hands-on
platform for students to explore the integration of front-end technologies
and server interactions in a complete, functional application. By com-
bining applied software development with interactive learning, Apache
Sudoku exemplifies an innovative approach to teaching web development,
supporting student engagement, experiential learning, and practical un-
derstanding of modern software engineering practices.

*Copyright (©2026 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

The project began with defining a clear objective: to explore web development
concepts through a practical, interactive application. Web development and
cybersecurity principles are central to this exploration, while browser-based
games such as Sudoku provide a simple and engaging format for demonstra-
tion. After evaluating these concepts, a web-based Sudoku game hosted on
an Apache server was selected as the focus. For simplicity, the application is
hosted locally, though future versions could be made publicly accessible. The
project integrates multiple tools, software, and programming languages to pro-
duce a cohesive final product. The central software component is the Apache
HTTP server, an open-source platform that enables access to locally or pub-
licly hosted websites. On Ubuntu systems, the default directory for web files
is /var/www /html, where the index.html or index.php file serves as the entry
point. This file can be edited or replaced to construct a custom website. Addi-
tional files placed in this directory are loaded by the locally hosted server. The
application leverages a combination of HTML, PHP, JavaScript, and CSS to
create a rich, interactive user experience. Apache primarily serves to display
the index file in the browser, which in turn links to subscripts and resources to
form the complete Sudoku application. This setup demonstrates how multiple
web technologies can work together within a single server-hosted environment
to deliver a functional, interactive application.

2 Methodology

The methodology for this project focused on selecting an appropriate web
server and technology stack to deliver a fully functional Sudoku game. The soft-
ware needed to be straightforward to install, configure, and maintain. Apache
HTTP Server was chosen for its simplicity, reliability, and open-source avail-
ability. The index.php file was selected as the main entry point instead of a
standard HTML file to allow potential integration with a database for storing
player data. JavaScript was used to implement the game logic and interactive
features. Once the stack was established, system design, feature planning, and
implementation proceeded in an iterative development process.

The project leveraged knowledge from a previously implemented Sudoku
prototype in Python to guide the JavaScript implementation. Core features
essential for a functional Sudoku game were identified as follows:

e Random puzzle generation
e Solution validation to check correctness

e Timer functionality to track puzzle-solving duration
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JavaScript was used to implement these features, requiring a detailed study
of syntax, event handling, and DOM manipulation [kennyyipcoding2022].
The iterative approach ensured that each feature was implemented and tested
systematically to achieve expected behavior.

The project directory, located at /var/www /html, follows a modular struc-
ture:

1. PHP index file: Serves as the main entry point, organizing page content
and invoking the Sudoku game script.

2. CSS file: Styles the webpage and game interface to ensure a visually
appealing and user-friendly layout.

3. JavaScript file: Implements the complete Sudoku game, including puzzle
generation, validation, and interactive user input.

4. Image directory: Stores graphical elements used for site design or game
buttons, referenced in the CSS or PHP files.

No additional server-side modules were required, ensuring simplicity for
local deployment while maintaining flexibility for future enhancements or the
integration of advanced features [kennyyipcoding2022].

3 Demo Description

The design process began with the default Apache index file, which provided
a testable base for integrating the Sudoku game. The interaction between
PHP/HTML files and JavaScript sub-scripts was established, following best
practices for client-server communication [geekcoder22982025]. The Sudoku
board is represented as a matrix, initially populated with predefined values for
testing. A board generation function converts this matrix into HTML elements
displayed in the browser. Zeros represent empty cells to be completed by the
user (Figure 1). Validation functions, including checkBoard and checkSolution,
verify each row, column, and 3x3 subgrid to ensure puzzle correctness (Fig-
ure 2). Boolean expressions are used to confirm valid input. Iterative testing
refined the layout, sizing, and readability of the board in the browser, including
clear demarcation of rows, columns, and subgrids (Figure 3). After establishing
basic functionality, additional features were integrated sequentially:

1. Random board generation
2. Timer for puzzle-solving duration

3. Local leaderboard to track user performance and solve times (stored in
the browser with potential for database integration via PHP)
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Figure 2: Validation Functions

4. UTI and design improvements for enhanced user experience

The random board generation leveraged algorithms from the initial proto-
type and existing Sudoku implementations, adapting them to the JavaScript
environment. Continuous testing and revision ensured that all components
worked cohesively and could be maintained or extended in future iterations.

Following multiple revisions, the game proved fully operational, with all im-
plemented features performing as intended. For simplicity, the project is hosted
locally on the machine where it is installed, although steps could be taken to
enable public hosting in the future. The demonstration highlights that the core
objectives of the project have been achieved. The fully revised site, with prop-
erly applied CSS styling, presents a visually clear and user-friendly interface.
Each component in the website directory, including the PHP index file, CSS,
JavaScript game logic, and image assets, operates seamlessly in coordination,
ensuring smooth interaction and functionality. The successful integration of
these files validates the design and implementation strategy, confirming that
the Apache server effectively serves the web-based Sudoku game while main-
taining modular and scalable architecture [mozillacontributors2025].

Figures 4 and 5 illustrate the final contents of the index.php file, providing
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Figure 3: Random Board Generation

a detailed view of the website’s underlying structure and layout. These figures
highlight the backend organization of the HTML/PHP file, demonstrating how
site components are linked and rendered. The HTML integrates seamlessly
with the sudoku.js file, allowing dynamic interaction for the game board, puzzle
validation, and timer functionality.

Gh o, index.php

Figure 4: index.php file

A banner section, stored in the images subdirectory, is displayed at the
top of the site-currently showing an American flag as a proof of concept and
test of image integration within the HTML structure. This demonstrates the
ability to include external assets and maintain a cohesive front-end layout. The
directory structure within /var/www /html/ is organized as follows:

/var/www/html

index.php
style.css
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Figure 5: Backend Organization of the index.php file

E sudoku. js
images/

This structure illustrates a modular approach, where the HTML/PHP file
provides the site framework, the CSS file manages styling, the JavaScript file
handles game logic and interactivity, and the images directory stores visual as-

sets. The separation of concerns enhances maintainability and supports future
feature expansion.

4 Educational Integration

The Apache Sudoku project was completed as an undergraduate student project,
with the student actively engaged in all phases of development, including de-
sign, implementation, testing, and evaluation. This hands-on involvement al-
lowed practical application of web development concepts such as HTML, CSS,
JavaScript, PHP, and Apache server configuration, reinforcing key skills in-
cluding modular programming, frontend-backend integration, input validation,
and dynamic interface design. The project demonstrates how theoretical con-
cepts from classroom instruction such as user interface construction, algorith-
mic logic for puzzle generation, and validation workflows can be applied in a
tangible, functional system. It provides a clear example of the interaction be-
tween multiple programming languages and file types to produce an interactive
web application.

As a teaching and learning resource, the project supports computer science
pedagogy by illustrating problem-solving approaches, debugging strategies, and
iterative testing. It enables students to explore and extend the system inde-
pendently, fostering active learning and critical thinking.

This project is a practical reference for undergraduate students learning web
development, bridging the gap between classroom concepts and real-world ap-
plication while promoting collaborative discussion, experimentation, and peer-
supported learning.
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5 Conclusions and Future Work

The web-based Sudoku game successfully demonstrates the integration of HTML,
CSS, JavaScript, and the Apache web server to create an interactive, visu-
ally engaging, and functional web application. HTML provides the struc-
tural framework for the game board, CSS enhances usability and visual ap-
peal through responsive and intuitive design, and JavaScript drives the core
gameplay logic, including puzzle generation, validation, and user interaction.
Hosting the application on an Apache server ensures reliable delivery of all
resources and smooth operation in modern web browsers.

This project highlights the effectiveness of combining front-end technologies
with a stable server platform to produce a complete, user-friendly application.
It also illustrates practical web development concepts, such as client-server
communication, dynamic page updates, and modular code organization, mak-
ing it a valuable educational tool for students learning full-stack development.
Several potential enhancements were identified for future development

1. Public Hosting: Deploying the game on the internet to allow access with-
out requiring local downloads.

2. Enhanced Gameplay Features: Adding a difficulty selector, hint system,
and fail-stop mechanism after multiple incorrect attempts to improve user
experience and challenge.

3. Database Integration: Connecting the PHP backend to an SQL database
to store user scores and gameplay data, demonstrating persistence, re-
trieval, and data management in a full-stack web application.

These improvements would expand the system’s functionality and demon-
strate more advanced web development practices. Overall, the project provides
a concrete example of full-stack web development, illustrating the interplay be-
tween front-end and server-side technologies while reinforcing the educational
value of hands-on learning in web application design.
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Abstract

This paper describes Eye-Assist, an Al visual navigation system de-
veloped by three undergraduate and one graduate student, and evalu-
ates its role as a multi-disciplinary computing education platform. Eye-
Assist converts camera input into prioritized audio feedback for people
with visual impairments using YOLO26-based TensorFlow Lite detec-
tion, Intel RealSense D435i depth sensing, and a multi-factor priority
algorithm. Preliminary developer testing demonstrates that the system
achieves real-time inference suitable for pedestrian navigation, with low
end-to-end latency. We are currently seeking IRB approval for formal
user evaluation with visually impaired participants. We present the ar-
chitecture, quantitative benchmarks, failure mode analysis, and student
learning outcomes spanning Android development, computer vision, sen-
sor fusion, and Agile methodology.

1 Introduction

Environments designed for sighted users present significant navigation chal-
lenges for individuals with visual impairments [1]. Traditional tools such as

*Copyright (©2026 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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white canes, guide dogs, and GPS-based applications are invaluable but lim-
ited: canes and dogs detect only nearby obstacles without semantic context,
while GPS apps cannot identify arbitrary obstacles or function reliably in-
doors ([2],[3],[4]). These limitations raise a question relevant to computing
education: can building a real-time assistive navigation system serve as a
multi-disciplinary learning platform requiring machine learning, computer vi-
sion, mobile and embedded development, accessibility design, and real-time
systems engineering?

This paper presents Eye-Assist, a visual navigation system that turns cam-
era input into prioritized audio feedback using a YOLO26-based TensorFlow
Lite model ([5],[6]), Intel RealSense depth sensing [7], and a priority-scoring
algorithm. The system supports Navigation, Read Mode, and Explain Sur-
roundings modes, running on Android or in a phone-Raspberry Pi hybrid.
We describe the architecture and demo, report quantitative benchmarks from
preliminary developer testing, discuss failure modes, and reflect on student
learning outcomes.

2 Educational Context and Motivation

Eye-Assist began during Spring 2025 as an undergraduate research project
with three students each contributing approximately 8 hours per week. During
Summer 2025, a graduate student joined and, together with one undergraduate,
committed approximately 40 hours per week, while the other two undergrad-
uates continued at approximately 8 hours per week. Development continued
through Fall 2025 as part of the graduate student’s thesis, with the project
spanning Spring, Summer, and Fall 2025.

The project was motivated by a comparative analysis of existing tools (Ta-
ble 1). Students reviewed literature and systematically identified feature gaps,
informing the system’s requirements. Table columns represent: Real-Time De-
tection (RT Det.), RGB camera (RGB), Infrared (IR), Distance estimation
(Dist.), Light adaptation (Light), Night detection (Night), Navigation (Nav),
Explain Surroundings (Expl.), and Read Text (Read).

Table 1: Feature Gaps Identified During Student Research Phase

App RT Det. RGB IR Dist. Light Night Nav Expl. Read
Eye-Assist v v v v v v v v v
BlindSquare X X X X X X v X X
GoodMaps X X X X X X v X X
NaviLens X X X v X X v X X

The project required competencies in machine learning, computer vision,
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mobile development (Android, CameraX), embedded systems (Raspberry Pi),
and accessibility design.

3 System Architecture

Eye-Assist is a real-time perception-and-feedback pipeline in four stages—
sensing, perception, priority scoring, and feedback—so components can be
swapped independently. Figure 1 illustrates the control flow. A lighting an-
alyzer selects daytime (RGB) or nighttime (infrared) detection, then the user
activates Navigation, Read Mode, or Explain Surroundings.

Day time

detection I
Recommended
Feedback

Start/Open Lighting condition
Modules

Application analyzer

Night time
detection
- Explain
Read mode Navigation mode y
Surroundings

ertical Horizontal .
Short commands Detailed commands
screen screen
Wide screen Normal screen

Figure 1: Application control flow with module selection.

3.1 Dual-Model Object Detection

Eye-Assist runs two models in parallel to cover 191 navigation-relevant classes:
a primary YOLO26 TFLite model (31 specialized classes, FP16, 320 x 320,
GPU-accelerated) ([5],[6]) and a secondary YOLOE ONNX model (160 addi-
tional classes) [8]. ToU-based deduplication prevents duplicate announcements.
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3.2 Depth Sensing and Distance Estimation

An Intel RealSense D435i provides metric depth aligned to the detection stream [7].
Raw depth is converted to “steps” (1 step ~ 0.75 m), producing phrases such as
“person, 3 steps ahead.” Objects without depth are still announced by name.
An unknown obstacle detector uses depth anomalies alone to catch hazards
matching no trained category within a 60-degree forward corridor.

3.3 Tracking, Priority, and Feedback

A ByteTrack-style tracker assigns persistent IDs using an 8-dimensional Kalman
filter. Each object’s depth history over 10 frames classifies motion (static,
moving, approaching, receding). A weighted priority algorithm scores each de-
tected object based on its speed, distance, position in the field of view, motion
state, and detection confidence—so if a trash can, a car, and a tree are all in
sight, the algorithm prioritizes the moving car because its approach trajectory
poses a greater immediate safety concern. Audio and haptic vibration deliver
information through a four-tier suppression hierarchy; track-based deduplica-
tion prevents re-announcing static objects. For user convenience, the current
system pairs a phone with the camera; future work will explore a Raspberry
Pi mounted on a wheelchair for hands-free navigation. The system supports
phone-only deployment (RealSense via USB-C) and a Pi 5 hybrid where the
Pi handles detection while the phone provides audio over Wi-Fi.

4 Demo Description

The demonstration uses an Android smartphone with an Intel RealSense D435i
mounted on a chest or head harness. The phone screen is mirrored to a projec-
tor showing live bounding boxes, distance labels, and track numbers. Figure 2
shows the hardware configurations.

The demo proceeds in three phases: Navigation mode via the “hey eye
assist” wake phrase demonstrating real-time detection with distance and mo-
tion tracking; Read Mode for on-device OCR of printed signs [9]; and Explain
Surroundings for scene-level summaries. The hybrid Raspberry Pi setup can
also be demonstrated to show consistent behavior across deployment modes.
Figure 3 shows detection output across four configurations.

5 Performance Evaluation
During preliminary developer testing using the daytime phone RGB pipeline,

we collected performance data across multiple sessions. Table 2 summarizes
the key metrics.
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Figure 2: Hardware configurations: (a) Phone daytime, (b) Phone nighttime

with IR emitter, (c¢) Pi nighttime, (d) Pi daytime, (e-f) handheld/backpack,
(g) chest mount, (h) head mount.
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Horizontal screen 10 steps Vertical screen 1

Figure 3: Detection output: (a) Pi daytime, (b) Pi nighttime, (c¢) Phone day-
time, (d) Phone nighttime. Demo video: https://youtu.be/z1Bxsd1Ib4Q

The mean inference of 96.5 ms (=10 FPS) is sufficient for pedestrian navi-
gation. The distribution clusters between 89-105 ms; periodic spikes at session
boundaries represent fewer than 5% of frames. Pipeline overhead averages
38.8 ms (~29% of total). Navigation mode adds only 2-4 ms versus detection-
only, indicating well-isolated workloads.

6 Failure Modes and Error Handling

Given the safety-critical nature of navigation assistance, we identified several
failure modes. Missed detections are addressed by the dual-model architec-
ture: if YOLO26 misses an object, YOLOE’s broader vocabulary may detect
it, and the unknown obstacle detector uses depth anomalies as a safety net.
Depth camera failures use retry-with-backoff (200 ms, doubling to 2 s); ob-
jects without depth are still announced by name. False positive overload is
managed by four-tier suppression, 3-second cooldowns, and track-based dedu-
plication. TTS suppression failures use a 15-second timeout to automatically
restore announcements.
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Table 2: Detection Pipeline Performance
Metric Mean Std Dev (o) P95

Inference time 96.5 ms 7.8 ms 105 ms
End-to-end delay 135.3 ms 15.0 ms ~155 ms
Pipeline overhead 38.8 ms — —

Objects per frame 2.1 — 5
Max objects/frame 11 — —
Battery drain ~1%,/min — —

Table 3: Safety-Critical Response Parameters

Alert Type Trigger Response
Vehicle danger <3.0m Time-to-impact + escape dir.
Person critical <l.5m Urgency alert + action

Unknown obstacle Risk >0.85 Depth-only corridor alert

7 Student Learning Outcomes

Four students contributed: three undergraduates and one graduate student.
Undergraduates reviewed literature, identified gaps in assistive technologies,
created and annotated datasets covering day/night conditions, trained detec-
tion models, and integrated depth with detection outputs. The graduate stu-
dent strengthened the architecture, formalized evaluation, and improved night-
time IR detection. None had prior Android experience; upskilling in Kotlin,
CameraX, and TFLite required self-directed learning. Students adopted Git
and Agile methodologies.

Several technical challenges produced notable learning moments. Night /TR
detection required improvising with external IR emitters when the RealSense’s
built-in emitter proved insufficient. Inference optimization taught the speed—
accuracy tradeoff: reducing input from 640 x 640 to 320 x 320 cut inference time
by nearly 50%. Object tracking identity revealed that position-hash bucketing
broke for moving objects; implementing ByteTrack taught temporal reason-
ing beyond frame-level detection. Priority algorithm tuning required iterative
field testing—a practical lesson in human-centered design. Integrating the In-
tel RealSense camera with Android was another significant challenge, as the
RealSense SDK has limited native Android support and required custom bridg-
ing between the depth pipeline and the app’s detection framework. Eye-Assist
remains a work in progress with ongoing development addressing these engi-
neering challenges.
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8 Discussion and Conclusion

Eye-Assist demonstrates that a real-time visual navigation system can run on
accessible hardware with low latency, providing distance-aware, prioritized au-
dio guidance without cloud connectivity ([5],[7]). The project spans the full
AT system lifecycle and served as an effective multi-disciplinary education plat-
form. Students encountered tradeoffs involving speed, accuracy, sensor noise,
and user experience—challenges rarely present in structured assignments. The
system has not yet been evaluated with visually impaired users; we are cur-
rently seeking IRB approval to conduct formal user studies. The current appli-
cation is designed for outdoor navigation; future work will implement indoor
navigation using map integration via voice commands. Additional planned
features include currency recognition and packaging the code as a reusable
capstone framework.
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Abstract

The rise of generative Al necessitates faculty development to equip
diverse student populations with essential AT skills and knowledge. This
paper details the findings of an AI Across the Curriculum (AIAC) initia-
tive at an urban community college, a Hispanic Serving Institution (HSI).
The project trained faculty in both STEM and non-STEM disciplines on
designing and implementing formal AI learning activities. Qualitative
data was collected from 13 focus groups, involving 157 students in Spring
2025 courses taught by ATAC faculty. Students consistently reported the
activities were highly instructive, moving them beyond superficial tool
use to a nuanced understanding of generative Al, particularly concerning
AT ethics and societal implications. These learning experiences fostered
increased comfort and confidence with AI technology, enhancing their
ability to evaluate information reliability and apply Al in future studies
and careers. The results demonstrate the potential of this interdisci-
plinary approach to increase Al literacy and understanding of AIl’s eth-
ical implications, while reducing intimidation barriers across a diverse

*Copyright (©)2026 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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student body. Our focus on training faculty first, who in turn imple-
mented best practices in their courses, builds a foundation for ongoing
ATAC activities on our campus. We share this AIAC model here as a
practical, adaptable template for Computer Science faculty to collabo-
rate with colleagues and successfully offer tools for expanding Al learning
experiences for all students.

1 Introduction

This paper presents data gathered from students at an urban community col-
lege serving a diverse student population, where instructors participated in an
Al-focused extension of an NSF HSI Implementation and Evaluation funded
project entitled: Bridging the Gap: Designing a Technology Learning Com-
munity Integrating Computational Thinking to Improve STEM Engagement
Across Disciplines. The original project was designed to further research sev-
eral issues highlighted by ongoing scholarship on barriers to participation in
STEM education including the barriers faced by non-STEM students adopt-
ing new technologies in their learning and unequal participation across gender,
race, and socioeconomic lines. Our original study researched how implementing
computational thinking (CT) strategies in both formal and informal learning
settings could impact students facing such obstacles [1].

The student data is a culmination of an initiative in which our project team
trained faculty to implement Al learning activities in formal learning experi-
ences for STEM and non-STEM students through an AT Across the Curriculum
(AIACQ) initiative aimed at faculty in an urban community college. The teach-
ing load of full-time faculty is 4-4. The data presented here was collected from
students in courses taught by the ATAC-trained faculty participants in our ini-
tiative during the academic year 2024-25. The study demonstrated benefits to
students through AI learning in the classroom, and activities designed to en-
hance students’ AT literacy. Our ATAC model provides an adaptable template
for Computer Science faculty seeking to expand STEM learning experiences
through the incorporation of Al for their students, as well as helping their
colleagues in other disciplines toward this goal.

The rise of generative Al presented an opportunity to address the growing
need for pedagogical faculty development across disciplines to provide Al skills
and knowledge to diverse student populations. Institutions of higher education
are conceptualizing the Al skills and competencies for developing students’ Al
literacy [2, 7, 8, 4, 6], and must assess and understand what faculty need [5] to
accomplish this. The ATAC initiative was developed as a small-scale, modified
version of the Al across the curriculum model implemented at the University
of Florida [9] which adapted its use of the AI literacy framework [7] for the
community college setting. While on a smaller scale, this project also focused
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on training faculty across disciplines and building interdisciplinary engagement
to advance students’ AT literacy, their understanding of responsible use of Al
in their future studies, and their career readiness.

The project team consisted of a PI and co-PI from Computer Science, as
well as a co-PI and senior personnel from Sociology. Their combined expertise
in technology with and in social science enhanced their ability to work with fac-
ulty across disciplines, reducing faculty intimidation and, thus, expanding the
reach of our interventions to students in STEM and non-STEM fields. Based
on these findings, this paper argues that computer science faculty are uniquely
situated to provide this urgent pedagogical support to their colleagues in other
fields. Rather than focus on limiting AI or teaching its detection and eradica-
tion in the classroom, this project centered on providing positive Al learning
experiences that benefit students across disciplines and programs. This paper
reports findings that are particularly salient considering the rapid changes to
teaching and learning brought on by generative Al. The study focused on qual-
itative data to provide a nuanced understanding of students’ experiences of the
learning activities in their own words. These results show the potential ben-
efits of expanding similar multidisciplinary initiatives beyond the usual scope
of technology and computer science education.

2 Al Across the Curriculum

Prior to developing this initiative, members of the research team facilitated
multiple workshops at the college, where faculty from a wide variety of dis-
ciplines expressed concern about students’ use of generative Al, as well as
uneasiness over their own knowledge gaps and experience with this new tech-
nology.

ATAC began as a series of workshops open to all faculty in Spring 2024 facil-
itated by computer science faculty, the PI and co-PI, co-facilitated by sociology
faculty with expertise in pedagogical faculty development. Interested partic-
ipants were invited to apply to be ATAC Faculty Fellows. They completed
a Summer Bootcamp in 2024 and committed to creating and implementing
AT learning activities and lesson plans for a pilot in Fall 2024 and full imple-
mentation in Spring 2025. The workshops included foundational knowledge
about generative Al, an overview of widely available generative Al tools, an
introduction to Al ethics (through IBM SkillsBuild [3])) as well as hands-on
activities aimed at the development of discipline and course-specific Al course
policies, learning activities, and lesson plans. Model activities and lesson plans
incorporating principles of culturally responsive pedagogy (CRP) were pro-
vided by facilitators for computer science courses and for a sociology course
to help participants conceptualize ways of integrating these components into
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their courses. All participants were required to develop 1) an Al-infused syl-
labus with an AI Policy; 2) an AI Ethics learning component; and 3) an Al
lesson plan for discipline-specific Al learning.

These learning activities were designed to be low-barrier, open to non-
STEM majors, and situated within general education and introductory-level
courses. During the 2024-2025 academic year, the ATAC initiative reached a
total of 829 students, from 94 departments including health studies, social sci-
ences, biology, chemistry, math, computer science, and business management.

Faculty across disciplines developed learning activities that incorporated
course content and learning goals. Some examples include applying principles
of Al ethics to facial recognition technology in a sociology course, incorporating
and critiquing the use of Al editing tools in a video arts and technology course,
ethical use of Al in human resources management, and using Al tools to review
and improve Python projects in an analytic geometry and calculus course.
The “across the curriculum” model allowed for the integration of Al learning
that would provide students with exposure and experience with Al tools with
course-specific concepts and skills.

3 Al Literacy Framework

As noted above, the project’s starting point was the principles of Al literacy
used by the University of Florida program [9] which incorporates four dimen-
sions of Al literacy: 1) basic knowledge: knowing and understanding how Al
works; 2) using and applying Al: being able to use Al tools to solve prob-
lems and complete tasks; 3) evaluating Al and creating Al systems; and 4) Al
ethics: understanding the moral and ethical implications and making informed
decisions about Al use.

Because this study grew out of a more far-reaching project that explored
the technological divide among under-represented minority groups including
women at an urban community college, this portion of the study focused on
experimenting with the impacts of a Generative Al-infused curriculum in var-
ious classes offered by different departments. This part of the project thus
focused on how Al tools are employed by STEM and non-STEM students in
the context of the persistent hurdles disadvantaged groups face which discour-
age participation in fields of scientific innovation. Consequently, the GenAl
component of this study did not focus mainly on specific matters like plagia-
rism, citation, and policy-aligned pedagogy, particularly as universities are still
grappling with these new technologies in order to construct suitable strategies
that work well for diverse stakeholders. Instead, it measured how students can
become more engaged with new technologies through a GenAl-infused cur-
riculum that can help them enhance their career skills or imagine new career
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alternatives.

There are key differences that we needed to account for in adapting this
framework to the two-year college context, particularly as this program tar-
geted faculty primarily teaching introductory-level courses in non-technical
fields. Standalone workshops conducted by the research team uncovered the
primary needs of faculty, which included the basics of AI literacy for the fac-
ulty, many of whom were unfamiliar with the technology and felt ill-equipped
to address Al, let alone incorporate Al into their courses. Even those who had
some familiarity with generative Al tools, such as ChatGPT, expressed inter-
est in a sustained program where they could learn more about AI and have
an opportunity to develop Al-related activities appropriate to their course and
discipline. Thus, this effort focused on the aspects of Al literacy that did not
involve technical competencies, such as coding and programming, and instead
focused on 1) developing the AT literacy of participating faculty, and 2) having
faculty develop course-appropriate Al learning activities and lessons which fo-
cused on understanding the basics of Al, using Al appropriately, i.e., to enhance
course learning goals within the bounds of academic integrity understanding
the basics of Al ethics, knowing the fundamental principles of Al ethics and in
using and Al applying tools ethically.

Given the level of knowledge and preparation as well as the multidisci-
plinary makeup of faculty participants along with the emergent nature of the
technology, the findings reported in this paper focus on students’ experience of
the learning activities across disciplinary contexts.

4 Methodology

The larger project employed mixed-methods research design and received the
institution’s approval. The results here, from the qualitative part of the project,
were gathered according to the protocol for Human Subjects Research. Focus
group interviews and observations were conducted by a research team consist-
ing of a sociologist and a research assistant. The classes consisted of on campus
and synchronous online classes taught by ATAC faculty participants. This pa-
per focuses on this research question: Do factors such as formal knowledge
about AI, prior hands-on experience, and the intersection of gender, race, and
socio-economic status influence whether integrating Al into a formal learning
environment 1) enhances students’ ability to solve problems, 2) reduces intim-
idation, and 3) enhances student interest in AI?

The focus group interview questions centered on the activities in Spring
2025, after full implementation of the learning activities developed through
ATAC. Open-ended questions allowed students to raise matters beyond those
they were asked.
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1. How would you describe your knowledge or understanding of generative
AT tools (e.g., ChatGPT, Gemini) before doing these activities, and how
would you describe your knowledge and understanding now that you have
completed the Al learning activity or activities in this class?

2. How would you describe your knowledge or understanding of AI Ethics
before doing these activities, and how would you describe your knowledge
and understanding of them now that you have completed the AI Ethics
learning activity in this class?

3. What were some of the challenges you experienced while learning about
AT or while completing the AI learning activities in this class?

4. How do you think you could apply what you learned about Al after you
finish this class in your future studies or career plans?

5. How can we help you and other students learn more about Al to support
your future studies or career plans? For example, offering AT workshops,
having Al learning activities in more classes, for all majors, providing
more opportunities to participate in innovation challenges or internships.
Please share any suggestions you might have.

6. Is there anything else you would like us to know?

4.1 Data Gathering Methods

The qualitative team conducted 13 focus groups with 157 students (a subset of
Spring semester participants). Three of these sessions were conducted virtually,
the rest were held in-person. Four focus group sessions were conducted by an
interviewer working with an observer. All focus group sessions were recorded
and transcribed. Verbal consent was obtained before the start of interviews
after which facilitators read the focus group questions aloud. On average, the
sessions lasted 21 minutes. Audio recordings were transcribed and analyzed
by the researchers, using Atlas.ti, a qualitative data analysis program. Codes
were created using inductive methods.

5 Research Findings and Discussion

Overall, students reported that engaging with Al learning activities provided
an opportunity for them to not only use Al tools, but to broaden their un-
derstanding of the multifaceted aspects of the technology, including important
issues of Al ethics and an awareness of the challenges and opportunities that
AT technology brings in both educational and future career contexts. With re-
gard to ethics in particular, student responses ranged from the usual “obviously
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don’t use it to completely cheat” to a more nuanced grasp of the behind the
scenes effect of corporate uses of Al in hiring, for instance. The subsequent im-
pact of that understanding paved the way for an increased sense of confidence,
with students attesting a new level of comfort “with the idea of it [AI| being
integrated into an academic setting” and having “a better knowledge of it now,”
as well as increased interest in and engagement with STEM /AT technology in
their future lives and careers.

5.1 Qualitative Results and Discussion

Focus groups for the Spring 2025 Formal Learning Activities consisted of 13
classrooms offering formal generative AI learning components. These class-
rooms ranged in disciplines from Video Arts and Technology to Sociology,
Biology, Chemistry, Math, Speech, Business Management, and Health Stud-
ies. Focus groups respondents reported a mix of expertise with generative Al
tools, with the majority reporting ease of use of the technology. Students de-
tailed their experiences, as cited below, illustrating the effectiveness of the new
materials introduced this term.

Tree map response frequencies along codes indicate the prevalence of pos-
itive responses over negative or neutral ones to questions about the impact of
the new activities in the formal learning classroom setting (Figure 1).

Instructive 11

2

Figure 1: Tree Map about impact of the new activities in the formal learning
classroom setting

Students in all classes overwhelmingly and consistently reported that the

activities they participated in were instructive, a theme that appeared con-
sistently in the tree graph. They indicated that the activities helped them
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prepare for a more informed use of generative Al tools. Students illustrating
this point said this in different ways:

“But, so I'm now very comfortable with the idea of it being integrated into
an academic setting in a way I wasn’t before ...” — Chemistry student.

A Business student said, “I mean, it was pretty straightforward from the
beginning for me, but I feel like I just have a better knowledge of it now.”

Below are three student quotes that compellingly demonstrate the practical
instruction students received which led to their more critical assessments of
these new resources. A student from a media course put it this way:

“T feel like, yeah, I think AI ethics are pretty straightforward. It’s just, it
was pretty—I feel like a lot of things dealing with AT goes, goes without saying
just because, you know, obviously don’t use it to completely cheat on—use it
for, don’t violate ... I guess what a school integrity or your student integrity,

. you know, don’t plagiarize with it or ... Yeah, those are, those are the two
main things, but I feel like those are, like, the biggest questions when it comes
to Al, and then things like privacy all, and, sort of accessibility to what you
have are also big things. So, just keeping those in mind and its restrictions.”
A Chemistry student said: “I do have a lot of problems with AI and that I,
I think it’s not very ethical, both because of the way it sources its data, and
because of, like, the environmental impacts of it.” Another student in the same
discipline added, “Before this project I just used Al and not knowing any ethics
or ethics side of the AI use. But now with this project, I learned about how
AT shouldn’t be used in a certain way. And yeah, I gained more knowledge
about that ethic, the ethic|al] side of it.” There were several other instances like
these where students made it clear that they had arrived at the problematic
aspects of these new technologies and understood the ethical implications in
more organic and meaningful ways.

These valuable lessons tackle the matter of sound pedagogy in hands-on
ways even while the study did not necessarily set out to explore the problem of
plagiarism and the best policies to address it more specifically. These ethical
concerns indicate there is still much to explore from various vantage points,
prompting additional research. On the other hand, a few students reported
finding the activities to be an ill fit for class, adding that there was a need for
additional training, especially for other students, as well as in more classes. One
student noted, for example, that generative Al may interfere with the social
ties that people regularly count on for learning. She wondered how human
interactions can be strengthened, especially when generative Al encourages
work in isolation.

Biology Student: “You know, using Al at the same time, that also promotes
the human interactions, you know? So, yeah, that’s what I want to know. And
I would like to have more, maybe watch [some| video[s| about, you know, yeah,

84



related to this.”

Comfort and ease of use along with new uses, and a background on ethical
matters related to the use of generative Al in the workplace led to an increased
interest and broader usage of the new tools introduced. One female student
said, “Honestly, I'm not a computer science major at all. Before taking this
class, I didn’t even know much about AI, so I do believe in some sense that
it did help me, but I feel like I did have the general idea of AI, but the ethics
part, that part, I really didn’t know about it at all, so ...”

Tree map response frequencies along codes indicate that positive responses
were more highly represented than negative or neutral ones to questions about
the impact of formal learning activities incorporating generative Al tools (Fig-
ure 2).

Instructive 11

2
Reduced intimidation 3

Figure 2: Tree Map about the impact of formal learning activities incorporating
generative Al tools

Students expressed a deepening of their knowledge of generative Al as well
as increased comfort levels with the different applications used in their class-
rooms, from Python, to Photoshop, SEEK, and ChatGPT. A biology student
said, “But now, being in this class, and using the tool that we did, I learned
that AI can be very interactive and it allows you not to do the work for you,
but also, you would have to put in the work, and it doesn’t take away your
focus of learning, it enhances it, in fact, and it allows you to put in your own
ideas and, I don’t know.” A computer science student in a sociology course
also expressed improvements to her familiarity with generative Al tools and
her considerations of new ethical matters saying, which include new knowledge
they will be able to apply in career settings: “I think, like, my knowledge on Al
ethics wasn’t very good. I didn’t really know much about it at all until I took
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the course and I've seen so many different things that goes into play, especially
when it comes to even just companies using Al tools, and one of the examples
that was used was, they were kind of selecting employees, to basically give a
promotion to, and the AI would choose a specific person.... so something I
had to learn was ... Al is prejudiced, so I was like, OK, there’s prejudice in the
back end when it comes to Al. So, I think that’s one of the things that I've per-
sonally learned from it, and you know there’s actually a lot that goes into play,
you know? Behind the scenes, you know? Not just for our use, but even just
for companies and different things like that, you know?” Focus group partici-
pants noted that their classroom activities enhanced and reinforced their ideas
about generative Al tools even while they expressed uncertainty regarding the
extent to which they would use these tools in their future careers. Regarding
the research question, overall, the research team found the following:

Students’ sense of their ability to solve real-world problems was overall en-
hanced by increased familiarity with generative Al tools. Another important
finding was that regardless of prior knowledge, most student participants had
a positive experience of our classroom activities teaching about AI. The fol-
lowing quotes from students in classrooms across the different participating
disciplines highlight the positive experiences gained through the introduction
of generative Al-centric activities. A Speech student said, “I think it is very
useful in researching different topics and also, making sure to make, that you
see different viewpoints, that you might have not seen before, and different
mindsets, and that’s it.” A Business student added: “OK, so before, I knew
what AI was, but I feel like during this class we kind of broke AI down, so
like, different kinds of parts and find out what it can really do to help benefit
society and stuff.”

Students were asked during focus group sessions if there was anything else
they wanted us to know which tended to yield questions about AI use in their
classes as well as additional suggestions beyond how the college could further
support their learning. In some cases, students made generalized comments
about the place of generative Al in society and its impact on humanity at large,
at times also linked to their concerns about what they see as the stakes involved
in AT use to these overarching principles. These comments were often framed
by a shared notion that artificial intelligence is here to stay, thus society must
engage with it. Such engagement can entail additional improved instruction,
like the one they experienced over the course of their semester, but also in
terms of expanding ethical guidelines beyond those promoted for consumer
adherence. Students usually agreed that generative Al is the way of the future
and that society has been changed by this. One Speech student put it this way:
“But the thing is, Al is all around the world now, so it’s normal, so that’s why
everybody uses it, so, yeah.” Other students worried about the implications of
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a world with a learning gap so wide that those with access to resources might
further disadvantage those already on the margins, as the IBM Skills Build
activity experienced in classes made clear. A Sociology student phrased her
thoughts by saying: “Yeah. Well, I think overall, Al is a super powerful tool
in the hands of the right person, you know, |[be|cause it can be abused, and if
you use it correctly, you can use [it] to help you study or, like, you were saying
earlier, don’t have it give you the answer, have it work through the answer with
you, you know? It’s something that I feel is inevitably gonna be integrated into
society, whether you like it or not. It’s just such a good tool, and, yeah, that’s
pretty much it.” These critical insights, embedded in an understanding of
power differentials in society, found resonances in students in different classes.
The potential for intensified social inequality and injustice was a poignant
motif that emerged from students’ concerns about new technologies with much
potential for improving social conditions, but could easily lend themselves to
misuse.

Yet despite the concerns and ambivalence, students expressed an increased
sense of confidence in their ability to engage with generative Al in educational,
career and personal contexts. This is expressed enthusiastically by a business
student who shared: “So, I was, like I previously mentioned before, I've gotten
some insight on Al ... in other classes, and so the fact that I'm getting more
insight on Al is actually really good because as we advance as a society and
civilization, Al is becoming way bigger, and it’s definitely become, become
bigger in the past few years, and it’s just going to get bigger from here. So,
the fact that we're learning about it in real time and in classes such as this
one, it just gives greater insight and knowledge on Al and the fact that we’ll
be able to apply this into future positions and studies is actually a really good
thing, and that we’re learning it in school.” A biology student notes the ways
in which the AI learning activities will help in his future plans: “I do want
to focus on conservation so there’s a lot of stuff with AI, you know, the good
and the bad, seeing what it can do and knowing its limitations is definitely
something that I can take on to a career in biology and conservation.”

5.2 Discussion Summary

The general results from classroom activities suggest that the original objec-
tives of familiarizing students with new AI tools were achieved during formal
learning activities in the classroom. Most students expressed significant com-
fort with the technology and expressed appreciation for having the opportunity
to learn more about and/or to use Al tools as part of their classes. While the
actual course learning activities, and the Al literacy skills being taught var-
ied, students reported gaining some new skills, experience or insights about
generative Al tools and making informed choices about their appropriate use.
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And yet, despite the study’s aims not being centered on matters of plagia-
rism, student testimonials nevertheless yielded promising insights into their
experiences, suggesting that the ethical questions at stake in using GenAl in
college classrooms were nonetheless addressed in practice if not in theory. By
infusing regular curriculum in multiple fields with GenAlI instruction, students
were able to more directly test new technologies. In doing so, they consistently
found Al sources to be unreliable and unwieldy, leading to collective nuanced
realizations about the need for ethical measures and restrained uses of artifi-
cial intelligence. Most students gained a better understanding of how to use
generative Al tools, their uses and implications. In many cases, even where
students had prior learning and knowledge of AI, they learned more than they
would have through their independent use of these tools. This was particularly
true with Al ethics, a topic that few students knew about prior to the specific
learning activities implemented into their classes by faculty who participated
in ATAC.

6 Conclusion

The goal of this paper is to share findings about the impact of training fac-
ulty across a variety of academic and career fields to incorporate discipline and
course specific Al learning activities into their courses. While the activities
varied, faculty in STEM and non-STEM fields were given an opportunity to
develop their own Al skills and knowledge through this pedagogical training.
Sharing the results of students’ experiences of the tools created in this training
here as a potential model for CS faculty to contribute their expertise through
interdisciplinary collaboration that benefits students and faculty in STEM and
non-STEM fields. This model illustrates the benefits of interdisciplinary col-
laborations to foster pedagogical support for their colleagues, to facilitate Al
learning experiences that benefit students across disciplines and programs, and
better prepare them for their future studies and careers.
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Abstract

Although teaching ethical computing practices is essential for devel-
oping responsible technologists, ethics is still too frequently overlooked
in computing education. As a consequence, students may graduate not
only without the skills to identify and address ethical dilemmas, but
also without an understanding of why ethical decision-making is essen-
tial, in the first place. To overcome this gap, we have created a set of

*Copyright (©)2026 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.

90



easily adoptable, experiential ethics-focused Accessible Learning Labs de-
signed to systematically introduce students to core ethical concepts in
computing and to emphasize the real-world consequences and impor-
tance of ethical computing practices. In the following paper, we report
on instructor observations regarding the inclusion of these ethics-focused
computing labs at a diverse set of categorically distinct partner insti-
tutions. The complete project materials are openly available on our
website: https://all.rit.edu

1 Introduction

An increasing number of decisions that profoundly affect society—from hiring
and healthcare to policing and information access are now driven by computing
systems. Unfortunately, many of these systems are developed without adequate
consideration of ethical implications such as bias, fairness, privacy, autonomy,
and accountability [13]. While computing educators recognize the importance
of teaching ethics, research shows that they often struggle to integrate ethics
into their courses due to limited time, expertise, or access to high-quality in-
structional resources [13]. Such an approach frequently restricts the inclusion
of this increasingly essential topic in computing and non-computing cuticula.

To address the gap created by the lack of high-quality, easily adoptable
computing-ethics content, we have developed a set of educational resources
Accessible Learning Labs. Each lab focuses on a different ethical challenge in
computing and is designed to help students both understand why ethics mat-
ters and develop practical skills for identifying and addressing ethical issues
in real systems. In each lab, the participant will ‘experience’ the addressed
ethical scenario. The labs are intentionally created for broad adoption and can
be seamlessly incorporated into a variety of instructional contexts, including
standalone modules, course integrations, workshops, or independent learning.
The only requirements are a web browser and an internet connection, mak-
ing the labs accessible to instructors, students, and self-guided learners alike.
Complete lab materials are publicly available on the project website [1].

Over the last several recent semesters, we have included our labs in a vari-
ety of undergraduate course offerings at six universities. Additionally, we have
partnered with instructors in several other computing and non-computing fo-
cused courses, both at our university and collaborating universities to include
our ALL educational material in their curricula. The material was included in
both conventional and online course offerings.

This publication summarizes the insights gained from incorporating our ma-
terials in various instructional settings. Key takeaways include: I) Instructors
valued the modular, a-la-carte structure of the labs; IT) The 30-60 minute com-
pletion time made adoption easier; I1T) Both instructors and students appreci-
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ated that the labs were fully hosted and self-contained; and IV) Ethics-oriented,
empathy-building content appeared to motivate students. Unlike existing work
[13, 14, 9] on our Accessible Learning Labs, this submission focuses on instruc-
tors’ perspectives and practical experiences using the materials, rather than on
statistical evaluations of lab outcomes.

To summarize, this work makes the following contributions:

e Overview of the developed educational materials: The ethics-
focused, self-contained labs are freely available on the project website [1]!.
They require no special software or configuration and can be used directly
through a standard web browser.

e Initial instructor insights from using the materials: We present ob-
servations from instructors who incorporated our labs, highlighting strengths
of the materials and offering useful context for prospective adopters.

e Practical guidance on effective integration: @ We provide recom-
mendations—based on observed classroom use—that may assist instructors
adopting the labs or teaching accessibility-related content.

2 Related Work

Ethical issues in computing are increasingly recognized as critical concerns [7,
16]. U.S. accreditation guidelines now mandate ethics instruction in Computer
Science programs, yet institutions retain significant discretion over how deeply
and in what format these topics are taught [5]. Despite this requirement, there
remains a notable shortage of comprehensive, accessible resources focused on
the ethical dimensions of Al systems [11].

Scholars contend that embedding ethics within technical coursework helps
normalize these conversations and situate them in authentic contexts, rather
than treating ethics as ancillary or isolated [4]. Proposed approaches include
project-based activities that highlight real-world consequences [2] and the use
of science fiction to prompt reflection on future ethical challenges [5].

Recent work has begun exploring concrete strategies for integrating ethics
into AI/ML education [15]. For example, [5] analyzed syllabi to examine how
ethics is incorporated through standalone courses and technical Al classes,
while [6] interviewed instructors to surface key challenges and highlight the need
for a community-driven, interdisciplinary framework for teaching AI ethics.
Our contribution builds on this emerging literature by offering the first web-
based, experiential activity designed specifically to help students identify and
understand AI/ML bias.

INote: Anonymizing the website for this submission was not feasible, as it is actively
being used by adopting institutions throughout the United States.
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Interest in Al ethics education extends beyond computer science, with fields
such as medicine [8] and public policy [12] also emphasizing its importance. [3]
similarly calls for “Ethics of Al-aware software engineering,” which integrates
stakeholder values and ethical reflection across the development lifecycle.

Our labs adopt experiential learning as its foundation, an approach that has
been shown to be an effective pedagogical method [10]. Although experiential
learning has been used in a variety of educational settings [13, 14, 9], our work
is distinct in its explicit focus on enabling learners to directly engage with and
reflect upon bias in AI/ML systems.

3 Lab Structure, Topics and Goals

In the following sections, we will describe the primary objectives of the labs
and their structure.

3.1 Lab Goals

The educational labs Accessible Learning Labs have several primary goals:

1. No specialized tools are required: Complete materials are hosted
online and can be accessed with only a browser and an internet connection,
allowing for effortless adoption without additional software or hardware.

2. Accessible to learners with basic programming knowledge: Stu-
dents with a range of experience levels should have the opportunity to learn
about the importance of ethical software development and gain introduc-
tory skills for addressing ethical concerns in computing.

3. Designed to fit within already packed curricula: Each lab can be
completed in roughly 30-60 minutes, and instructors may flexibly select
and incorporate only the components they need. This modular structure
allows the labs to be integrated even in courses with limited available time.

4. Includes all required teaching materials: To streamline adoption,
each lab provides complete instructional resources, including slides, back-
ground readings, hands-on activities, reflection prompts, and assessments.

5. Emphasizes both the practice and the purpose of ethics: Learners
must not only understand how to build ethical systems, but also why ethical
decision-making is critical in computing.

Figure 1 demonstrates the experiential nature of the labs, where partici-
pants encounter flawed software and then repair it. This experiential format
has been found effective in previous publications [9, 13, 14].
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Figure 1: Utilized experiential intervention format.

3.2 Lab Structure and Components

Each lab consists of multiple elements to educate and motivate students about
core ethical issues in computing. The lab workflow is presented below:

1.
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Foundational Ethical Context: The lab begins with an overview of
the ethical topic being addressed, introducing key principles and guidelines
that would prevent the ethical failure demonstrated in the activity.

. Interactive Activity: The lab is completed using the following steps:

(a) Students explore a system without ethical safeguards: Learn-
ers first interact with the software or scenario as-is, without ethical
guardrails applied, completing a simple task and observing how it be-
haves under typical conditions.

(b) Students experience the ethical issue through a simulated con-
sequence: The lab includes a mechanism to simulate or highlight the
ethical problem (e.g., bias, privacy violation, unfair decision), allowing
students to directly observe the negative impact of unethical design.

(¢) Students receive guidance on ethical best practices: The lab
then presents strategies, frameworks, or guidelines that can be used to
mitigate or prevent the ethical concern encountered.

(d) Students apply ethical improvements: Students modify the soft-
ware or scenario, implementing the recommended ethical practices and
gaining hands-on experience in improving system behavior.

(e) Students evaluate their ethical improvements: With the mod-
ifications applied, students re-engage with the scenario to observe the
impact of their changes and reflect on how ethical design alters sys-
tem outcomes. This process helps build confidence in applying ethical
principles in practice.

Empathy-building reflection: Research has shown that empathy de-
velopment improves ethical awareness and motivation to act responsibly.
In our labs, this is supported through short testimonials or perspectives
from individuals directly affected by the ethical issue being explored.



4. Assessment: An optional online quiz that enables instructors to evaluate
student understanding and verify completion of the activity. Learners may
submit a screenshot of their results as evidence of completion.

3.3 Lab Topics

The three ethics-focused labs are described below and address the topics of:

e Ethics of AI: This lab familiarizes students with machine learning bias
and the ethical principles for responsible ML design by demonstrating how
biased data influences algorithmic outcomes and giving learners hands-on
experience in reducing those biases (Section 4.1).

e Algorithmic Bias: Teaches about machine learning bias and the ethical
principles that should guide ML design by demonstrating how biased data
affects algorithmic behavior and providing hands-on experience in reducing
those biases (Section 4.2).

e Bias in Neural Networks: Teaches about bias in machine learning and
the ethical principles for designing fair ML systems by illustrating how
biased data influences algorithmic results and giving participants hands-on
experience detecting and reducing those biases (Section 4.3).

4 Developed Intervention Activity (Labs)

4.1 Overview: Ethics of AI Lab

Lab Learning Objectives:
Learning Objectives (LO)

LO1: Recognize different ethical challenges in Al (Comprehension)
LO2: Practice consideration of ethics in a Al-related scenario (Application)
LO3: Diagnose ethical implications of AI choices (Synthesis)

This lab provides an accessible, experiential way to engage with the ethical
implications of artificial intelligence. Its primary objective is to help partici-
pants recognize how bias can emerge in Al systems, reflect on the consequences
of biased decision-making, and practice strategies for mitigating these issues.
The learning goals include identifying ethical challenges, diagnosing the impli-
cations of Al choices, and evaluating appropriate responses. To achieve these
goals, the lab combines guided readings, interactive activities, media resources,
and assessment.

The lab begins by introducing users to the foundational concepts of Al its
applications, and common misconceptions. Through an initial reading—supported
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Figure 2: Hiring: Candidate Avatar Selection and Qualification Questions

by visual aids, real-world examples, and guided reflection questions—participants
gain context for understanding how AI systems are integrated into daily life
and why ethical considerations are essential. This foundation prepares partici-
pants for the interactive modules, where they experience Al bias firsthand and
reflect on its effects.

In the main experiential activity, participants engage in a simulated hiring
process. They first take the role of a job applicant (Figure 2) whose applica-
tion is unfairly rejected by an Al agent, allowing them to personally experience
algorithmic discrimination (Figure 3). Next, they adopt the perspective of an
employer, selecting candidates while being influenced by a flawed AT recommen-
dation system (Figure 4). By later revealing that the system discriminated on
arbitrary traits such as hats or glasses, the lab underscores both the irrational-
ity and harm of biased algorithms. Participants are then given the opportunity
to “repair” the system by adjusting criteria to reflect more equitable attributes,
reinforcing the role of deliberate design choices in reducing bias.

After completing the simulation, participants move into a reinforcement
phase that includes supplemental media and a short quiz. This consolidation
step deepens their knowledge, fosters empathy, and provides a sense of closure
with a certificate of completion. Ultimately, the lab demonstrates that Al is not
inherently neutral; it reflects the data and values encoded into it. By situating
users in interactive, bias-laden scenarios and guiding them through corrective
actions, the lab builds critical awareness and equips learners with practical
insights for addressing ethical challenges in AT development and application.

4.2 Overview: Algorithmic Bias Lab

Lab Learning Objectives:
Learning Objectives (LO)
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Figure 4: Lab 6: Participant Acts as Hiring Manager, Reviewing
Al-Generated Recommendations

LO1: Identify how human prejudice infiltrates datasets resulting in biased
machine learning systems (Knowledge)

LO2: Classify different types of inequitable bias in machine learning systems
(Comprehension)

LO3: Apply standard guiding principles when developing machine learning
systems (Application)

LO4: Analyze examples of real-world machine learning systems to diagnose
the impact of harmful bias (Synthesis)

This lab is designed to introduce learners to machine learning (ML) bias and
the ethical principles that should guide the development of ML systems. Its
primary objective is to help participants recognize how biased data influences
algorithmic outputs and to provide opportunities to mitigate such biases.

The lab begins with an overview of core concepts, followed by a short read-
ing on algorithms and their role in training ML models. Participants are then
placed in a simulated scenario as a live-stream chat moderator. In this task,
an Al system provides recommendations on whether specific chat messages
should be retained or removed (Figure 5). While participants make the fi-
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nal decision, the exercise is designed to expose discrepancies between the AI’s
recommendations and their own judgments.

After participants complete their selections, the system reveals that the Al
was trained on an overly generalized dataset, resulting in selection bias. This
disclosure is accompanied by an explanation of sentiment analysis, emphasizing
how training data must be manually labeled (e.g., as negative, neutral, or
positive) and how such processes are prone to human-introduced biases.

In the next stage, participants are asked to “repair” the dataset by correct-
ing sentiment labels so that they better reflect the intended meaning of the text.
This interactive correction demonstrates how biased training data directly dis-
torts AI outputs and how careful data curation can reduce such distortions.
Following the repair, participants observe that the AI’s recommendations now
align more closely with appropriate moderation decisions, reinforcing the im-
pact of dataset quality on model behavior (Figure 6).

i Decision: Remors

@ wnsen

Yourstreams are always awesome.

@ cosmic_champion

Figure 5: Example of Al Before It is Repaired by the Participant

L

Nice move, now jump and kil that turtle!

Al Decision: Keep.

L=
Q s

Your streams are always awesome

Al Decision: Keep.

e cosmic_champion

Figure 6: Example of AT After It is Repaired by the Participant

4.3 Overview: Neural Networks and Machine Learning

Lab Learning Objectives:
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Learning Objectives (LO)

LO1: Construct a basic neural network using provided components (Synthesis)
LO2: Simulate neural network training (Comprehension)
LO3: Demonstrate bias present in a neural network (Application)

EN-0E 6me
A

Figure 7: Participant playing the game and avoiding blocks to generate data

< >

HEE OoEE-Ee

x|

Figure 8: Participant observes the Al play the game

The lab is designed to introduce students to neural networks while illus-
trating how biases can emerge during their development and training. The
exercise begins with a coding task in which the user must “fix” code to enable
a character to move on the screen, simulating the process of building a train-
ing model from the ground up. Participants then generate training data by
manually controlling the character to avoid falling blocks. This phase, which
consists of an initial 30-second trial followed by one or more training sessions
of 1-1.5 minutes, mimics supervised learning and demonstrates the iterative
nature of data collection (Figure 7).

Participants then observe the Al-controlled character performing the same
task (Figure 8). If no clear path is available, the Al avoids the color of the blocks
that the participant most frequently collided with during training. This out-
come is used to highlight how unintentional biases in user-generated data can
propagate into the model. The system then provides individualized feedback,
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showing the participant’s collision frequencies by block color and explaining
how bias was introduced.

Participants are next encouraged to mitigate the imbalance by intentionally
colliding with different-colored blocks at approximately equal rates in subse-
quent training sessions. Although complete elimination of bias is not possible,
the exercise illustrates how deliberate adjustments and repeated training can
reduce disparities in model behavior.

5 Classroom Inclusion Details

Over several recent semesters, we have included our labs in a variety of un-
dergraduate course offerings at six categorically distinct universities. The
ethics-focused labs were utilized in several modalities including during con-
ventional classroom sessions, after school events and undergraduate outreach
sessions. Adopting institutions ranged from a small liberal arts HBCU, to large
nationally-known Rls. Courses ranged from foundational CS1/CS2 courses, to
those focusing upon more specialized computing topics.

6 Inclusion Observations

6.1 Observations From Our Classroom Inclusion

Over several recent semesters, we have included our labs in undergraduate
course offerings, with hundreds of students participating at six universities.
Participating instructors noted that the labs were: I) Easy to include in their
curriculum from a technical and materials perspective, II) Appeared to capture
student attention and increase their interest, and IIT) Made their job easier
because they didn’t need to create new material.

6.1.1 Faculty Quotes/Observations

The following are several quotes from participating instructors:

“Students found the interactive scenarios engaging and appreciated
the opportunity to ‘fix’ problematic AI behaviors, which helped
solidify their understanding of ethical Al development.”

“Students appreciated the hands-on approach to learning about
neural networks, with many expressing that building and training
their own networks helped demystify machine learning concepts.”
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“Building on their work with Al ethics and neural networks, stu-
dents effectively applied their understanding to autonomous cy-
bersecurity systems, demonstrating how technical knowledge and
ethical considerations must work together.”

“Integrating these labs into my weekly teaching routine has signif-
icantly strengthened students’ confidence. I could clearly see how
the hands-on structure helped them bridge the gap between theory
and real-world application.”

“Throughout the semester, I observed that students who engaged
deeply with the labs showed noticeably stronger problem-solving
skills and were more comfortable experimenting with new tools and
technologies.”

“The lab activities created consistent opportunities for active learn-
ing. Even students who were initially hesitant became more curious
and independent once they realized they could explore, test, and
troubleshoot in a guided environment.”

“These labs supported students’ growth not only in technical pro-
ficiency but also in teamwork and communication. Their ability to
explain their process improved week after week.”

6.1.2 Student Quotes/Observations
The following are student quotes collected after obtaining IRB approval.

“I enjoyed the labs this week, especially the neural network lab.
As the Al industry continues to grow, I find it more fascinating. I
particularly found its role in medical diagnosis interesting.”

“This week topic was Ethics of Al. This is an incredibly important
topic in this era. How we approach these ethics will affect all in-
dustries, not just tech. One real example in particular is using Al
in hiring, where it’s important to make sure the system doesn’t
unfairly favor or reject people. The challenge is that past data can
carry hidden bias that gets copied into the AI. The way to handle
this is by checking the data and results often and making changes
when problems show up.”

“The instructions and labs were easy to follow.”
“I felt more confident by the end of the lab.”

“The content was good and easy to use.”
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6.2 Discussion, General Reflections and Recommendations

We identified several important lessons regarding effective strategies for inte-
grating ethics-focused AI/ML content into STEM and computing classrooms.
We hope that these insights are valuable not only for instructors adopting our
materials but also for anyone incorporating broader AI/ML ethics modules
into their curriculum. Instructors should emphasize the critical importance of
developing responsible and trustworthy Al systems. As we have shown in our
prior work [13, 14, 9], this can be accomplished through building empathy for
real-world stakeholders affected by Al decisions or through more traditional
instructional approaches. For example, the instructor opened the session with
a brief narrative about the societal consequences of a biased ML system to un-
derscore the relevance of Al ethics. Additional points of discussion included the
idea that ethical responsibility is shared across all roles in the AI pipeline—not
just those specializing in ethics.

Conversations regarding how industry increasingly values Al professionals
who understand fairness, transparency, and responsible data practices were
particularly impactful, especially for early-career students. It was also helpful
to frame Al ethics alongside other foundational topics—such as safety, cyber-
security, quality assurance, or risk management—to show that ethical consid-
erations are integral to the entire lifecycle of AI/ML development. Ultimately,
designing ethical Al is part of designing inclusive Al: systems that avoid harm,
serve diverse populations, and uphold societal and legal expectations.

One of our key goals is to dispel the misconception that ethical Al is “some-
one else’s job.” Students should see that every contributor—data collectors,
modelers, evaluators, system designers, and deployment engineers—plays a
critical role in ensuring that AI systems behave responsibly. This includes
choices such as selecting representative datasets, building audits for bias, doc-
umenting model decisions, and questioning the assumptions embedded in al-
gorithms. A central challenge in creating our materials was illustrating this
interconnected ecosystem of responsibility.

An unexpected benefit of the labs was the depth of discussion they fostered
around what it means to be impacted by Al systems. Many students, partic-
ularly those in lower-division courses, lacked a baseline understanding of how
unexamined AI models can reinforce bias or exclude entire groups of users. We
found that an essential first step toward teaching ethical Al development is
helping students understand the lived experiences of the communities affected
by automated decisions.

We also believe that barriers to adopting ethics-focused AI/ML educational
resources must be minimized. We found that discussing the relevance of ethical
considerations at every stage of the Al pipeline—from problem formulation and
data collection to model evaluation and deployment—helped students recognize
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that ethical responsibility is central, rather than peripheral, to AI/ML practice.

7 Conclusion

This work provides instructor observations regarding the inclusion of several
ethics-focused Accessible Learning Labs at six universities. Our primary find-
ings include: I) Instructors valued the modular, a-la-carte structure of the labs;
IT) The 30—-60 minute completion time made adoption easier; IIT) Both instruc-
tors and students appreciated that the labs were fully hosted on the web and
self-contained; and IV) Ethics-oriented, empathy-building content appeared to
motivate students.
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Abstract

Foundational STEM areas—including artificial intelligence, cyberse-
curity, and inclusive software development—are often missing from the
computing curricula of grades 9-12. A major reason for this lack of in-
clusion is the shortage of high-quality, easy-to-use teaching materials.
This gap is especially challenging for smaller or under-resourced schools
that disproportionately serve underrepresented students. As a result,

*Copyright (©)2026 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
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many high school classrooms are unable to cover these essential topics,
contributing to a broader “diversity crisis” in the U.S. STEM pipeline.

The Accessible Learning Labs are a collection of 15 experiential,
computing-focused educational modules originally developed and vali-
dated for undergraduate learners. Designed to promote hands-on engage-
ment with computing-focused topics such as machine learning, artificial
intelligence, inclusive software development and ethics-focused topics,
these modules have demonstrated strong effectiveness in building foun-
dational technical skills and increasing student confidence. This paper
presents the adaptation of the ALL modules for high school students in
grades 9-12, highlighting modifications to content, scaffolding, and de-
livery to ensure developmental appropriateness and curricular alignment
with secondary education standards. We describe the pedagogical frame-
work guiding the redesign, pilot implementations strategies, and provide
recommendations for integrating the modules into existing computer sci-
ence pathways. By offering flexible, accessible, and engaging learning
experiences, the adapted ALL modules aim to expand early exposure
to inclusive computing practices and support a more diverse pipeline of
future technologists. Complete project materials are openly available on
our website: https://all.rit.edu

1 Introduction

Foundational STEM topics—including artificial intelligence, cybersecurity, and
inclusive software development—remain largely absent from 9-12 computing
curricula [9, 28|. A persistent barrier to their inclusion is the limited avail-
ability of high-quality, developmentally appropriate, and easily adoptable in-
structional resources [8, 10]. This gap is particularly prevalent in smaller or
under-resourced schools, many of which serve populations historically under-
represented in computing [3, 13, 34]. The inability to offer meaningful learning
opportunities in these foundational areas contributes to the ongoing “diversity
crisis” in U.S. STEM pathways [3].

To address this limitation of easy to adopt, high-quality experiential educa-
tional computing focused topics for the 9-12 audience, we have have modified
and extended our Accessible Learning Labs [1] for usage within grades 9-12
environment. The ALL modules are inclusive, easily adoptable, and grounded
in experiential learning principles, supporting instruction in critical STEM do-
mains such as artificial intelligence, machine learning, and accessible software
design while simultaneously advancing pedagogical knowledge. Specific alter-
ations to these existing modules include altering the instructional material for
the suitability of 9-12 students and tailoring the included instructor resources
for 9-12 instructors (Section 2.1.2CR1).

Previous work has demonstrated the positive benefits of the ALL mod-
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ules for the undergraduate environment [15, 30]. Research has shown that the
ALL modules are accessible and easy to implement by adopters [16], enabling
schools—including those with limited resources and those serving underrepre-
sented students—to integrate essential STEM topics into their curricula [14,
36]. The objectives of this work is to: I) Describe the labs for the 9-12 audience
(Section 2), and IT) Present adoption scenarios that will support instructors
for including these increasingly foundational computing topics (Section 3).

2 Overview: Accessible Learning Labs

The Accessible Learning Labs [1] have served thousands of students at nu-
merous institutions throughout the United States. The labs are considered
accessible for several reasons: (I) Their fully self-contained, web-based format
enables effortless and cost-free adoption; (IT) They employ inclusive technolo-
gies to ensure usability for all learners, including those who are blind, Deaf/HH,
or otherwise disabled; (III) They present complex, contemporary computing
topics in simplified forms that make them approachable to a broad range of
instructors and learners; and (IV) A suite of instructor-facing resources sup-
ports implementation and facilitates participant monitoring within classroom
settings.

Each lab addresses a specific STEM computing topic; Table 1 provides an
overview of each lab’s components and sequence. Existing available on the
project website include: [1]: (O Sound and Speech; @ Color Blindness; @)
Screen Readers (blindness); @ Dexterity; (& Cognitive Impairments; (6) Ethics
of AI; (D) Foundations of Al Cybersecurity; ® Algorithmic Biases; @) MAPE-K;
Neural Networks; @ Multi-Armed Bandits; @ Reinforcement Learning;

@ Introduction to Autonomys; Supervised Learning; @ Unsupervised

Learning.

2.1 Experiential Learning Format/Steps For Lab Completion

Experience Flawed Software Experience Software Fix Test User Knowledge

Participant

0
'
Repai Empath;
Background N Experiential Fl;r;:; uses Re- Br:ff;ing},,
Material v Exercise paired
1 Component Supplement

Software

Experiential Component

Figure 1: Experiential, empathy-building intervention method utilized.
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Table 1: Components included in each of the labs.

Component

Description

Defined learning objectives

Learning objectives are defined before lab creation
and inform each of the components below

STEM computing topic info

Background information on the topic being
addressed. Includes compliance information and
information about how users are affected

Lab instructions

Information how to complete the labs presented
directly to the user

Lecture slides

Lecture slides that an instructor may use to present
the material

Video presentation of lecture

ADA-compliant YouTube video of the lecture,
supporting learners conducting the labs on their
own or in a flipped classroom environment

Empathy-building supplement

ADA-compliant YouTube video from people
impacted by the topic

Video of lab being conducted

ADA-compliant YouTube video of the lab being
conducted

Lab activity

The lab activity to be conducted (Section 2.1)

Emulation component

Emulating the experience of non-inclusive software

Ethics and inclusivity

Ethical and legal importance of developing inclusive
software

Instructor Resources

Customized student tracking, reporting, adoption

information.

An example quiz provided for participant
evaluation at the conclusion

Quiz

The labs are grounded in well-established experiential learning principles [18,
20, 24], following Kolb’s four-stage cycle of abstract conceptualization, active
experimentation, concrete experience, and reflective observation [17]. This
framework ensures that learners develop both conceptual understanding and
practical, hands-on skills. By emphasizing personal engagement and the trans-
lation of experience into reflection, the labs create a rich and effective learning
environment [29]. Each module incorporates interactive components that invite
participants to manipulate core concepts directly and observe the consequences
of their choices within a simulated system.

Figure 1 outlines the workflow for completing an individual lab. Each
module contains several components designed to introduce, contextualize, and
motivate engagement with the featured STEM topic:

1. Background instructional material: Establishes foundational knowl-

edge relevant to the topic.
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2. Experiential activity: Guides participants through a web-based, inter-
active sequence consisting of:

(a) Initial software interaction: Participants begin by completing a
simple task within the system.

(b) Exposure to a flawed system: Learners encounter a deliberately
“broken” or suboptimal element and experience the resulting negative
effects.

(¢) Instruction on appropriate remediation: Participants are given
an explanation of correct practices and procedures that address the
observed issue.

(d) Implementation of the fix: Using the provided guidance, learners
modify the application to resolve the identified problem (Figure 2).

(e) Evaluation of the repaired system: Participants interact with the
corrected system, observe the impact of their changes, and reflect on the
improvements—an essential step in building confidence and deepening
experiential learning.

3. Empathy-building supplemental material: FEach ALL module con-
tains one or more components focused on demonstrating the impact of
inequitable/non-inclusive software and an informational component teach-
ing participants how to create more inclusive software.

4. Auto-graded quiz: An optional web-based assessment allows learners
to check their understanding. When signed in through Google, participants
receive a personalized certificate that instructors may use for documenta-
tion or credit.

Informative and /
supportive code \

Figure 2: ALL modules enables participants to edit only intended portions
of source code through a custom interface. The modified portions drive the
simulations, enabling the participant to experientially learn.

inta=] 4mmmmmm “Code” participant may alter

2.1.1 Intentional Inclusivity

Despite regulations [2, 12, 33, 35|, the development of inequitable software
is still prevalent [5, 34]. Our foundational work has found that experiential,
empathy-creating content can be beneficial for demonstrating the importance
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of creating inclusive software [16, 19, 22, 31, 32]; this is crucial due to the mag-
nified impact that their work has on the general population. Each ALL mod-
ule contains one or more components focused on demonstrating the impact of
inequitable/non-inclusive software and an informational component teaching
participants how to create more inclusive software. The objective of this inclu-
stity feature is for participants to experience the impact of creating inclusive
software, not merely being told about the importance. Consequently, each lab
will contain supplementary awareness-creating materials:

1. Experiential impact of inequitable issue: Participants experience
the adverse impact of non-inclusive software firsthand. Examples of such
include AI/ML bias or inaccessible software (through an emulation feature
such as those used in existing labs i.e., a game in gray-tones simulating
colorblindness).

2. Real-world impact of inequitable issue: The description of the pro-
vided issue will include its impact (both socially and financially), why it
occurred, and how it could have been prevented.

3. Descriptive impact from actual users who have been adversely
impacted by inequitable software: For each lab, at least one person
who has been impacted by inequitable software relating to the examined
STEM topic will contribute insight into their experiences with the discussed
challenge, providing additional real-world context.

4. Ethics/professional responsibility: To address recent US initiatives [12],
labs contain a component articulating the ethical and legal importance of
developing inclusive software. For example, many accessibility-focused labs
focus on Section 508 [33], its technical standards, and available validators.

2.1.2 Instructor Support Materials

Each lab provides a set of instructor resources to help educators deliver the
content effectively and monitor student progress. Using learning groups, in-
structors can efficiently oversee participants’ engagement with assigned mod-
ules. As students work through the labs, educators can view real-time progress,
including completion of individual sections and quiz results. These resources
are designed to complement lecture materials and supporting videos, providing
a comprehensive toolkit for instruction and assessment.

Learning groups (Figure 3b) enable instructors to track and manage their
students’ progress on assigned labs. To create a group, simply choose a group
name and select the labs you want your students to complete. Figure 3a il-
lustrates how to create a group and assign labs. Once the group is set up,
share the unique group code with your students. Students are then able to join
your instructing group, as demonstrated in Figure 3. Finally, as students work
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through their assigned labs, instructors can monitor their progress in real-time,
including section-by-section completion status and quiz performance Figure 3.

Create a Group as the Instructor

Super Cool Group

Assign Color for Group:
Select a colo forthis group 1o istiguish t rom the others!
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(a) Instructor Ability to Create Stu- (b) Instructor Ability to View Student
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Figure 3: Demonstration of Instructor Group Management Capabilities.

2.1.3 Expected Lab Benefits

Many existing initiatives focus on experiential computing education (e.g., [4,
6, 11, 21, 27]); however, aside from our prior work [16, 23, 31, 32], few provide
software that is both free and fully accessible—that is, easy to adopt and usable
by all participants. Moreover, very few address specialized STEM topics with
an explicit emphasis on creating inclusive software (Section 2.1.1) at the level
proposed here. Widespread adoption of the labs is facilitated through several
key features:

1. Free of charge: The labs are available at no cost, making them accessible
to schools and districts with limited resources.

2. Minimal technical requirements: All that is needed is a web browser
and internet connection, simplifying adoption and supporting broad usage.

3. No prior expertise required: Instructors and participants do not need
any specialized computing background to use the labs, thanks to their self-
contained, web-hosted design.
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4. Quick setup and integration: Since no software installation or config-
uration is required, the labs can be seamlessly integrated even into short,
introductory courses.

5. Flexible completion time: Each lab is designed to be completed in 30
minutes to 3 hours, allowing use a-la-carte, in-class or as homework.

6. Supports diverse learning styles: Students can benefit from the labs
whether they are enrolled in a formal course or learning independently,
accommodating a variety of learning preferences.

7. Inclusive and accessible: The labs are designed for all learners, includ-
ing those with accessibility needs (e.g., Deaf/HH, colorblindness, etc.).

These features collectively ensure that the ALL modules can be widely
adopted across diverse educational contexts, including schools with limited
resources and those serving underrepresented student populations, while main-
taining a focus on accessibility and inclusivity.

3 Utilization Instructions

The Accessible Learning Labs are intentionally designed to support a wide
range of learning contexts, enabling broad and equitable access to founda-
tional computing experiences. Their modular structure, experiential learning
approach, and minimal resource requirements make them adaptable to diverse
implementation models. The following sections describe how the ALL modules
can be effectively integrated into various 9-12 learning environments. These
include individual learning pathways, traditional classroom instruction, and
after-school enrichment programs.

3.1 Individual Learners

The Accessible Learning Labs are well suited for individual learners, providing
a flexible, self-guided pathway for students to explore foundational topics in
computing, artificial intelligence, and accessible software design. Each module
is designed to be self-contained, enabling learners to engage with both con-
ceptual materials and hands-on activities at their own pace. Because the labs
incorporate scaffolded explanations, real-world examples, and incremental chal-
lenges, students can independently acquire new skills while building confidence
in their ability to navigate technical content. This structure is particularly ben-
eficial for learners who may not have access to advanced computing coursework
in traditional school settings.

In the 9-12 context, the ALL modules can support differentiated learning
by allowing students to select modules aligned with their interests or readiness
levels. For example, a student interested in artificial intelligence, can complete
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the introductory Al lab before progressing to more advanced modules, while a
student drawn to design or accessibility can focus on labs related to inclusive
software development. The modular format enables individualized learning
pathways without requiring instructors to design or manage separate curricula
for each student. This flexibility also supports learner in revisiting material,
exploring alternative strategies, or repeating activities to deepen comprehen-
sion—an approach consistent with mastery-based learning.

The ALL modules additionally provide opportunities for enrichment and ex-
tension beyond the traditional classroom. Motivated learners can work through
the modules as part of independent study, after-school programs, or partici-
pation in computing clubs. Because the labs rely on widely accessible tech-
nologies and step-by-step guidance, students can complete them at home or
in community spaces without needing specialized equipment. This makes the
ALL modules particularly valuable for learners in rural or under-resourced dis-
tricts, where access to high-level computing coursework and teacher expertise
may be limited. The experiential nature of the labs ensures that even students
working independently can engage in meaningful, hands-on exploration rather
than solely reading or watching instructional content.

3.2 Conventional Classroom Activities

The Accessible Learning Labsare designed to integrate seamlessly into tra-
ditional classroom environments, allowing teachers to introduce foundational
computing concepts without requiring extensive curriculum development or
specialized technical expertise. Each lab is structured around defined learning
objectives, step-by-step guidance, and built-in scaffolding, making it straight-
forward for instructors to implement the activities as part of a unit, a multiweek
module, or a short-term intervention. Because the ALL modules focus on ex-
periential, hands-on learning, they support existing computer science or STEM
courses by offering opportunities for students to apply key ideas in artificial
intelligence, machine learning, and accessible software development through
authentic problem-solving tasks.

In addition to their content flexibility, the ALL modules support diverse in-
structional models commonly used in 9-12 settings. Teachers can employ the
labs during whole-class instruction, using them to anchor discussions, demon-
strations, or collaborative explorations. Alternatively, the modules can be de-
ployed in small-group rotations or station-based learning, enabling students to
work at varying paces while the teacher provides targeted support. This adapt-
ability makes the ALL modules a strong fit for classrooms with heterogeneous
skill levels, where some students may be encountering computing concepts for
the first time while others are ready for more advanced challenges.

The ALL modules also reduce logistical and resource barriers that fre-
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quently limit the inclusion of advanced STEM topics in 9-12 classrooms. The
materials are designed to run on readily available devices and rely on accessi-
ble tools, lowering the need for specialized hardware or software. The modular
structure allows teachers to choose individual labs that align with their exist-
ing curriculum, local standards, or time constraints, rather than committing
to a comprehensive redesign of the course. Furthermore, because the labs em-
phasize accessibility and inclusive design, teachers can incorporate them into
broader conversations about equity, universal design, or responsible technology
use, making them relevant across multiple subject areas.

Finally, the ALL modules support sustained classroom engagement by pro-
viding meaningful, project-based outcomes that connect directly to students’
lived experiences. Many of the lab modules culminate in demonstrations, pro-
totypes, or small-scale analyses that can be shared in class presentations or
used as checkpoints for formative assessment. These artifacts allow teach-
ers to monitor learning progression while giving students concrete evidence of
their developing skills. By embedding experiential computing activities within
a flexible, teacher-friendly framework, the ALL modules empower traditional
classrooms to introduce emerging STEM topics in a manner that is accessible,
engaging, and pedagogically sound.

3.3 After School Events

After-school programs provide an ideal environment for implementing the Ac-
cessible Learning Labs, offering students opportunities to explore advanced
computing topics beyond the constraints of the traditional school schedule.
Because after-school settings typically allow for more flexible pacing and in-
formal learning structures, students can engage deeply with the experiential,
project-based activities that characterize the ALL modules. This flexibility en-
ables learners to follow their curiosity, revisit challenging concepts, and iterate
on their work, all of which are central to the experiential learning model on
which the labs are built.

The ALL modules also align well with the enrichment-oriented goals of
many after-school programs, where clubs and activities often seek to spark
interest in STEM fields and nurture early talent. Whether integrated into
computer science clubs, STEM outreach efforts, robotics teams, or community
technology centers, the labs provide ready-to-use, high-quality instructional
materials that do not require specialized equipment or extensive teacher prepa-
ration. Adult mentors—including teachers, community volunteers, or college
outreach coordinators—can facilitate the activities with minimal training, mak-
ing the labs accessible to a broad range of programs, including those operating
with limited funding or staffing.

In addition, after-school contexts support collaborative learning in ways
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that complement the ALL modules’ design. Small group formats, peer men-
torship, and student-led exploration are common features of extracurricular
STEM programs, and the labs are structured to encourage these forms of in-
teraction. Students can work together to build models, test solutions, or refine
accessible design ideas, creating a supportive environment where learners share
knowledge and challenge one another.

3.4 University Supported 9-12 Outreach Events

College-supported 9-12 outreach programs, including initiatives like the NY
STEP [26] program, New Jersey’s NJSLS-CS [25] and Rhode Island’s CS4RI [7],
are well-suited to broaden participation in STEM by creating sustained, high-
impact learning opportunities for students who may not otherwise have access
to advanced computing content. The Accessible Learning Labs modules align
directly with these goals by providing ready-to-use, experiential modules that
can be delivered during campus visits, weekend workshops, or multi-week out-
reach sessions. Because the labs introduce foundational concepts in artificial
intelligence, machine learning, and accessible technology through experiential,
inclusive activities, they offer an interesting and useful entry point for students
who are interesting in computing but may not yet see themselves represented
in the field.

The ALL modules also enhance the effectiveness of college-supported out-
reach programs by offering structured, scalable content that can be facilitated
by undergraduate mentors, graduate students, or outreach coordinators. Pro-
grams like NY STEP often integrate near-peer mentoring to support students
academically and socially, and the ALL modules naturally complement this
model: mentors can guide participants through the labs, share lived experi-
ences about studying computing in college, and help demystify pathways into
STEM majors. This creates an environment where students not only learn
technical concepts but also build confidence, develop a sense of belonging, and
gain exposure to authentic college-level learning experiences.

Additionally, the modular design of the ALL modules enables outreach pro-
grams to tailor learning experiences to different age groups, prior knowledge
levels, or program goals. A shorter event might center on a single introductory
module, while a multi-semester program could integrate several labs as part
of a coherent curriculum. Because the materials require only commonly avail-
able technology and include detailed facilitator guidance, they are well suited
to outreach contexts where logistical constraints or variable instructional ex-
perience might otherwise limit the scope of STEM offerings. This flexibility
allows programs serving diverse populations—including students from histori-
cally marginalized groups, first-generation college aspirants, and learners from
under-resourced districts—to provide high-quality computing education expe-
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riences.

The ALL modules additionally support long-term engagement and pipeline
development, which are central aims of many college-based outreach initia-
tives. Students can complete labs that result in tangible artifacts—such as
accessible design evaluations or simple AI models—that can be shared with
families, teachers, or future mentors. These products reinforce participants’
sense of achievement and provide meaningful checkpoints that outreach pro-
grams can use to track growth over time. By embedding experiential STEM
learning within sustained mentorship and college-connected programming, the
ALL modules help strengthen the bridge between 9-12 learners and higher ed-
ucation, ultimately contributing to a more diverse and well-prepared pool of
future college applicants in STEM fields.

4 Conclusion

This work addresses a critical gap in 9-12 computing education by adapting
a proven set of undergraduate-level modules to support foundational STEM
learning in artificial intelligence, cybersecurity, inclusive software development,
and related areas. Complete project materials are openly available on our
website: https://all.rit.edu
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Abstract

As part of a computer science curriculum, it is typical to separate
individual fields into separate courses. Specifically for security, this is
difficult due to the breadth of the field and the amount of knowledge
from other fields necessary for a well-rounded understanding. While
many larger institutions are moving towards programs in this field, many
small liberal arts colleges do not have the resources to support this. In
this work, we examine the difficulties of teaching security in this setting
and compare techniques for teaching this difficult topic.

1 Introduction

The typical structure for undergraduate computer science education is for stu-
dents to spend their first two years building their foundational skills, and then
their remaining years taking specialized upper level elective courses in distinct
areas of the discipline. For many fields which have distinct skill sets and knowl-
edge bases, a single course or a two course sequence is sufficient to introduce
students to the field and prepare them for beginner level jobs or graduate study.

*Copyright (©)2026 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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For especially diverse fields, additional stand alone courses or a second orthog-
onal sequence may be necessary, but the model still works. Under this model,
these electives typically have no prerequisites other than reaching a minimal
point in the core curriculum, and for the second course of a sequence having
completed the first course in the sequence. This model allows departments to
offer electives in alternating years, maximizing the breadth of courses available
within the constraints of a small department. Many of these departments do
not offer concentrations, but instead offer elective choice and sequences.

While this model is effective for many topics in computer science, com-
puter security is an exception. Security is concerned with preventing malicious
parties from exploiting vulnerabilities in computing systems. These vulnerabil-
ities may be in any component of the system. Therefore, students of security
need knowledge from across computer science to gain even foundational ex-
pertise. Example domains of knowledge required include data structures and
algorithms, operating systems, networking, and computer architecture. Addi-
tionally, attacks can occur at a variety of levels, requiring foundational knowl-
edge in multiple programming languages such as C or C++, Python or Java,
HTML or PHP, JavaScript, shell scripting, and assembly language.

Given this challenge, it is understandable that many larger institutions are
moving beyond the traditional model for their security offerings. For example,
both Hoag and Parrish et al. identified the need for and worked to develop
entire curricular programs to teach computer security [8, 13]. A joint task
force including the ACM, IEEE-CS, AIS SIGSEC, and IFIP WG 11.8 have
released guidelines for the development of such programs [3]. However, for
smaller schools without the funding to invest in such a programming, it is
necessary to find creative ways to cover the necessary topics without assuming
that students have all of the required foundational knowledge and skills.

In this experience paper, we extend our previous poster by adding detailed
observations and analysis with additional data to examine methods to enhance
undergraduate computer security education within the bounds of available re-
sources and demand [4]. We investigated varying instructional and assessment
methods and activities within our security course, as well as investigating the
use of student projects outside of the course setting. We also examine how
using student-developed simulator projects can offer educational opportunities
for both the developing students and for students in the security course.

2 Institutional Needs and Constraints

While our institution is formally a university, it functions in many respects as
a small liberal arts college. Our department regularly offers three courses in
computer security. Of these, two have narrow focus and the last must cover
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the remaining breadth of computer security. To create additional courses there
must be sufficient audience to justify the expense of running the course, which
has not been present in recent years. Because the narrowly focused courses are
clearly defined, this work will focus on the general security course as well as
the opportunity offered by senior programming projects.

At our institution, we have several computer labs and a computer science
network. However, there is no network or lab dedicated for security, in which
students may safely practice attacks and defenses. In addition to the financial
considerations in establishing such a lab, we would also need cooperation from
both the computer science network managers and our institution’s Information
Technology Services (ITS) team. This would require the development of a lab
with an isolated network with exceptions to typical ITS security policies and
computers on the standard network for Internet access.

2.1 Audience

The security course is an upper level elective course primarily taken by junior
and senior students majoring within our department, but also admitting high-
achieving sophomore students. This is a small selection of students, each of
whom only requires a few upper level electives and has many other choices
including courses traditionally considered by students to be both easier and
more fun. The course must also serve the occasional criminal justice student
pursuing an interdisciplinary minor related to computer security and the legal
system. These students have even less of the necessary technical background
than can be assumed from the sophomore and junior computer science students.

2.2 Course Requirements

Given the limitations of the audience, it is impossible to add prerequisites and
is in fact desirable to remove prerequisites. The more strict the prerequisites,
the less achievable the minor becomes and the fewer students who will pursue
security as part of their upper level elective selection. Conversely, decreasing
prerequisites both makes the minor more feasible and increases the audience
among the computer science students.

However, the course is still an upper level course and must have sufficient
technical content and academic rigor. This sole course must cover sufficient
material to give students the background necessary for careers or graduate
study in any subfield of computer security. Such subfields include software
security, network security, Internet security, and operational security. Ideally
the course would also include topics in hardware security, blockchain, and
digital privacy, but covering all of these topics at any sufficient depth in a
single semester would not be possible.
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2.3 Senior Programming Project

Senior programming projects, also called senior design projects, are a common
capstone experience where graduating seniors work in small groups to complete
a significant programming project. Depending on the institution, these projects
may be proposed by the students, the faculty, or some combination of the two.
While security is typically a challenging area, there are several possible projects
in the field which may be completed by senior students. These projects may
include cybersecurity tools or sandboxed demonstrations and simulations of
cybersecurity attacks and concepts.

3 Related Work

There are many models for undergraduate computer and network security edu-
cation. Yang and Nguyen developed a network security lab to be used following
a nine-step network security process [16]. This model requires a high startup
cost to develop a suitable lab environment, and does not cover all of the top-
ics. Du et al. developed the SEED labs, a set of labs developed to provide a
comprehensive education across the fundamentals of computer security [5, 6].
This model covers a wide range of fundamental topics, but the labs provided
are difficult for students without sufficient background, and it can be difficult
for students to diagnose mistakes. Zeicheck proposed a model in which exist-
ing online cybersecurity competitions were used in a course structured around
student-centered learning [17]. Although competitions are good learning op-
portunities and cover a wide range of topics, such a course requires a pace set
according to the competition schedule and is challenging for grading.

Other models cover more specific topics in security. Rahman et al. proposed
a model for courses focused on Internet security involving five projects about
digital certificates [14]. Although these projects provide excellent depth of un-
derstanding of the topic, this model is too narrow in focus to suit our needs.
Buchele proposed two models for security education focusing on cryptography
and including risk analysis, malware, and passwords with one model empha-
sizing the underlying mathematics as a mathematics course and the other em-
phasizing practical skills as a computer science course [1]. While these models
include many good components, we already have a dedicated cryptography
course and the remaining topics do not cover sufficient breadth for our needs.

In addition, some research has produced tools and evaluation methods to
aid in teaching security. Chun et al. introduced SLOB to organize trusted ed-
ucational materials for student search [2]. Although this technology can prove
to be a useful aide, we first need a course in place before adopting assistive
technologies. Svabensky et al. compared two graph methods to evaluate stu-
dent learning of low-level skills [15]. In the timeframe available, we are more
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concerned that students are introduced to a variety of skills and issues rather
than achieve mastery of these low-level skills.

Another thrust of research has been towards cybersecurity courses for non-
majors. Ledford et al. developed a Denial of Service (DoS) lab to be used in
a general education computer science course [9]. This is a great standalone
instructional activity which can supplement but not replace other methods.
Mountrouidou et al. developed a first year experience course focused on cyber-
security [11]. While this is an interesting model, the level is not high enough
for an upper level elective course. Gorka et al. developed a modular gen-
eral education cybersecurity course with no computing pre-requisites focused
on identifying risks and correctly utilizing security technology [7]. These are
useful topics which can supplement our work, but we also need technical com-
ponents. Page et al. propose a security course for high school students [12].
This course is interesting and has a good breadth of topics, but like the first
year experience course the level is not high enough for our needs.

4 Course Evolution

Based on our evaluation of existing course models, we initially decided to base
our course on the SEED labs by Du et al. [6]. This way, we would have
a starting model that covers most of the necessary topics, which we could
then extend with remaining topics and adjust to suit the necessary degree of
difficulty. Thus far, we have run three iterations of the course, with one each
in the Fall 2021, Fall 2023, and Fall 2025 semesters. In this section, we will
discuss the variations of the course as well as the outcomes of those variations.

4.1 Course Structures

Table 1 lists the SEED labs used in the courses, in the order used in Fall
2021, with labs used only in later semesters at the end. In this table, entries
which read “Homework” mean that students were assigned to complete the
lab outside of class. In 2021, students had one week, although there were no
penalties for late submissions. In 2023, students had two weeks, and the lab
was demonstrated in class on or before the due date. In 2025, students had
at least three weeks. Entries in the table which read “Home w/ Alt” mean
that students were given an option between completing the SEED lab or an
alternative activity on the subject with similar learning outcomes and difficulty.
Entries which read “Demoed” mean the course instructor demonstrated the full
lab in class, and students were expected to otherwise express what they learned
through observation and following along. Entries which read “Discussed” mean
that the topic was covered at high level in lecture and segments of the lab may
have been demonstrated, but the whole lab was not used and mastery of low
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level detail was not expected. Meanwhile, entries reading “Extra” mean that
the topic was only provided as an extra credit opportunity and “N/A” means
that it was not used in that version of the class.

Table 1: SEED Lab Usage

Lab Fall 2021 Fall 2023 \ Fall 2025 \
Set-UID & Env. Var. | Homework Homework Demoed
Shellshock Homework Discussed Demoed
Buffer Overflow Homework Demoed Demoed
Return to libc Homework Demoed Demoed
Format String Homework Demoed Demoed
Race Conditions Homework Demoed Demoed
Dirty COW Discussed Discussed N/A
Meltdown & Spectre | Discussed Discussed N/A
CSRF Homework | Home w/ Alt. | Demoed
XSS Homework | Home w/ Alt. | Demoed
SQL Injection Homework | Home w/ Alt. | Demoed
Packet Sniffing Homework Homework Demoed
TCPIP Attacks Homework Discussed Demoed
Firewall Exploration | Homework Discussed Demoed
Firewall Evasion Homework Discussed Demoed
DNS Homework Discussed Demoed
VPN Homework Discussed N/A
Heartbleed Homework Discussed Extra
Shellcode N/A N/A Homework
ARP Cache Poisoning N/A N/A Demoed
ICMP Redirect N/A N/A Homework

In addition to these topics from the SEED labs, the course covers other
essential security topics. Table 2 lists these topics and whether or not they
were covered in each iteration of the course. By de-emphasizing many of the
SEED labs, we were able to cover a wider selection of topics.

4.2 Student Created Simulations

We have worked with two senior project teams on constructing simulations for
security concepts for use in the course. One of these projects was completed in
the 2022-2023 academic year and was used in the course in both the Fall 2023
and Fall 2025 semesters. The other project was completed in the 2024-2025
academic year and was used in the Fall 2025 semester of the course.
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Table 2: Additional Security Topics

Lab Fall 2021 Fall 2023 Fall 2025
Security Goals Covered Covered Covered
Security Properties Covered Covered Covered
Side-channels Covered Covered Not Covered
Redundancy & Backups Covered Covered Covered
Blockchain Covered Not Covered | Not Covered
Mobile & IoT Covered Covered Covered
Authentication Covered Covered Covered
Access Control Not Covered Covered Covered
Social Engineering Not Covered Covered Covered
Security Audit & Policy | Not Covered Covered Not Covered
Password Attacks Not Covered Covered Covered
Cross-Site Contamination | Not Covered Covered Not Covered
DoS & Web Crawlers Not Covered Covered Not Covered
Zip, Fork, and Tar Bombs | Not Covered Covered Not Covered

4.2.1 Academic Year 2022-2023 Project

This project focused on software security issues, implementing Java simulations
related to buffer overflows, return oriented programming, and race conditions.

For the buffer overflow simulation, a character array is used to represent
program memory, with a simple GUI to display the contents of the array as
a grid. The simulation then represents a simplified buffer of five characters
followed by a five character return address and five character stack pointer as
the last fifteen characters in the memory array. The simulation also includes
a set of flags to determine whether certain conditions occurred. Specifically, it
sets an overflow flag if the input is larger than five characters, a return address
flag if the return address has been altered, a success flag if the return address is
changed to a specific value, or a libc flag if it is changed to one of a collection of
other values. If the overflow is too large, it causes the simulation to crash. This
simulation removes a lot of the guesswork for students while still demonstrating
the essential mechanism of the buffer overflow as well as possible consequences.

To simulate return oriented programming, the senior students relied heavily
on abstraction. Instead of having functions stored at locations in memory and
a stack with memory addresses artificially inserted, the abstraction contains an
array of objects where the indices represent memory addresses and the objects
include a string representing a function and an integer representing the next
memory address on the stack, with too large of an index or an index equal
to current index indicating that the simulated attack should stop. Students
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interact with the simulation through simple method calls. First they construct
the array by repeatedly calling a method with three parameters: the index at
which to put the object, the string to put there, and the next index to visit.
Once the array is sufficiently filled, they will call another method to run the
simulation. This method may either be called with no parameter indicating
that it should start from index 0 or with a single parameter indicating the
index at which to start. The program then follows the order of the specified
next indices in order to print a message which is not obvious by the order in
which strings are stored in the memory array.

For the race condition simulation, the project focuses on the timing aspect.
Instead of demonstrating the effect, such as an invalid read or write, the project
produces five threads which cycles between three states at random timing and
stops if ever all five threads are in the second state. In this way, the project
allows students to visualize how processes may interleave in unpredictable ways,
but if given sufficient time and built-in delays can produce adverse results.

4.2.2 Academic Year 2024-2025 Project

This project focused on network security issues. Specifically, the project creates
a Python simulator for configuring firewalls. This is a lower level simulation,
including a simulated command prompt. However, the commands are simpli-
fied from real command line commands, and the command prompt offers clear
and immediate feedback to the user. The simulation allows students to practice
configuring basic firewalls in a series of tasks inspired by the relevant SEED
Lab. This allows students to practice with the concepts of firewalls without
getting stuck in the specifics of the syntax.

4.3 Study Design

Our study focuses on student experience and engagement while learning secu-
rity. We use classroom observations, anonymous standardized course evalua-
tions, and in the Fall 2025 semester an additional anonymous survey to collect
more detailed information about specific activities. The study was approved
in an expedited review by our Institutional Review Board. Participation was
opt-in for students in the Fall 2025 semester, while data from earlier course
iterations were included under retrospective IRB approval, subject to the same
scope and conditions as newly collected data. The survey was anonymous, and
any non-anonymous student-focused classroom observations were usable once
consent forms were released along with course evaluations following submission
of final grades. Instructor reflections on pedagogical approaches and content
delivery were also available. Data was stored in accordance with institutional
requirements. Sample sizes were small, with six students in the Fall 2021 sec-
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tion of the course and seven students in Fall 2023. In Fall 2025, seven students
completed the anonymous survey and course evaluation and four signed con-
sent forms for observation. In addition to the three runs of the course, both of
the senior projects were completed by teams of three students.

4.3.1 Course Evaluations

The course uses a standardized course evaluation survey. The survey asks five
questions. The first question is a Likert scale question with options “Very,”
“Somewhat,” “A little,” “Not very,” and “Not at all” [10]. The question asks
how interested the student was in learning the topics covered in the course.
The second question asks students how many hours they spent outside of class
on the course, with options of “None,” “1-3,” “4-6,” “7-9,” and “10 or more.” The
remaining three questions were open ended and asked for the most important
things they learned from the course, specific ways the instructor and course
facilitated their learning, and suggestions they have for the instructor.

4.3.2 Survey Design

The survey consisted of three Likert scale questions with answers “Strongly
Agree,” “Agree,” “Neither agree nor disagree,” “Disagree,” and “Strongly Dis-
agree.” For each question, respondents were asked to react for each of the fol-
lowing topics: “Buffer Overflows,” “Return Oriented Programming,” “Format
String Vulnerabilities,” “Packet Sniffing and Spoofing,” “Firewalls and VPNs,”
“Network Protocol Vulnerabilities,” “Cross-Site Request Forgery,” “Cross-Site
Scripting,” and “SQL Injection.” Respondents were permitted to skip any topic
or question they wished. The questions were:

1. For each of the following topics, how would you react to the following
statement: In-class and homework activities worked together to enhance
my learning.

2. For each of the following topics, how would you react to the following
statement: I had a good experience with the in-class activities related to
this topic.

3. For each of the following topics, how would you react to the following
statement: I had a good experience with the homework activities related
to this topic.
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4.4 Outcomes
4.4.1 Project Observations

The students involved in creating the simulation projects had not previously
taken the security course. As such, they were learning the security content
for the first time. However, these students had taken other relevant courses,
and so were familiar with topics related to operating systems and networking.
The students were generally self-directed, and worked together to learn the
necessary concepts. By focusing on a small selection of topics, the students
were able gain important insights outside of a classroom setting.

4.4.2 Course Observations

In the Fall 2021 semester, it was typical for two or three students to attend
office hours to work on labs. There were many late submissions. Students self-
reported as spending several hours per week on the labs. While the instructor
was able to give an appropriate time to both theory and practice during lecture,
during office hours the time was spent working through minor practical details.

In the Fall 2023 semester, office hours were not often used, but students
admitted to searching for videos online for guidance with labs. Unlike in Fall
2021 where student struggled with lab details, in this run of the course the pri-
mary struggles were the the emulation technologies including virtual machines
and containers. When given the choice between a SEED lab and an alterna-
tive activity, most students chose the alternative, but students were typically
attentive during lab demonstration. The instructor noted that engagement
was a challenge during the traditional lectures, but demonstrations were fairly
successful, even if some labs were only partially completed.

In the Fall 2025 semester, the instructor noted some challenge with the
SEED lab demonstrations. In particular, the labs went more slowly than the
previous year, due to being the primary content delivery mechanism. Because
of this, it was rare for the instructor to be able to give time for the labs to be
interactive, instead of just a lecture through demonstration. The consenting
students were noted to be highly engaged, asked questions, and worked both
independently and collaboratively to understand lab tasks.

4.4.3 Student Course Evaluations

In the Fall 2021 semester, two students completed the course evaluation. Both
reported high interest and an average between four and nine hours outside
of class per week. Both highlighted the importance of learning the different
attacks. One commented on the instructor’s help with the labs, and one sug-
gested using the SEED project slides instead of the whiteboard for the lecture.
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In the Fall 2023 semester, six students completed the course evaluation.
While one reported disinterest in the topics, most reported being either “Very”
or “Somewhat” interested. Most reported spending between four and six hours
per week outside of class, but some reported spending only one to three hours
per week. Students highlighted the network and Internet security aspects of
the class. Many recommended spending more time working through the labs
in class and giving more alternative activities for the homework assignments.
Multiple students suggested not using the slides during lecture.

Seven students completed the Fall 2025 evaluations. They reported being
either “Very” or “Somewhat” interested and most reported spending one to
three hours per week outside of class. They praised the selection of homework
activities and course topics. Common recommendations related to the pace of
the course and the challenge of exams.

4.4.4 Survey Results

We note that no students responded “Strongly Disagree” to any question. Ta-
ble 3 provides the response count for question 1. These responses show that
generally students found the assigned activities helpful with learning. We can
also see that certain activities were seen as more or less helpful than others.

Table 3: Question 1: In-Class Activities and Homework Enhance Learning
’ Topic Strongly Agree ‘ Agree ‘ Neither | Disagree

Buffer Overflow 0 6 0 1
ROP
Format Strings
Packet Sniffing
Firewalls & VPNs
Networks
CSRF
XSS
SQL Injection
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Table 4 shows the responses from question 2. There was one omission.
These responses demonstrate that overall students had positive or neutral ex-
periences with the demonstrations. The format string demonstration was seen
most neutrally, while the buffer overflow demonstration was overall positive,
and the Internet security topics were least likely to be seen negatively.

Table 5 shows the responses from question 3. There was one omission
and responses tended to be more neutral. However, we see that students still
generally reported positive experiences for some topics.
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Table 4: Question 2: Good Experience with In-Class Activities
Topic ‘ Strongly Agree ‘ Agree ‘ Neither | Disagree

Buffer Overflow 0 5 2 0
ROP
Format Strings
Packet Sniffing
Firewalls & VPNs
Networks
CSRF
XSS
SQL Injection
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Table 5: Question 3: Good Experience with Homework

’ Topic ‘ Strongly Agree ‘ Agree ‘ Neither | Disagree
Buffer Overflow 0 4 2 1
ROP 0 2 4 1
Format Strings 0 0 5 1
Packet Sniffing 2 2 2 1
Firewalls & VPNs 2 1 3 1
Networks 1 1 4 1
CSRF 0 4 3 0
XSS 0 4 3 0
SQL Injection 0 4 3 0

5 Discussion

5.1 Owutcome Analysis

We begin by noting our small sample size. With such small class sizes, clear
generalizations are difficult to make, but still some trends can be observed. Our
outcomes are consistent in a few important ways. Student learning is enhanced
through use of the SEED labs, but students find many of them very difficult.
By demonstrating them in class, the negative impacts of this difficulty on stu-
dent experience can be mitigated. Students are generally satisfied with the
Internet security labs, if they can successfully navigate the container configu-
ration. Packet sniffing and spoofing and the firewall exploration and evasion
portions are generally more successful than the attacks on specific networking
protocols. The software security section is generally successful, but format
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strings require more attention in both the experience of the lab demonstration
and in development of an effective homework activity. Students were similarly
positively receptive towards both the best developed student project activities
(buffer overflows and firewalls) as towards Internet security homework activi-
ties. However, other topics require further development in this area. Maintain-
ing engagement and momentum in any lecture is a challenge, but interactive
components can improve it. Continuing in the direction of demonstrated labs
paired with related homework activities is likely to continue to improve the
student experience and increase engagement.

5.2 Framing Student Projects

Using student projects is highly desirable due to the learning opportunity for
the developing students. It is also the case that, being developed by students
for students, these projects often target specific areas of interest in ways which
are approachable for students with similar educational backgrounds. However,
students are not pedagogical experts. It is important that the instructor prop-
erly frame these activities, such as by making the abstraction into a metaphor
or asking targeted questions encouraging students to think through the levels
of abstraction and how the abstraction relates to the actual attack. By doing
so, students can have a more digestible experience while still demonstrating
insight into the attacks covered in class.

6 Future Work

Once the course is able to be run with sufficient class size, we will create
a second semester course. This will allow many topics to be given greater
depth, and additional topics to be added. We would also like to add additional
alternate activities. While the labs themselves are excellent learning tools,
students need opportunities to struggle in unsupervised settings. This study
focused on student experience and engagement, with student performance out
of scope. A follow up study including these features would be beneficial, as
would increased sample size.

7 Conclusion

Computer security is exceptional among fields of computer science for the re-
lationships to other fields and the challenge of teaching it at the undergrad-
uate level. The SEED project by Du et al. is an effective and comprehensive
attempt to provide a standardized set of hands-on educational activities. How-
ever, these activities are particularly challenging for undergraduate students
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at small liberal arts colleges. By shifting them from individual assessment to
collective learning activities and complementing them with simpler indepen-
dent reinforcement, the educational value of these activities can be provided
in a manner which decreases student stress and increases overall engagement.
When senior students construct simulation tools for these reinforcements, they
gain a valuable learning opportunity and provide tools which students will un-
derstand and appreciate. This in turn makes education in this essential area
of computer science more approachable for a wider audience.
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Abstract

In classroom and online learning environments, identifying which stu-
dents need help at any moment is challenging. Students often enter a
state of “spinning,” continuing to work without making progress, and
would benefit from timely intervention. We are developing a real-time
system to detect spinning using behavioral patterns from students’ pro-
gramming editors. We collected fine-grained, often keystroke-level data
from a Massively Open Online Course (MOOC) programming environ-
ment. In the first phase, we focus on assignments with known correct
solutions, developing tools to measure students’ distance from the goal
using Levenshtein and AST edit distances, revealing proximity to or
struggle toward the correct answer. By segmenting work into active
sessions, we map progress over time across 28,000 students and 70 ex-
ercises, revealing improvement, divergence, and sustained effort without
progress. We find that spinning often involves ups and downs rather
than stagnation. Behavioral features extracted from these episodes will
train a machine learning model in Phase II to detect spinning when solu-
tions are unknown, enabling smarter, more responsive learning tools for
online and classroom orchestration. We present our analytical approach,
findings on student behavior patterns, and hypotheses for future work.
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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
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a fee and/or specific permission.
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1 Introduction

Our goal is to develop a real-time algorithm or model capable of detecting
when students enter a state we call “spinning.”

This refers to a form of nonproductive student effort characterized by con-
tinued work without progress. Students experiencing spinning often lack a
clear strategy for how to proceed in an assignment yet continue attempting to
edit or run code without improving it, thus not advancing toward a working
solution. We propose that we can address this futile perseverance by creat-
ing an algorithm that flags “spinning” behavior. That algorithm could inform
other mechanisms to deploy instructional interventions, such as an instructor
dashboard indicating to help a particular student, or an automated tutor sys-
tem offering a hint, or others. Because so much student work occurs outside
class and instructors are not always present to intervene promptly, automated
detection of spinning has the potential to provide timely support, build student
confidence, and improve learning outcomes.

We approach this problem in two phases. Phase I focuses on exercises with
a known set of correct solutions. Most CS1 exercises fall into this category.
These programming tasks allow students to write and debug code within an
editor while converging toward a well-defined goal. Where the goal state is
known, we can track progress towards it over time. These progress trajectories
allow us to algorithmically identify likely spinning episodes, which then serve as
labels for the next phase, our machine learning model. The primary outcome of
Phase I is a method for algorithmically identifying likely spinning movements
within student sessions, enabling these moments to serve as labeled training
instances for subsequent machine learning development.

This paper reports on the progress of this first phase and posits ideas and
hypothesis as we go into the second phase: generalization.

Phase II will generalize spinning detection to assignments without known
solutions. Using the labeled data from Phase I, we will extract features from
edit histories and their corresponding likelihood-of-spinning metrics to train
a machine learning model capable of inferring spinning solely from behavioral
signals. The resulting system will estimate, in real time, whether a student
needs intervention, regardless of exercise format.
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2 Research Questions

Table 1: Research Questions

ID Question

RQ 1.1 What features or patterns within edit data indicate spinning?

RQ 1.2 If identified, can these patterns/features be charted? Can likely spinning be
assessed by a human looking at these charts?

RQ 1.3 How can detection of spinning be automated?

RQ 2.1 What features can be extracted from edit data to indicate spinning?

RQ 2.2 How well do these features, individually or clustered, predict spinning?

RQ 2.3 What machine learning architecture can be used to generalize estimation of
spinning?

RQ 2.4 How can this ML model be verified?

3 Background

Previous studies have used fine-grain instrumentation through instrumentation
of the IDE or student work environment to gain access to learner behavior.
These studies varied widely, from the discovery of phases of development over
a project [3], to analysis of off-task behavior in learning [2]. Piech et al. used
IDE instrumentation to for identify struggling students [15]. All of them had
commonalities: building models of learning by looking at fine-grain behavior
data, observing small changes in work over time, filling in the stories that led
up to the final artifacts. Examining the process of programming rather than
the final products can uncover interesting behavior about student learning, and
such patterns may have better predictive power than in-class exams [4].

3.1 Challenges At Scale

Prior work using fine-grained programming-process data has shown both the
promise and the limitations of behavioral metrics for understanding student
programming progress at scale.

Chandarana and Deitrick’s replication of EQ, Watwin, and RED across
16,000+ learners demonstrated that these metrics lose predictive power for
grades when applied across diverse contexts, yet their variability appears to
capture students’ struggle more sensitively than grades do, suggesting their
value as real-time indicators of when learners need help rather than as out-
come predictors [5]. Complementary large-scale analyses of compiler error data
further show that students frequently spend substantial time resolving a small
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set of difficult error types—especially syntax, name, logical, and runtime er-
rors—which can induce extended periods of non-progress [7]. This aligns with
observations that episodes of getting stuck are not simply idle time but involve
repeated, often unsuccessful attempts to move forward. Prior exploratory work
conducted by Codio focused on leveraging integrated development environ-
ments for learning analytics, but these early investigations were not oriented
toward producing an operational real-time intelligent tutoring system, which
distinguished the objectives of the present study. Similarly, recent large-scale
work on time-on-task shows that while activity measures can predict outcomes
in small, controlled settings, this breaks down across diverse courses. Seg-
menting time into “error-state” and “error-free” work also failed to improve
predictions, because both types of activity often represent genuine effort. In
other words, students’ progress cannot be inferred from time alone: even long
periods spent fixing errors may reflect meaningful work rather than being stuck
[6]. Together, these studies underscore the need to shift from predicting per-
formance to identifying moments of struggle within students’ programming
process.

3.2 Predicting Student Success

Prior work in identifying student risk of failure or attrition is related to the idea
of identifying nonproductive perseverance, though the scope differs. Falkner
& Falkner argue that early identification of students can help to catch at-risk
students ahead of time [11]. Specifically, students that turned work in late or
not at all were deemed to be more at-risk and could be identified at an earlier
point, helping to prevent them from dropping out or disappearing. Similarly,
Alice Armstrong used test and placement scores to prove that these were wor-
thy diagnoses of a student’s success. Providing a framework, outlined by the
foundation, understanding and sense of belonging in a community allowed the
student to want to work in a more rigorous environment [1].

Pei and Xing’s work proposed a dynamic format to the classroom that
allowed instructors to adapt to student progress week over week—and was
easily adapted to in-person or online classes . Their data changed on a week to
week basis and, critically, was accessible to the instructors. This allowed them
to make active changes in their classroom to improve retention rates [14].

Finally, Falkner et al. utilized assignments and early identification to also
improve retention rates, where it was the students’ reactions to the professor
that provided the data [11]. This was quite different to the other studies that
relied on strictly quantitative measures of student progress.

This shows there are many ways to assess and predict a student’s success.
The goal of this project does differ from those above in a significant way: we
want to assess a smaller goal (is the student spinning), and do so much faster,
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moment-by-moment, rather than over weeks or semesters.

3.3 Machine Learning

Machine learning has also been used in assessing and predicting student success.
Pei and Xing created a machine learning program that measured the success
rates and completion data of the students on a week to week basis. Their
algorithm collected data that was in constant motion based on the success or
failures of a student that week. This allowed the professors and instructors to
have a live insight into how the student was doing. While it did not directly
address futile perseverance, there were commonalities among the intentions
of the research in understanding student success or failure [14]. Barkam et
al. proposed that machine learning could be used to identify students at risk
of probation in computer science, but drew the conclusion that it was based
on identity, such as race, income, generation status. The machine learning
component provided an interesting first perspective into possible design ideas,
but with the introduction of identity politics, the data became less objective
[10]. Such a machine learning model would inherently be biased. We have no
such demographic data in our study, providing a lower risk of one of the most
common pitfalls of machine learning automation.

4 Methods

We used fine-grain data from a MOOC to analyze whether students working on
an assignment are in need of help. We benefit from access to data from Codio,
an online learning platform that was already recording data for a playback
feature, where learners and instructors can replay the work in a given file as if
it were a video.

To calculate these student code metrics, we collected data from thousands
of learners around the world who used the Codio platform between October
2023 and April 2025, following IRB-approved collection and de-identification
protocols. The data was generated from a MOOC-style, asynchronous course
taught in Python. The system is also instrumented to log keystroke file histories
for each file a user creates/adds/edits in the platform. These keystrokes are not
particularly fine-grained, meaning not all key presses and latencies between key
presses are logged, a design decision made to optimize storage costs. Roughly,
user activity in a 1.5 second interval represents a keystroke event in the system.
This would include typing, deleting, copying, pasting, etc. These edits are the
“fine-grain” data. We analyzed these data using a learning-analytics approach,
centering on interpreting log-level actions to infer learner behavior and identify
patterns that can inform instructional design [3].
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4.1 The Course

The course we are studying is a comprehensive “CS1” offering in Python. It
is a fully self-paced, self-contained course, with all instructional materials and
assessments built into a single, interface. The course is divided into modules,
each on a large topic. Within a module are 3-9 assignments, which can be
thought of like chapters of a textbook. With this learning platform, an as-
signment can have a mix of content, including didactic and instructional text,
coding exercises (either from blank file or with starter code), and a variety
of in-narrative interactive elements, including: turtle graphics [12]|, parsons
problems [9], code visualizers, and traditional multiple-choice and fill-in-the-
blank-style diagnostic questions. Each module then has a “lab” assignment
for larger scenarios in which to apply the new ideas, and concludes with an
“exercises” assignment, which most closely resembles a traditional homework
assignment. These “exercise” assignments are the sole subjects of our
study, as they are free-form, offering a blank file, instructions, and a button
that will compile and run the code. They sometimes include starter code.

Content begins with simple skills in typing in code and printing text to
console, and goes on to include everything expected in a CS1: Operators, Con-
ditionals, Loops, Lists, Strings, and Functions. It further includes modules on
file access, recursion, object-oriented programming, and other more advanced
topics.

4.2 Early Machine Learning Attempts

In earlier stages of this project, we experimented with training a neural network
to predict whether a student was “spinning.” This exploratory work yielded two
important insights that ultimately shaped the direction of the present study.
First, we found that the dataset we had available at the time was too small and
lacked sufficient complexity for a model of this type. When trained, the network
achieved nearly 100% accuracy on both the training set and the test set. Rather
than indicating successful learning, this pattern suggested severe overfitting.
The model was ultimately memorizing the limited and highly uniform examples
rather than generalizing to underlying patterns in student behavior.

A representative example illustrates the issue. One of the early exercises
asked students to print stars in increasing quantities across five lines, with a
typical correct solution resembling:

for num in range(1l, 6):
for dots in range(5 - num, 0, -1):
print(".", end="")
print (num)
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This task involves minimal abstraction and admits only a narrow range of syn-
tactic variation. As a result, it provided the neural network with little struc-
tural diversity to learn from, and students themselves tended not to struggle
with this type of problem. Compounding this limitation, we had only a lit-
tle over 300 student submissions for this specific exercise (Exercise 5 in that
module), further restricting the model’s ability to generalize.

These observations made clear that a neural-network based approach would
require both substantially more data and data drawn from later, more concep-
tually challenging modules where student work exhibits greater complexity
and variation. This realization directly motivated our decision to expand the
dataset and to pursue the feature-engineering approach described in the fol-
lowing sections.

4.3 Extracting Features

We still need data to serve as input to the generalizable model, since in a
production scenario we will not have the solution code from which to calculate
distances. This means we need to extract meaningful signals directly from the
students’ edit data. Our initial attempt simply fed the full code state—treated
as a text blob—into an ML model. This approach failed for several reasons,
the most important being the lack of sufficient data. More generally, this
confirmed that placing large amounts of raw data into an Al system hoping to
draw meaningful conclusions was unrealistic, even though it was worth trying
in case it revealed early promise. Combined with the limited subset of exercises
available at the time, this highlighted the need for explicit feature engineering
rather than relying solely on unstructured code snapshots.

We returned to our plan of extracting explicit features that could be used
either alongside or instead of the raw code. These features include granu-
lar edit operations (insertions and deletions), full code snapshots after each
modification, timing-related variables, and distances derived from the refer-
ence solution, all of which provide behavioral signals independent of the final
answer. The available data includes each student’s full edit history, informa-
tion about when code was executed, and the responses returned by automated
tests. Based on this, we developed a collection of features to extract, shown in
Table 2.

Having identified the set of available features, the next step was to deter-
mine how these signals could be operationalized for model training. In our early
modeling attempts, the extracted features were compiled into per-edit feature
vectors, with each vector representing a student’s state at a specific moment in
their editing process. These vectors incorporated indicators such as the type
and number of characters inserted or deleted, the location of the modification
within the file, the timestamp of the event, the computed edit distance from the
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Table 2: Features Extracted from an Edit

Feature Type Description
Code State str Full state of the file at the conclusion of this edit
Time Stamp num  Time since start of session
Position int Character position of this edit in the file
Parseable bool  Can code be parsed
Time Delta num  time period since the previous edit (in seconds)
Insert bool  was this edit an insertion or a deletion
Insert/Delete Ratio num  ratio of recent insertion vs. deletion
Number of Runs int how many times code has been run
Session Length* num  Total time of the session the edit is from
Session Interval* num  Time since previous session

*denotes feature is fixed for all edits in a given session

reference solution, and the full code snapshot at the moment. While this repre-
sentation provided a well-structured and expressive input format, our labeling
strategy introduced a critical limitation. We initially assigned spinning labels
at the student level rather than at the edit level, effectively treating an entire
trajectory as a single classification instance. This labeling obscured essential
meaning and contributed to substantial overfitting, as the model memorized
specific students rather than generalizable behavioral patterns. This revealed
that our earlier labeling strategy, classifying entire students rather than specific
moments or segments, was a fundamental flaw that prevented the model from
learning meaningful behavioral patterns. Recognizing this flaw motivated our
transition to session and segment-level labeling approaches described in the
following sections.

5 Analysis

For each specific student code edit, we calculate the student’s distance from the
known solution using both Levenshtein edit distance of the code text [13]. Plot-
ting this distance over time creates a trajectory representing progress, regres-
sion, or stalling. Ideally, a student who is making progress exhibits a downward
trend in the chart, moving progressively closer to zero. This distance-over-time
curve becomes the data for the next step, which is determining when spinning
occurred. This produces charts like Figure 1, which shows a student progres-
sively working towards the solution, shown by their distance from the canonical
solution decreasing over time.
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Examle 3: Lowest Edit Distance of 20 or Lower
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Figure 1: Edit Distance Over One Exercise

5.1 How Low is Low Enough?

A central question guiding our early analyses was: What are the lowest (best)
edit distances students achieve? Minimum distance offers more than a sim-
ple measure of success, it indicates how close students came to constructing
a viable solution at any point in their work. Students who reach a small dis-
tance, even briefly, typically demonstrate partial conceptual understanding,
while persistently large distances suggest that they never formed a correct
structural approach.

Analyzing minimum distances across roughly 28,000 students and 70 ex-
ercises revealed several important patterns. First, struggling students did not
always remain at a fixed distance. Many cycled between scored, repeatedly
moving closer to and then further from the solution. These oscillations showed
that spinning can involve active reworking rather than simple stagnation, a
nuance lost when looking only at correctness or final submissions.

Second, the distribution of minimum distances varied significantly by exer-
cise. Tasks with narrow clusters of low distances tended to guide most students
toward the intended solution structure, whereas tasks with wide or skewed dis-
tributions indicated broader conceptual barriers. This provided a way to iden-
tify exercises where spinning was more likely to be prolonged or widespread.

Finally, we found that reaching a low distance early in a session did not
prevent later spinning; some students drifted into lengthy plateaus even af-
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Figure 2: Abstract syntax tree of a solution

ter approaching the solution closely. This underscored the need for session-
and segment-level labeling rather than student-level labeling, since a single
attempt could contain both productive progress and extended nonproductive
effort. Overall, minimum edit distance proved informative, not as a standalone
indicator, but as a lens for interpreting the shape and timing of students’
trajectories, insights that directly influenced our feature design and labeling
strategy.

Later we added a similar analysis using abstract syntax trees of the code
state. The edit distance between the AST of the student code and the known
solution were calculated with the Zhang-Shasha algorithm [16]. These distances
are a superior measure than text edit distance as they are immune to whitespace
differences, variable names not matching, and other semantically irrelevant
differences. A syntax tree of a solution can be seen in Figure 2.

5.2 Dividing into Sessions

Spinning is inferred from extended period of active editing where the distance
remains unchanged or increases. For our specific goals, long periods of in-
activity are excluded, as inactivity does not represent perseverance. In fact,
long periods of inactivity proved to be problematic in our analysis, as many
students will formally start an exercise, creating the file, but not start work
for a period of time. As educators we do encourage the practice of taking a
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break, but the variance in the breaks, along with initial idle time, skew the
data. We also observed substantial variation in idle times, ranging from min-
utes to weeks, so we segmented work into sessions separated by more than
three minutes of inactivity, a threshold supported by prior work [8]. Each ses-
sion thus represents a contiguous period of active problem-solving, enabling
clearer behavioral pattern identification. This segmentation also generalized
conditions across sessions, as any given session could be from the beginning,
middle, or end of an exercise, or the entirety of an exercise in a single sitting.
This improved comparability among the data and allowing behavioral trends
to be identified without effects from prolonged idle periods.

An individual session is a sequence of edits committed by a single student
on an exercise, without any break periods. An individual student may have
multiple sessions within a given exercise. Sessions are more comparable with
each other, as they all have zero lead time from the start of the data until the
first edit. With this new organization of the data, we could more accurately
find behavioral patterns in the edits, allowing us to more easily create filters
to detect when students were spinning. Sessions were a recent addition to the
analysis, and future work will be based entirely on data organized into sessions.

6 Results

6.1 Edit Distances

An early question was how well students performed on the task overall. Recall
that a score of zero indicates character-identical code to the canonical solution.
It is possible to have a correct solution that is not identical to the canonical solu-
tion, as the text edit distance shows every white space, misspelling, or variable
name choice as characters differing. Using the edit distances, we can extract
the closest moments students got to a certain solution, as seen in Figure 3.
Many students came quite close to zero, with only a few in this exercise having
more than 30. In this specific exercise we chose 20 as the boundary of correct:
everyone with a score under 20 had the right answer. This boundary varied by
exercise. Ultimately this demonstrated that the distance-from-solution metric
had power to determine student correctness.

6.2 Assessment of Spinning

We found that spinning could be assessed by humans looking at an edit distance
chart with the corresponding code states. Over 60% of students analyzed
showed a progressive downward trend, such as shown in Figure 1. They were
not strictly monotonic, which, with support of looking at the code states over
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Figure 3: Histogram of students’ minimum AST distances from the solution
for one exercise

time, showed that they were working authentically and naturally towards the
solution. These students, in these exercises, were definitively not spinning.

Looking at the remaining students, researchers or other experienced pro-
grammers could often assert with confidence that a student was going in circles,
making edits that were off-task, or in some other state of nonproductive per-
severance.

From these observations we designed a simple algorithm that to categorize
sessions as containing spinning or not by detecting oscillation within the dis-
tance score. This algorithm will be the core of the data labeling procedure we
are developing as we move towards a generalizable machine learning model in
Phase II.

7 Discussion

As we move into Phase II of the project, we are just starting to answer the
research questions for Phase I. For RQ 1.1, we have a general set of features
that we are currently testing for their power in predicting spinning. These
tests include running component analyses for predictive power, and comparing
predictions against human assessment. We know that RQ 1.2 is true: the like-
lihood of spinning can be assessed by a human, but only one student, exercise,
or session at a time, and only with confidence if the code states show clear
intent or lack of direction. There is a gray area that remains, which we hope
to develop improved protocols to make clear. We have a simple, but working
algorithm to detect spinning with reasonable confidence, making RQ 1.3 true:
detection of spinning can be automated.

We currently have a wealth of near-keystroke-resolution student behavior
data, collected from learners across the globe. That data has been successfully
broken into comparable sessions, and has shown us that we can see progress
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and failure to progress towards a solution when that solution is known. We
can use that purely quantitative metric of progress to algorithmically label a
session as spinning or not. This means we have all the components to create
a machine learning training data set: the inputs (extracted features), and out-
puts (spinning detected). The pieces are not yet perfect, but we are making
steady progress towards a generalizable model to assess spinning in real-time
even when there is not a single canonical solution. We have experimented with
a trivial-approach machine learning model, which didn’t work, but demon-
strated that we needed tremendously more data, that we have since gotten,
and processed into a rich dataset.

Soon we will have a purpose-built neural network to detect the spinning
state in arbitrary coding behavior, and we look forward to sharing those results
with the community.
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Abstract

Algorithmic Bias is the result of algorithms that have systematic er-
rors that produce biased (unfair or discriminatory) results. Understand-
ing Algorithmic Bias is of vital importance to both Computer Science
majors and non-majors. Computer Science majors are poised to be-
come the developers of systems that can be susceptible to bias, while
non-majors (as well as majors) live in a world where many of their day
to day interactions are mediated by machine learning applications that
can exhibit bias. Aspects of our lives that are impacted by these algo-
rithms include social media, marketing campaigns, government interac-
tions, credit ratings, college admissions, and many more. Understanding
the causes of algorithmic bias and the preventative measures necessary
to produce systems that are equitable and fair, is an important ethical
issue for future programming professionals.

1 Overview

Why teach algorithmic bias as the topic of a course? How is algorithmic bias
important?

The ACM Curricula Recommendations [1] places a great deal of emphasis
on ethics, and newer versions include specific recommendations with respect to
Ethics and AI. "AI-SEP: Applications and Societal Impact" includes "Algorith-
mic Bias", "Evaluation Bias", and the assessment of the "societal implications"

*Copyright (©)2026 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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of a selected application. One suggested learning outcome is "Analyze the soci-
etal impact of one or more specific real-world Al applications, identifying issues
regarding ethics, fairness, bias, trust, and explainability."

Beyond the ACM’s recommendations, the importance of this topic cannot
be understated. In a world where the majority of interactions with companies
are online (60% by 2020 [26]), how we interact with algorithms on a daily basis
is vitally important. Are we treated equitably?

Governments are increasingly offering online services. As long ago as 2010,
81% of internet users were accessing government services online [8]. Are we
treated equitably in those interactions?

Facial recognition technology is used in law enforcement [4], where it has
been called "arguably one of the most controversial applications of machine
learning", to exclude unwanted persons from malls [29], and for tasks as basic
and common as building access [3].

Corporate and government databases contain massive amounts of data
about individuals. As described by Roger McNamee, an early Facebook in-
vestor, companies like Google and Facebook use our data to build “data voodoo
dolls” in order to make predictions about what we will like and what content
will keep us engaged. These systems also carry an air of authority, because of
assumptions that computers are impartial.

“Users believe Google and Facebook represent reality, but they are
more like fun-house mirrors. Google’s ability to deliver results in
milliseconds provides an illusion of authority that users have mis-
interpreted. They confuse speed and comprehensiveness with accu-
racy, not realizing that Google results may be influenced by data
voodoo dolls and advertiser needs, as well as search engine opti-
mization and manipulation. Users mistakenly believe their ability
to get an answer to any question means they themselves are now
experts, no longer dependent on people who actually know what
they are talking about.”[19]

In Algorithmic Authority: The Case of Bitcoin [16], the authors define
Algorithm Authority as “the trust in algorithms to direct human action and to
verify information, in place of trusting or preferring human authority.”

In explaining the significance of this issue to students, we can emphasize
the ubiquitous nature of algorithm-mediated interactions, the extensive data
about individuals used by those algorithms, and the default assumption that
a computer is impartial, to make the case that this is an important topic for
them to understand.
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2 Setting the stage for students

First we need to define bias, algorithms, and algorithmic bias. When teaching
a topic, it’s critical to identify the subject being discussed. Ironically, students
studying algorithmic bias may come with a “preconceived opinion” (one defini-
tion of bias) [11] of the meaning of that term. In a computer science context,
algorithms may require no definition (although reminders are always helpful).
But in a general education context, defining algorithms and engaging in some
sort, of exercise may be useful. There are a number of simple “algorithms are a
set of instructions” exercises that can be used to demystify a computer science
term for a general audience. Two that the author has found useful in the CS 0
context are sorting playing cards, and building Legos.

The card sorting exercise involves giving small groups of students a set of
instructions and a set of playing cards. The students are instructed to shuffle
the cards, then sort them by suit and number using their instructions. There
are three different sets of instructions. One describes a radix sort by suit
and number (O(n)). One describes bubble sort (O(n?)). The third describes
quicksort (O(nlnn)). This introduces the concept of an algorithm being a set
of instructions to accomplish a task, and that solving a task can be done with
different degrees of complexity and time required.

The Lego exercise gives each small group of students a small set of Lego
pieces. Each group gets the same pieces, and they are told to build some-
thing, anything. It’s helpful to include different colors and some odd pieces
like minifigs, or heads, wheels, roof parts, a small animal, etc. The group is to
write down detailed instructions to build their object, and submit a picture.
The next class session, shuffle the instructions and have groups use the instruc-
tions to try to replicate another group’s original object. Then use the pictures
to compare the results with the intended results.

Both of these short exercises are engaging and help clarify the meaning of
the word algorithm.

Bias is a concept that is both clearly understood and simultaneously misun-
derstood. Virtually everyone believes that they know what "bias" or "biased"
means. But in order to study the subject impartially, we need to establish a
common definition.

Merriam-Webster defines bias as:

(a) an inclination of temperament or outlook especially : a personal
and sometimes unreasoned judgment : prejudice (b) an instance of
such prejudice (c) bent, tendency (d) (1) deviation of the expected
value of a statistical estimate from the quantity it estimates (2)
systematic error introduced into sampling or testing by selecting or
encouraging one outcome or answer over others [20]
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Oxford Languages define bias as (def 3.c):

Tendency to favour or dislike a person or thing, especially as a result
of a preconceived opinion; partiality, prejudice. Also: an instance
of this; any preference or attitude that affects outlook or behaviour,
esp. by inhibiting impartial consideration or judgement [11].

Can the results of an algorithm be mostly correct, but biased? If an algo-
rithm is correct for a dominant selection of inputs, but incorrect for a small
subgroup, is that a bug or is that bias? Over the range 1 to 500,000, approxi-
mately 8.3% of the numbers are prime [18]. In the United States, Census data
indicates that approximately 8.2% of people do not have health care coverage
[13]. Is an algorithm that produces incorrect results on prime numbers over
that range biased? By definition d2 from Merriam-Webster it might be. If it is
incorrect in a systematic way, it could be said to be biased. Can we say that an
algorithm that produces incorrect results for persons without health coverage
has a strong indication of being biased? Again, looking at Merriam-Webster,
there is an anthropomorphized aspect to definition a. We implicitly assume
that bias is applied to persons, not numerical outcomes. In machine learning
numerical outcomes are applied to persons. A numerical error (definitions d1
and d2) becomes a bias (definition a).

3 What is Algorithmic Bias?

3.1 Sources of Algorithmic Bias

Algorithmic Bias can infect virtually any system, particularly those that are
trained on data sets. The data sets themselves provide a source of bias. Algo-
rithmic Bias in autonomous systems [10]. describes a taxonomy of sources of
algorithmic bias. The authors identify "training set bias", "algorithmic force
bias", "algorithmic processing bias", "transfer context bias", and "interpreta-
tion bias". In a general education seminar context, we focused on "training set
bias" and the so-called "streetlight effect" '. This explanation points out that
data is sometimes used for training because it is the most available data, not
the most complete or accurate. IBM researchers found limitations in training
data for facial recognition due to the fact that "while females and males are
balanced in the training data, they are stereotypical females and males from
the celebrity population."[21] In an online discussion with our seminar, one of
the authors pointed to "paparazzi" image datasets as a source of images that
were available without copyright restrictions. In her book [6] Dr. Buolamwini

la reference to a joke about an inebriated person looking for lost car keys under a
streetlight, instead of where they lost the keys, because "the light is better here"
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describes in detail her difficulties in finding data for facial recognition train-
ing that provided a breadth of genders, ages, and skin tones; while meeting
standards for ethical use.

3.2 Examples of Algorithmic Bias

Algorithmic Bias examples are diverse enough to provide something of interest
for virtually any level or type of course.

One of the major problems in approaching this topic is how many topics
to cover, and in what depth? The instructor needs to choose between in-depth
coverage of several topics or a survey of a large number of topics. Offering
the course for CS majors in the future, the author would focus heavily on the
topics described below: "analog bias", facial recognition, and LLM bias. Both
facial recognition and LLMs allow for experimental exploration by computer
science students. In a general education seminar, as was taught in the past, a
broad survey of many topics is typically more suited to the student population.

Dr. Buolamwini’s work [6] is focused primarily on facial recognition, with
extensive discussion (noted earlier) of her attempts to find good training data,
as well as her interactions with some of the companies whose systems she
studied.

Large Language Models (LLMs) are susceptible to algorithmic bias, with a
great deal of ongoing research into the topic, such as [23].

Looking for a broad list of topics, Cathy O’Neil’s Weapons of Math De-
struction 24| describes a set of specific examples, some of which are likely to
be of personal interest to students:

1. College Admissions
2. Advertising

The Criminal Justice system

- W

Hiring decisions

ot

Job evaluations
Credit reporting

Insurance

® N>

"Civic Life" (with a focus on politics and social media, elections, and
voting)
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3.3 Analog Algorithmic Bias

We can start the story pre-internet with a non-computerized, analog example:
"Shirley Cards". Kodak’s photo printing machines (which were common in
drugstores across the country) were calibrated using these cards. The printed
color cards showed color blocks and the picture of a blond female (Shirley
Page, a Kodak employee)[17]. An example can be seen in [32]. This calibra-
tion process, combined with the limited dynamic range of Kodak film at that
time resulted in photographs that reproduced darker skin tones very poorly.
Changes were not made until Kodak customers (described in the [17] as a choco-
late company and a furniture company) complained, leading Kodak to develop
film with a broader dynamic range (Gold Max), and eventually a multi-racial
“Shirley Card”.

3.4 Algorithmic Bias in Facial Recognition

Dr. Buolamwini’s work is described in her book [6], the paper that described
her research work 7], her dissertation [5], and the documentary film describing
her work [15]. Dr. Buolamwini’s work is described in ways that are accessible
at all levels of courses, from general education and seminar classes, to upper-
division courses with substantial programming and algorithmic content.

Briefly described, Dr. Buolamwini became involved in facial recognition
research when a project she was developing for her Master’s degree work was
unable to detect her face. Due to her dark skin tone, her face was invisible to
the software she was using. That led her to try to understand the causes of
the software’s failure, and to studying commercially available facial recognition
software, finding that while published accuracy rates were high, performance
on subsets of ages, genders, and skin tones could be very poor.

3.5 Algorithmic Bias in Large Language Models

This course was last offered as Large Language Models (LLMs) were beginning
to become a dominant part of the discussion of AI, but they were addressed
lightly. Future offerings of the course must address LLMs and their ability
to be biased or to perpetuate biases. Two important sources of that bias are
training data and deliberate choices made by the model provider.

It is possible that the way in which websites interact with LLM web crawlers
can lead to biased training data. Assertions have been made that LLM web
crawlers are more likely to be trained on misinformation than on “reputable
news websites” [27]. Reputable sites (as defined in the paper by the authors)
used robots.txt to block at least one Al agent 60% of the time, compared with
9% of sites that contain misinformation. Sites that require a paid subscription
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to access are less accessible to LLMs than free sites supported exclusively by
advertising.

In addition, LLMs utilize “system prompts” that give the model instructions
on how to answer prompts, providing guardrails and directions [28] [25]. The
model owners control these system prompts, and can use them to steer the
outputs of the model. News reports show an apparent pattern of steering
behavior with Elon Musk and the Grok LLM embedded in X [30].

Hallucination in LLMs is a well known phenomenon, but are the outputs
biased? The model’s output can be free from hallucinations (i.e. factually
true), but slanted in one direction or another. Or the model can offer opinions
that are biased, either in subtle ways or in more overt ways.

A for-profit provider of an LLM could use the model’s output to steer users
to products or vendors that have paid for placement. This is similar to how
Google’s results show sponsored results, but in a more conversational way,
and perhaps more persuasive than simple placement of sponsored links. Given
the fact that LLMs are increasingly being seen as companions [2], there are
substantial ethical considerations to be examined.

4 Class Content

4.1 Class Outline

This course has been offered twice as an honors seminar. The outline in table 1
shows the topics covered in the second iteration. The section on Social Science
research is required under the general education category that covered the
course offering.

Two books were assigned, Cathy O’Neil’s book [24] and Technically Wrong
by Sara Wachter-Boettcher [31].

During a shortened week, the class watched the Coded Bias movie [15]. We
also held an online session with researchers involved in the field of algorithmic
bias with IBM corporation.

4.2 Assessments and Activities

Students developed an infographic on the subject of "What is Bias?", these
were printed and posted in the honors center. In small groups, students created
posters that were displayed during a university-wide diversity event. We held
a debate, with a topic crafted by the students (with input from the instructor).
The debate topic was "Resolved that algorithmic bias should be mitigated
through regulation and transparency". Students were allowed to use Al as a
research tool for the debate, with citation necessary. Preparation notes and a
final debrief were required submissions. The importance of the debate is that
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Week Content (may change)

Week 1 | What are Algorithms and how do they figure in our lives?

Week 2 What is Bias?

Week 3 How do we do Social Science research?

Week 4 | Understanding ML, Al and LLMs

Week 5 | Aspects of Algorithmic Bias (Hiring and Employment)

Aspects of Algorithmic Bias (Criminal Justice and College Admis-

Week 6 .
sions)

Week 7 | Aspects of Algorithmic Bias (Medicine and Credit)

Week 8 Working on posters

Week 9 | Ways to fix the problem? (Codes of Ethics, etc)

Week 10 | Debate preparation

Week 11 | Half week: Debate on Regulating AI and Big Data

Future Shock! Where do you think we’re going, what are the

Week 12
prospects?

Week 13 | Guest speakers

Week 14 | Half week: "Coded Bias" movie

Week 15 | Working on Final presentations and Final thoughts

Week 16 | Final Exam: Presentations

Table 1: Class Outline

it provides the students with some agency, looking at potential solutions rather
than just focusing on the impacts.

The guest speakers in both iterations were from IBM Research. The in-
structor is acquainted a number of researchers at IBM, and was able to reach
out for speakers. One of the student assignments was to write "three good
questions" for the speakers, prior to the Zoom sessions.

In the first iteration of the course, the speaker talked about IBM’s efforts
to understand bias in facial recognition [21]| (linked to Dr. Buolamwini’s re-
search, although that wasn’t apparent until after Dr. Buolamwini’s book was
published). The second iteration included a talk on "Red Teaming" LLMs,
from researchers who participated in events that attempted to elicit inappro-
priate behavior from the models [22].

The student final projects were highly varied, but one very promising
project involved using Face++ [12] to experiment with facial recognition. The
student and the class were very engaged with the results. The tool attempted
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to determine gender and age from photos, with objectively poor results.

In a future iteration, the author would add experimentation with LLMs
and comparisons of results from multiple LLMs.

The course evaluations, which are an imperfect measure, were uniformly
positive, with an overall average of 4.59 / 5.00 (response n=8 out of 11 in the
second iteration). Students rated their increased knowledge at 4.5 and having
their interest in the topic stimulated at 4.38.

4.3 Modifications for a Computer Science audience

Were the course to be offered to computer science students, the author would
investigate using tools such as Face++, as well as exploring algorithmic bias
experiments using Python. IBM makes an "AI Fairness" toolkit available in
Python using Jupyter and in R [14]. The toolkit includes tutorials such as a
"credit fairness" test utilizing credit data from Germany. The example provides
a method for altering the division of the data into privileged and non-privileged
classes based on age, enabling the user to see how the outcomes change.

5 Conclusions

Algorithmic Bias has significant impacts in a wide variety of contexts. Al-
gorithmic authority leads people to assume that computer algorithms are in-
dependent and unbiased. However, the selection of training data can lead to
algorithms that favor or disfavor groups of individuals. Large language models,
a form of artificial intelligence that is becoming dominant in many areas of life,
may be trained on faulty data, or programmed to behave in biased ways.

Students, both computer science majors and non-majors, need to have an
understanding of the causes, implications, and potential remedies for Algorith-
mic Bias. At the non-major level, a one semester course can introduce the
concepts of algorithms and tie them to how machine learning tools make im-
portant decisions about our lives. Alternatively, selected content on this topic
may be used in meeting new Al literacy requirements [9]. For Computer Sci-
ence majors, adding experimentation with machine learning tools can provide
a deeper understanding of the causes of bias and the need for careful selection
of training data.

The material that is included in this course could be utilized in several
different ways:

e As a stand-alone ethics seminar (how it has been taught).

e Portions extracted and used as sections within a broader computing ethics
course.
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e Applied within a course in Artificial Intelligence, Agentic Computing, or
Large Language Models.

There are advantages to each of these. As a stand-alone course, the breadth
of impacts can be explored. Within an ethics course or an Al course, the
breadth and depth of topics would not be covered, but they can be presented
in-context as part of the overall ethical landscape, or in conjunction with an
understanding of how the models are trained and applied.
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Abstract

We analyzed the effectiveness of generative Al in diagnosing student
misconceptions in an undergraduate Operating Systems class. We asked
students to assess whether the feedback provided by an LLM correctly
diagnosed the mistaken belief underlying their error. We tested three
models: ChatGPT, Claude, and Gemini. Gemini was the most consistent
in terms of perceived correctness. ChatGPT received the highest student
ratings. In a qualitative assessment, the LLMs correctly diagnosed the
students’ misconceptions 42% of the time. In a quantitative assessment,
63.5% of the LLM responses were perceived as exactly or almost exactly
correct. We conclude that LLMs can provide valuable formative feedback
but are not yet ready to be the sole source of insights.

1 Introduction

Generative Al (GenAl) has the potential not only to explain high-level con-
cepts, but also to identify student mistakes. This study focused on the ques-
tion of whether LLMs can identify student misconceptions on topics typically
taught in an undergraduate Operating Systems (OS) course: CPU scheduling
and virtual memory page replacement policies. We evaluated three well-known
LLMs: ChatGPT, Claude, and Gemini. We asked students to rate each LLM’s
explanation of their mistakes.

*Copyright (©)2026 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.

162



If successful, our overall goal for this work is to incorporate it into GraySim,
a simulation system that supports students learning CPU scheduling policies [1]
and virtual memory page replacement algorithms [4]. Currently, the simulation
system has hand-coded tests for common errors so that the simulator can offer
students formative feedback on their mistakes. This approach is laborious
and, consequently, limited in scope. If one or more LLMs provide high-quality
formative feedback, we can leverage it to enhance the simulation’s ability to
support student learning.

Ultimately, our results were mixed. We found that Gemini was the most
consistent of the LLMs. ChatGPT, on the other hand, received the highest
ratings when it was able to answer within the 90-second time limit. LLMs
correctly diagnosed students’ misconception just 42% of the time, yet gave
poor explanations in fewer than 6% of cases.

This paper is organized as follows: Section 2 discusses prior work. Section
3 presents the details of our study, including the problems given to students,
the prompts given to the LLMs, and the mechanics of the study. Section 4
summarizes the ratings and classifications of student comments. Section 5
highlights the implications of these results, comparing the performance of each
LLM. Section 6 discusses areas in which the study could be improved and gives
suggestions for follow-on studies. Section 7 concludes the paper.

2 Related Work

Automatically generating formative feedback to help students improve their
work has long been an area of study [6]. Formative feedback, which provides
information that can significantly improve the student’s understanding and
future work, can take a variety of forms. Keuning et al. [6] designate five sig-
nificant categories of formative feedback: knowledge about task constraints,
knowledge about concepts, knowledge about mistakes, knowledge about how
to proceed, and knowledge about meta-cognition. Determining which feedback
from any of these categories is most appropriate is, in general, a difficult prob-
lem. In most cases, automated tooling for program feedback has made use of
test failures as the primary feedback mechanism, or pre-defined next steps and
hints. We note that while these forms of feedback provide the students with
what went wrong, or a likely next step, they do not attempt to understand
where the student went wrong or identify their incorrect thinking.

The theory of conceptual change [11, 3] in education refers to the idea that
students enter the classroom with pre-existing, incorrect ideas, called miscon-
ceptions, that conflict with the material being taught. These misconceptions
must be identified and addressed to allow true understanding and learning. In
essence, students must restructure their existing knowledge rather than simply
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adding new information. Our work seeks to identify student misconceptions so
that these misconceptions can be actively addressed. Using the vocabulary of
conceptual change theory, we seek to identify “anomalies” in student thinking
to enable the student to find “dissatisfaction” with their current understanding
and to make an “accommodation” and restructure their understanding.

FLA-RE and GraySim generate formative feedback by hand-coding a sys-
tem to do so. FLA-RE provides formative feedback to students learning regular
expressions [10]. Similarly, GraySim allows students to test their understand-
ing of both CPU scheduling and virtual memory page replacement policies [1,
4]. Both FLA-RE and GraySim offer students formative feedback, but required
custom programming by the system’s developers. In contrast to this work, we
envision an enhancement to a system, such as FLA-RE or GraySim, that lever-
ages an LLM to provide feedback without the developers having to anticipate
every possible student error.

The In-Context Teaching model [12] uses a Bayesian framework fed by
student responses to example problems to infer a student’s internal model of
a concept, such as fractional arithmetic. This framework offers a rigorous
method to classify student misconceptions, rather than their mistakes, but it
is computationally complex and requires significant student data.

Another approach is to leverage custom artificial intelligence engines to
generate formative feedback. Hoq et al. [5] describe a subtree-based neural
network to detect logical errors within student programs. Students in an entry-
level computer science course had their programming solutions parsed into an
abstract syntax tree that was subsequently fed into a neural network. If the
student response was incorrect, the network classified their error into one of
five categories. The purpose of the study was to provide direction for educators
through classifying error types. Our study shares similarities and differences.
Both studies make use of artificial intelligence based on a neural network. Hoq’s
however, makes use of a custom model, whereas we utilize GenAI. Our study
also differs in the way we classify our errors. Instead of using Al to find the type
of error, we use it to provide a detailed explanation of the student’s thought
process. Furthermore, we validated this explanation by surveying the student
on whether the explanation was correct.

In the past decade, natural language processing tools have grown signifi-
cantly more capable, offering more adaptive and general approaches to auto-
mated interpretation and feedback generation. Shi et al. [13] studied automat-
ing the process of student error detection through use of a vector-embedding
neural network, which maps (student response) text inputs to mathematical
vectors. These vectors capture some semantic meanings via their relative prox-
imities in various dimensions. The study focused on an undergraduate CS
course and classified student error types. The goal of this was to help instruc-
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tors understand trends within their courses so they could adjust their lectures
accordingly. The model found 13 consistent clusters of misconceptions. Sim-
ilarly, Demirezen et al. [2] confirmed that expert annotations align well with
vector embeddings in undergraduate physics. Both studies used vector embed-
dings to classify student data; in contrast, we use GenAl. Instead of focusing
on classifying types of misconceptions into groups, we focus on the individual
student and determining whether GenAl can accurately explain their miscon-
ception. Our goal was to reverse-engineer their thought process and determine
how effective different models are in finding the why behind their mistakes.

Weijers et al. [14] used GenAl to study undergraduate physics students
taking a standardized exam. After taking the exam, students had a conversa-
tion with GenAl. The students went through their incorrect responses, having
GenAl give them an explanation of the concept in question and how they got
it wrong. Students generally found these interactions helpful. Similarly, Liu
and M’hiri evaluated the responses of a virtual TA based on OpenAl’'s GPT-
3.5 in an introductory programming course and found that the virtual TA still
required human oversight [7]. More recently, a study from Nguyen et al. com-
pared the feedback from instructors versus OpenAI’s GPT-4 and determined
that GPT provided feedback comparable to that of instructors [8]. We take
a similar approach as these studies did in evaluating an AI’s performance in
providing feedback for undergraduate technical work. We focus specifically on
the question of whether LLMs can accurately identify what misconceptions the
students had by leveraging immediate student self-assessments and their direct
evaluations of the LLM output.

3 Method

In this section, we outline the method used in our study. We begin by describing
each of three problems presented to students. We then discuss the student
experience of the study. Next, we discuss the prompts used to capture feedback
on the students’ performance from each LLM (ChatGPT, Claude, and Gemini)
on each of the three problems. Finally, we summarize the way we collected data
from students enrolled in an undergraduate OS course.

3.1 Problems

We presented students with three problems: CPU scheduling using round-robin
(RR), CPU scheduling using a multi-level feedback queue (MLFQ), and virtual
memory page replacement with the Clock algorithm (CLOCK). In both CPU
scheduling problems, students used the specified algorithm to fill in the process
execution timeline given each process’s start and service times. Figure 1 shows
the initial screen for the RR problem (MLFQ is similar).
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Round Robin with time quantum q = 2.
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Figure 1: Round robin problem with a time quanta of 2.

In the Clock problem, we presented students with a page request stream
and three frames representing physical memory. We asked them to use the
Clock algorithm to place each requested page into a frame. We also asked
them to identify which page requests caused page faults, by ticking the box in
the bottom row. Figure 2 shows the initial screen for this problem.

The page request stream appears above the columns. Do not forget to mark faults!
9 7 23 97592195229

Frame O
Frame 1

Frame 2

Fault

Figure 2: Page replacement problem with Clock algorithm.

3.2 LLMs

We used three general purpose LLMs for this study: ChatGPT 5!, Gemini
2.5 Flash?, and Claude Sonnet 43. These models were chosen because they
represent recent versions of each system and were expected to provide strong
performance. Gemini 2.5 Flash represents a faster, but less powerful, version of
Gemini 2.5. We selected this faster model based on timing issues with Gemini
2.5 during pre-trial tests (it was taking over ten times as long to return, on
average, as Claude Sonnet 4).

We set a timeout of 90 seconds. If the LLM did not complete within this
time, we allowed the student to continue. We set this timeout value based on
twice the amount of time any of the LLMs had previously taken to respond to

Thttps://chatgpt.com/
2https://gemini.google.com/
Shttps://claude.ai/
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our queries the week before the study took place.

The order of presentation of the LLM responses to each student was ran-
domly assigned, but remained the same for each problem presented to that
student. Students were unaware of what LLM they were receiving a response
from to eliminate bias.

3.3 Study

Each student began by downloading a Python script. The script presented
each question in turn to the student, beginning with the round-robin CPU
scheduling, continuing to the MLFQ problem, and finishing with the Clock
problem. If the student answered the question correctly, the script moved
on to a second question of the same type. If they also answered the second
question correctly, the script moved them to the next question type. (Note
that we only presented students with the second question if they responded
correctly to the first question.) If the student answered a problem incorrectly,
the script encoded their response and sent it to each of the three LLMs in the
background. While the script awaited responses from the LLMs, it presented
the student with their answer and the correct answer (Figure 3). It then asked
them why they believed they had answered the problem incorrectly. The intent
behind this interaction was to encourage students to reflect on the cause of their
mistake before comparing it to any of the LLM responses.

Round Robin (q = 2) — Loading Explanations
Round Robin with time quantum q = 2.

Process Start Senvice

cusnm®

swered incorrectly. While we fetch three explanations, review your answer and the correct timeline below, then answer the question.

AABBCCAADDEEFFAADDEEFFAAEFF

Why do you think you got the question wrong?

Figure 3: Loading screen after an incorrect response.
Once all LLMs finished (or timed out), the script showed each LLM’s re-

sponse to the student in turn and asked them to rate the response’s accuracy
on a scale of 1 (not close) to 7 (exactly right) and provide a justification for
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this rating in a comment box (Figure 4). The student was not told which LLM
was associated with each response. When the students completed the program,
the script aggregated their responses into both a JSON file and a text file for
analysis. They forwarded these files to one of the authors.

Figure 4: LLM evaluation screen after an incorrect response.

3.4 Prompts

To create and refine our prompts, we began with a base prompt for each differ-
ent problem type (MLFQ, RR, Clock). Each prompt generally introduces the
problem, the correct solution, and the student solution, and then asks the LLM
to explain the student’s misconceptions and mistakes. We then used a sample
incorrect student solution with each base prompt as input to multiple queries
for each LLM platform (ChatGPT, Claude, and Gemini). After evaluating
the batch of responses, we rated them between 1-5 each. Then we updated
the base prompt in a direction we thought would cause the most improvement
in responses, and repeated the process. At the end of the process, for each
problem type, we selected the prompt with the highest average score across all
responses from each LLM. We tailored the prompts to each problem type, but
used the same prompt across all LLMs. The final prompts used for each of the
problems can be found at [9].

One thing worth noting is how we encoded the student solution into the
CPU scheduling prompts. We found that grouping the data into zipped tuples
(correct process ID, student process ID, unit of time) resulted in faster and
higher quality LLM responses. The Python script implemented this grouping
for both the RR and MLFQ prompts.
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Problem description
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Correct / instructor solution
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Student solution

LLM task: identify and explain
the student’s misconception

Figure 5: General structure of each prompt.

3.5 Student Trials

Students enrolled in our institution’s OS course were offered a 20 point bonus
(in a 1000 point course) if they completed the exercises required for the study?,
regardless of whether they permitted their responses to be used for analysis.
Students completed the exercises during a regularly scheduled time for the
class, but on a day when the class was not scheduled to meet or by appointment
with one of the researchers. Upon completing the exercises, students emailed
both the JSON and text files to one of the authors who was not teaching the
course and indicated whether or not their responses could be used in the study.
Of the 46 students enrolled in the class, 31 of them took this opportunity. All
agreed to participate in the study. The full exercise took 49 minutes on average
to complete with a minimum of 31 and a maximum of 97 minutes.

4 Results

In this section, we summarize the results. We begin by presenting the partic-
ipants’ Likert ratings of the correctness of the LLMs’ explanations. We then
present a summary of the qualitative feedback provided by the participants.

4.1 Correctness Ratings

Next, we report the ratings assigned by participants. Figure 6 shows the par-
ticipants’ Likert ratings by problem type and model; we show each problem
type in its own bar chart as well as a bar chart that combines the ratings

4Reviewed by our local IRB (Study #CA-2026-24)
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across all three problem types. We omitted failures so the number of responses
does not sum to the total number of incorrect student responses. In addition,
the total number of responses does not necessarily sum to the total number
of participants because some participants correctly answered both questions
of the given problem type. Table 1 shows the participants’ Likert ratings by
model and problem type for those LLMs that responded without failures. We
highlight in bold each model’s overall performance across all problem types.
The bootstrap mean of medians for ChatGPT is 6.5 with a 95% confidence
interval of [6.0, 7.0]; similarly, Claude is 5.8 (5.0, 6.0]) and Gemini is 6.0 ([6.0,
7.0]). No LLM dominates performance on all problems.

(b) MLFQ
Gemini Gemini [ ] -
Claude Claude 1
ChatGPT [ ] ChatGPT | ]
0 10 20 30 0 10 20 30
Number of Responses (n=29) Number of Responses (n=23)
(c) Clock (d) Combined
Gemini
Claude
ChatGPT
0 10 20 30 0 20 40 60 80
Number of Responses (n=31) Number of Responses (n=83)
(W E2030405 M7 |

Figure 6: Ratings of Explanations (1=Not close; 7=Exactly right)

4.2 Qualitative Feedback

We classified the comments made by participants to the open-ended question
that asked them to explain the correct and incorrect aspects of each LLM’s
response. One researcher developed the classification scheme and coded each
text response accordingly. That researcher shared the classification scheme
with a second researcher who then marked each response independently. The
two researchers compared their ratings and resolved any differences. Note that
each participant’s text response could have more than one classification and
students did not comment on all possible classification comments.

170



Out of 252 open-ended responses, 105 responses indicated that the LLMs’
responses were correct, 24 indicated that the LLM had both correct and in-
correct aspects of its response, and 16 indicated that the LLM was incorrect.
Figure 7 shows these results. Note that not all students made a clear comment
on correctness in their response to the open-ended question.

Many students reported that the LLM’s explanation was good (31), but

students also reported problems with the LLM’s explanation.

Students re-

ported that, in some cases, an LLM’s explanation was confusing or difficult to
understand (15), omitted an explanation (13), showed them where they were
wrong, but did not explain why their approach was incorrect (12), was wordy
(9), or ignored cascading errors (8). These results can be seen in Figure 8.

Don’t think LLM is correct (3)
LLM incorrect (16)

LLM correct & incorrect (24
LLM correct (105
Student did not respond (5)

)
)

IEN
o

| 105 |-

Hs
0 20

40

60 80

| |
100 120

Number of Responses

Figure 7: Correctness of LLM responses

Table 1: Likert statistics (1-7 scale) by model and problem type

LLM Problem 1 2 3 4 5 6 7 Median Failures n
E RR o 1 0 2 1 2 6 6.5 17 12
U MLFQ 0o o o 0o 0 2 4 7 17 6
E Cok 1 1 1 0 0 3 4 6 21 10
) Total 1 2 1 2 1 7 14 6.5 55 28
o RR 2 3 1 1 4 7 6 6 5 24
= MLFQ 0 4 0 3 2 2 5 5 7 16
£ Clok 0 0 1 3 5 6 10 6 6 25
Total 2 7 2 7 11 15 21 6 18 65

g RR 1 0 0 4 5 4 13 6 2 27
2 MLFQ 0 1.0 0 5 9 8 6 0 23
CQ’)) Clock 0o 1 1 5 3 7 10 6 4 27
Total 1 2 1 9 13 20 31 6 6 77
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LLM insulted student (1)

LLM missed obvious error (8)
LLM ignores cascading errors (8)
LLM gave poor explanation (15)
LLM not concise (9

LLM didn’t explain (13

LLM could be more specific (14

) s
)

LLM only shows where wrong (12) |
)
)

| | 31
| | | | |

0 10 20 30 40
Number of Responses

LLM gave good explanation (31

Figure 8: Quality of explanation.

5 Discussion

All three LLMs encountered failures, whether timeouts or server overload er-
rors. Gemini encountered the fewest number of failures with just six timeouts
across the entire study and no server errors. Claude experienced 18 server
overloaded errors, but no timeouts. ChatGPT experienced 55 timeouts, but
NO Server errors.

If we ignore cases where ChatGPT exceeded the time limit, students rated
its explanations the highest. Most notably, its responses to the MLFQ errors
received a median score of 7 (of 7) and its responses to the RR and Clock
problems were 6.5 and 6 respectively. These ratings meet or exceed the ratings
of the other two LLMs. However, the number of data points for ChatGPT is
substantially lower than those for the other two LLMs and it is unclear if the
trend would continue with additional data points.

The most common classification was that the LLM was correct in diagnos-
ing the student’s misconception, which appeared in 105 of the 252 responses.
By this measure, the LLMs had only a 42% success rate. The next most com-
mon comments were that the LLM was partially correct in diagnosing their
misconception or gave a good explanation, occurring on 10% and 12% of the
comments respectively. If we consider the situation in which the LLM was at
least partially correct, then the LLMs were rated as at least partially correct
in 129 of the 252 responses, or 51%. In contrast, student responses to the
Likert scale present a different picture with 63.5% of students reporting that
the LLM responses were exactly (score of 7) or almost exactly correct (score
of 6), with ChatGPT achieving 21/28, Claude achieving 36,/65, and Gemini
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achieving 51/77 for a total of 108/170. These two very different views of the
data have a 21.5% discrepancy. Students may have focused on specific errors in
their open-ended comments while expressing overall satisfaction in their Likert
ratings. Further study would be required to understand this discrepancy.

Excluding comments about LLM correctness, the other responses to the
open-ended question varied. Rarely students reported that an LLM missed an
obvious error. Sometimes students reported an LLM’s explanations as con-
fusing, unorganized, or not specific. In summary, comments of that nature
appeared approximately 15% of the time. Of note, students rarely reported
that the LLMs missed cascading errors. This suggests that the LLMs have
explanatory power beyond merely identifying an error and are able to avoid
flagging subsequent errors that occurred due to the original mistake.

6 Limitations & Future Work

A limitation of this study is its generalizability. The problems given to each
model were very specific to their subject and all were of similar format. This
problem type differs substantially from other types of computer science prob-
lems such as programming or proofs. Future work could verify this result in
other areas such as algorithm design, proofs for computer science theory, or
complex system design.

A second limitation of this study was our approach to prompt engineering.
We used a particular approach to generating a prompt that we then used across
all three LLMs. Other approaches, including ones that are custom to specific
LLMs or that apply different prompt engineering techniques, might produce
better results. Future work could try customizing prompts to the specific LLMs
or apply different prompt engineering techniques.

A third limitation of this study was our specific selection of LLMs. We
focused on models that could respond within a time frame we believed students
would be willing to tolerate. A different LLM selection or a different timeout
value could produce very different results.

Another limitation of this study is the sample size. Our institution is a
small, liberal arts college (SLAC) with fewer than 5000 students. There are
fewer than 50 students enrolled in OS each year. This limitation could be
addressed by repeating the study at a larger institution or otherwise making
it available to a larger population.

The next limitation was a result of having the LLM timeout if the response
took longer than 90 seconds. This timeout was done for reasons of psychological
acceptability and was based on timings taken the week prior to the study.
Unfortunately, we still experienced many timeouts (on ChatGPT and Gemini)
or service-overloaded errors (on Claude), possibly due to fluctuations in server
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usage and selecting (particularly for ChatGPT) a model that was too likely to
time out. These timeouts greatly limited the number of ChatGPT and Claude
responses that could be accurately rated by our study participants, but had less
of an effect on Gemini’s results. Future research in this area should consider
removing such timeouts, though that creates an issue about the length of the
study and what happens in true failure conditions.

Kuening et al. report the results of a systematic review of automated feed-
back generation on programming exercises [6]. In this work, they classify the
nature of the feedback generated, the techniques used to generate the feedback,
as well as the quality and effectiveness of the feedback. Kuening’s systematic
review pre-dates the release of GenAl so LLMs were not used in the genera-
tion of the feedback. Nevertheless, the classification system they used could
offer valuable insights into the types of feedback being provided by LLMs and
whether such feedback is substantively different from that provided by feed-
back generated through other mechanisms. Application of this work could be
a fruitful area for further investigation.

7 Conclusions

We evaluated GenAl’s ability to diagnose student misconceptions in an OS
class. Students were given round-robin, MLFQ, and Clock page replacement
problems through a Python script. In the event they got a problem wrong,
LLMs were prompted to explain the student’s thought process and why they
were mistaken. Students then rated each response without knowledge of which
LLM generated it.

After analysis, we found that Gemini was the most consistent of the LLMs.
In cases where ChatGPT did not exceed the time limit, it received the high-
est ratings. As a whole, the LLMs performed best on MLFQ problems with
ChatGPT receiving a median rating of 7 out of 7. Overall, the LLMs correctly
diagnosed student misconceptions 42% of the time, and provided poor or con-
fusing explanations in fewer than 20% of cases. We conclude that LLMs are not
yet ready to serve as the sole source of formative feedback. However, when the
custom feedback mechanism in a system such as GraySim yields no insights,
LLM-generated feedback may offer useful supplementary feedback, provided
students interpret that feedback with appropriate caution.
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Abstract

This experience report describes a six-week Collaborative Online In-
ternational Learning (COIL) module integrated into an undergraduate
Software Engineering course, connecting students from the United States
and Panama. The primary aim was to enhance student engagement and
motivation through cross-cultural, project-based collaboration.

Students collaborated to complete software projects, including a stand-
out game featuring campus-native animals symbolizing the partnership.
Survey data from U.S. participants indicate increased motivation, im-
proved project completion rates, and heightened interest in global col-
laboration.

Challenges such as time zone coordination and language barriers
emerged but were effectively mitigated through the universal language
of programming. The experience also fostered the development of soft
skills, including enhanced communication and intercultural competence.
This report offers insights into the pedagogical benefits, technological
tools employed, and lessons learned.

*(@©) 2026 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 Background

The Collaborative Online International Learning (COIL) model, originally
developed by the State University of New York (SUNY) in 2006, promotes
project-based learning between classrooms in different countries through the
use of digital tools and co-teaching strategies. It has been successfully imple-
mented across disciplines to foster intercultural competence and global engage-
ment [1].

This work was motivated by the following questions: Can a COIL-based
international collaboration enhance student engagement and project quality
in a software engineering course? What cultural, technical, and motivational
outcomes emerge when students from different countries work on real-world
software deliverables together? These questions guided the structure of the
course and data collection.

While COIL has seen widespread adoption in the humanities, business,
and communication disciplines, relatively few implementations have been docu-
mented in upper-division computing courses. This is a missed opportunity, par-
ticularly as modern video conferencing platforms like Zoom and asynchronous
tools like GitHub and Discord make cross-border collaboration more feasible
than ever [2], [3].

COIL enables instructors to pair their courses across institutions and coun-
tries, facilitating student engagement with authentic, international teamwork.
The model has evolved over more than a decade and offers structured ap-
proaches to curricular alignment, co-teaching, and shared assessment. Research
has shown that COIL projects enhance student motivation, intercultural aware-
ness, and professional communication even when participants have never met
in person or share a common first language [4]. In one study, students reported
growth in confidence, reflection, and public speaking skills after participating
in COIL-based assignments, even in asynchronous, English-medium contexts
[4].

Typical COIL implementations last 4-8 weeks and involve joint activities,
communication scaffolding, and shared deliverables. In computing, this format
aligns naturally with project-based courses, particularly when student teams
are asked to design, build, or deploy software artifacts. It also supports broader
institutional efforts to internationalize the curriculum and foster global citizen-
ship within disciplinary learning [5]. However, the integration of COIL into
technical domains remains rare and under-reported in the literature. This pa-
per contributes an experience report from a software engineering course that
embedded COIL in a way that balanced institutional constraints with peda-
gogical goals.
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2 COIL Implementation

In Spring 2025, a six-week COIL module was embedded into a Software En-
gineering course at a U.S.-based institution through a partnership with a fac-
ulty member from Panama. The project was developed through participation
in a Faculty Learning Community (FLC), which provided guidance on best
practices for intercultural course design, virtual engagement, and collabora-
tive assessment. To ensure that our COIL-based approach effectively prepares
students for real-world software engineering challenges, we aligned our course
design with findings from Garousi et al. [6], who conducted a comprehensive
review highlighting the necessity for educational programs to mirror industry
practices.

Instructional responsibilities were shared between the two instructors. The
Panamanian faculty member delivered three synchronous lectures focused on
HTML, CSS, and Web Forms. The U.S.-based instructor followed with an in-
teractive session on Servlets and JavaServer Pages (JSP), extending the techni-
cal concepts into backend development. In addition, the U.S.-based instructor
reviewed all weekly student progress reports, provided cross-team coordination,
and supported integration of frontend and backend deliverables. This instruc-
tional balance supported cohesion despite institutional differences in semester
structure and course level.

Lectures were conducted synchronously via Zoom and recorded to accom-
modate schedule differences. Due to mismatched academic calendars and local
timetables, the only overlapping time available for both institutions was a 75-
minute session on Tuesdays. Lectures were delivered primarily in English, with
Spanish used occasionally for clarification. COIL coordinators from both in-
stitutions also visited several joint sessions and class meetings to observe and
support the collaboration. Students were organized into international teams
and worked together using Discord for communication and GitHub for code
sharing. Although the course did not formally adopt a specific process model,
the six-week COIL module effectively operated as an Agile-style sprint with
weekly deliverables, while documentation and integration checkpoints followed
a more traditional waterfall structure, resulting in a practical hybrid approach.

All eight teams submitted working software by the end of the term. Panama
students contributed frontend code only; U.S. teams were responsible for back-
end implementation and, in most cases, for integrating the final product. In
several instances, integration could not be completed due to time constraints
or mismatches in technical experience, so teams submitted separate front- and
back-end deliverables. Omne standout project, a 2D tower defense game ti-
tled “Neques vs. Geese,” featured animal symbols representing each campus.
The game demonstrated how creative freedom and intercultural collaboration
can motivate students and produce technically complex, culturally meaningful
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outcomes. The COIL implementation also highlighted real-world challenges in
distributed collaboration: asynchronous teamwork, communication gaps, and
coordination delays, which were addressed through intentional design, weekly
reporting, and consistent instructional support.

3 Course and Context

The COIL module was implemented in Software Engineering, an upper-division
course for undergraduate computer science majors at a U.S. institution that
offers only a CS bachelor’s program. The course introduces students to the full
software development lifecycle with a focus on software design, documentation,
teamwork, and deployment.

The curriculum emphasizes core backend development concepts. Technolo-
gies explicitly covered included Java, JSP, JDBC, and multithreading in Java.
While the instructional focus was on backend systems, students were encour-
aged to explore other tools and platforms in their team projects. Notably,
technologies such as RESTful APIs and Spring were not part of the required
instruction.

The course was delivered in a hybrid format. Synchronous lectures were
held via Zoom and recorded for asynchronous access. Students also had access
to structured in-person support as needed. Students worked in stable teams
throughout the semester and submitted a capstone-style software product as
their final deliverable.

One important feature of the course was the weekly team report. This
practice aligns with established research emphasizing the value of regular re-
flection in software engineering education. For instance, one study [7] found
that weekly reflection surveys can effectively identify struggling teams early,
enabling timely instructional interventions. Incorporating such reflective prac-
tices not only promotes self-awareness and metacognition but also enhances
team collaboration and project outcomes. Each international team submit-
ted a structured self-assessment that detailed goals, completed work, obstacles
encountered, and next steps. These reports served both formative and summa-
tive purposes, allowing the instructor to monitor progress, offer asynchronous
support, and intervene when team dynamics or technical coordination issues
emerged.

The absence of a dedicated graphics course in the curriculum presented an
opportunity. Students with an interest in game development were encouraged
to pursue it as a final project. This flexibility helped students remain moti-
vated and apply their technical knowledge in creative, culturally relevant ways,
particularly within the framework of international collaboration.

A companion paper provides a comparative analysis of student experiences
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Table 1: Summary of Student Projects

Project Title| Tech Stack Key Features Integrated?

Neques vs. | Java, OOP, Cus- | Tower defense game, cul- | Yes

Geese tom GUI tural mascots, grid logic

Social ~ Chat | Java, JSP, Web- | Real-time messaging Yes

App Sockets

Medical JSP, MySQL, | Appointment system with | Yes

Scheduler JDBC role views

PDF to Audio | Java, Google | Accessibility document-to- | Partial
TTS API audio tool

Finance Java, JDBC Expense tracking with ex- | No

Tracker port features

Do-Gether Servlets, Multi- | Task sharing with schedul- | Yes

Task Manager | threading ing logic

Leaderboard Java + Go (Web- | Realtime leaderboard and | Partial

System Sockets) login

Second Chat | Java, REST, JSP | Chat app with token auth Yes

App

and learning across institutions, including professional, collaborative, and in-
tercultural dimensions, as well as a more extensive discussion of instructional
lessons and limitations [8].

4 Student Projects

Students collaborated asynchronously using GitHub for version control and
Discord for team communication. Each team documented their progress through
weekly reports and submitted a design document, presentation, and code repos-
itory at the end of the term. Most projects were jointly developed, with Pana-
manian students contributing front-end components using HTML and CSS,
while U.S. students implemented server-side logic using Java, JSP, and JDBC.
In several teams, these components were successfully integrated into a single
functional application; in others, integration was attempted but ultimately sub-
mitted as coordinated front-end and back-end artifacts due to time constraints
or differing levels of experience (see Table 1). Projects ranged from real-time
chat platforms to task-sharing utilities, scheduling systems, accessibility tools,
and an online leaderboard application.

All eight teams delivered working software by the end of the semester. Each
team included approximately four students from Panama and five to six stu-
dents from the U.S., spanning two course sections. One project stood out for its
technical complexity, cultural creativity, and motivational impact: a 2D tower
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defense game titled “Neques vs. Geese.” The game featured animals represent-
ing each campus: geese from the U.S. and neques from Panama, and reflected
the students’ interpretation of cross-campus identity and playful competition.
Built in Java with a custom GUI, grid logic, and object-oriented architecture,
the game exemplified what students can produce when given autonomy within
a supported design structure (see Figure 1).

Figure 1: Screenshot from the 'Neques vs. Geese’ game project, showing tower
placement and enemy movement.

5 Data and Findings

To evaluate the impact of the COIL module, both quantitative and qualitative
data were collected through final exam surveys. The exam included seven
COIL-related questions (see Table 2): six Likert-scale items (Q1-Q6) and one
open-ended reflection (Q7). A total of 45 anonymized student responses were
gathered across two sections. As the surveys are anonymized, and the activity
was part of classroom evaluation, this study falls outside of the purview of the
Institutional Review Board protocol.

The Likert-scale questions (Q1-Q6) asked students about their attitudes
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Figure 2a. Pre-project concems about cross-border collaboration (Q1)
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Figure 2c. Perceptions of meaningful collaboration through COIL (Q3)
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Figure 2e. Interest in future courses with international integration (Q5)
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Figure 2f. Perceptions of platform support for COIL delivery (Q6)

-
o}

Number of Responses
o
5

w

\ X v x
ot AN ke . e exten . oreat exre™
To T

Figure 2f. Q6 — Perceptions of
platform support for COIL delivery.

Figure 2: Survey response distributions for Q1-Q6 Likert-scale questions.
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Table 2: COIL Survey Questions (Q1-Q7)

Q# Survey Question

Q1 Before starting COIL project, I was concerned
with my ability to collaborate with students from
another country in a classroom setting.

Q2 The COIL project provided me with meaningful
opportunity to communicate with students from
another country.

Q3 The COIL project provided me with meaningful
opportunity to collaborate on a project (assign-
ment) with students from another country.

Q4 I am willing to participate in another international
program or project.

Q5 I am willing to take another course that connects
me with students from other countries.

Q6 The platforms (Canvas, Zoom, Panopto, etc.)
used for the virtual classroom meetings were sup-
portive.

Q7 COIL Reflection Journal: Please reflect (com-
ment) on your experience with the COIL course.
What did you think?

toward collaboration, communication, interest in future international experi-
ences, and perceptions of the tools used. Each question used a five-point scale
(e.g., “Not at All” to “To a Great Extent”). Survey response distributions for
each item are visualized in Figure 2 (panels a—f).

Q1 asked whether students were initially concerned about collaborating
across borders. Responses were mixed, with 10 students selecting “Not at All”
and another 10 selecting “Little,” suggesting that nearly half of the students
felt confident entering the international collaboration. However, 14 students
responded “Somewhat,” and a combined 13 students selected “To a Large Ex-
tent” or “To a Great Extent,” indicating that apprehension was still present for
a significant portion of the class (see Figure 2a).

In contrast, Q2 revealed a strong shift in tone. When asked whether the
COIL project provided a meaningful opportunity to communicate with inter-
national peers, 16 students selected “To a Large Extent” and 12 selected “To
a Great Extent.” Only 3 students expressed minimal benefit (“Little”), and
no students selected “Not at All” (see Figure 2b). This indicates that despite
initial concerns, students ultimately found the communication aspect of the
collaboration highly successful.

Q3 followed with a similar trend: most students agreed that the collabo-
ration itself was meaningful. 14 students each selected “Somewhat” and “To
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a Large Extent,” and another 15 chose “To a Great Extent” with only five
students selecting “Little” or “Not at All” combined (see Figure 2c¢). These
results suggest that while students experienced some variation in how well the
collaboration worked in practice, the vast majority saw value in the project
experience and intercultural teamwork.

Q4 asked students whether they would be willing to engage in another in-
ternational collaboration in the future. The results were strongly positive: 20
students selected “To a Great Extent” and 9 selected “To a Large Extent,”
meaning nearly two-thirds of respondents were enthusiastic about repeating a
similar experience. An additional 11 selected “Somewhat,” while only 7 stu-
dents selected “Little” or “Not at All” (see Figure 2d). This suggests that the
project not only met course objectives, but also sparked ongoing interest in
global academic engagement.

Qb further examined students’ openness to future international opportu-
nities by asking whether they would take another course that connects them
with students from other countries. Here again, responses were positive: More
than 75% of students expressed high interest. 16 students selected “To a Great
Extent,” 15 chose “To a Large Extent,” and 12 selected “Somewhat,” while only
4 students expressed minimal interest (see Figure 2e). These results reinforce
the idea that structured COIL projects can promote long-term motivation to
participate in global learning environments.

Q6 focused on the usability and support of digital platforms used during
the project: Canvas, Zoom, Panopto, Discord, and GitHub among others. This
item revealed the highest confidence overall, with 22 students selecting “To a
Large Extent” and 14 selecting “To a Great Extent.” Only 3 students selected
“Little,” and none responded “Not at All” (see Figure 2f). These results indicate
that students felt well-supported by the chosen tools and platforms, which may
have contributed to the high levels of satisfaction reported in Q2 through Q5.

When comparing Q1 with the remaining questions, a clear trajectory emerges:
although 27 students reported at least some apprehension about cross-border
collaboration at the outset (Q1), the subsequent items show that those con-
cerns were largely overcome through the COIL experience. Responses to Q2
and Q3 demonstrate that students not only communicated effectively across
cultures, but also found the collaboration itself to be meaningful. Their sus-
tained interest in future international coursework (Q4-Q5) and confidence in
the supporting infrastructure (Q6) provide compelling evidence that COIL
positively impacted student attitudes toward global collaboration. The shift
from concern to engagement suggests that thoughtfully designed international
projects can meaningfully reduce barriers and foster enthusiasm for intercul-
tural teamwork in computing education.

In addition to visualizing the Likert-scale distributions (Figures 2a—2f), we
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Table 3: Descriptive statistics for Q1-Q6 survey items
Question Mean SD  Top 2 Box (%)

Q1 272 1.23 27.7
Q2 3.79  0.90 99.6
Q3 3.79  1.04 60.4
Q4 3.85  1.20 61.7
Q5 3.89  1.02 66.0
Q6 3.94 0.86 72.0

calculated descriptive statistics for each item to support comparative analysis
(Table 3). Q1, which asked about initial apprehension toward international
collaboration, had the lowest mean score (2.72) and the lowest top-2-box per-
centage (27.7%), reflecting mixed comfort levels at the outset. By contrast,
Q2 and Q3, which addressed communication and collaboration experiences,
showed higher mean scores of 3.79 and top-2-box percentages above 60%, sug-
gesting that most students found the COIL structure both meaningful and
manageable. The highest top-2-box score appeared in Q6 (72.0%), indicating
strong confidence in the digital platforms used. These statistics reinforce the
qualitative and visual findings: students gained confidence and engagement as
the project progressed.

Figure 3. Thematic Coding Results from Q7 Reflections

Positive Emotion

Collaboration

Cultural Awareness

Learning/Insight

Challenges

15 20 25 30
Number of Student Mentions

Figure 3: Thematic coding results from Q7 reflections. Bar chart shows number
of students who referenced each theme in their open-ended feedback.
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The open-ended Q7 prompted students to reflect on their COIL experience.
All 45 responses were extracted and coded using thematic analysis. Results
were charted for clarity, grouped thematically, summarized and visualized in
Figure 3. Five dominant themes emerged: positive emotion (33 mentions),
collaboration (25), culture (18), learning (14), and challenges (12). Notably,
the most commonly cited theme, Positive Emotion, reflects a strong affective
impact from participating in COIL, supporting claims that international col-
laboration enhances both technical and motivational engagement. This aligns
with the survey findings from Q2 and Q3.

Sample reflections included: “I liked working with students from another
country. It made the project feel more real,” and, “Even though we had issues
merging the frontend, I still feel like we learned a lot about teamwork and pa-
tience.” These qualitative insights reinforced the trends seen in the quantitative
results.

Together, the survey data and reflections suggest that this COIL collabora-
tion met its learning goals. Students not only completed technical milestones
but also gained experience in intercultural communication and asynchronous
collaboration. The challenges they encountered did not detract from their
overall positive evaluations.

6 Discussion

Integrating a COIL module into an upper-division software engineering course
created valuable opportunities for technical, interpersonal, and cross-cultural
growth. The experience demonstrated that student motivation and project
quality can improve when learning is embedded in global, real-world collabo-
ration despite institutional constraints and resource disparities.

The standout project was not only technically complex, but also themati-
cally grounded in cultural representation. Featuring animals that symbolized
each university, the game highlighted what students could achieve when given
creative autonomy. It also exemplified the broader pedagogical goal of allowing
students to channel their technical skills into personally and culturally mean-
ingful work.

Across all eight teams, levels of collaboration and technical success var-
ied. While some teams successfully integrated frontend and backend compo-
nents from both institutions, others faced limitations in merging codebases
due to differences in technical experience, scheduling mismatches, or time con-
straints. These real-world software engineering barriers provided authentic
learning experiences. Students had to problem-solve across toolsets, commu-
nication styles, and institutional boundaries. Future implementations could
address these integration challenges by scheduling dedicated joint debugging
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sessions or leveraging shared continuous integration and continuous deployment
(CI/CD) pipelines.

The data analysis confirmed strong student engagement. More than 75%
of students expressed high interest in future international experiences. Over 30
responses mentioned the experience positively, and common themes included
fun, challenge, collaboration, and cultural awareness. Several students com-
mented on the reality of asynchronous team dynamics, noting that they felt
better prepared for industry settings as a result. Others reported that it was
their first time learning about Panama or engaging directly with international
collaborators. These reflections suggest that the project succeeded not just in
technical delivery, but in shifting students’ perceptions of global teamwork and
intercultural awareness.

Instructors also benefited from the COIL experience. The process of co-
ordinating across institutions, reviewing weekly reports, and guiding students
through real-world integration challenges offered insights into scalable collabo-
ration. The shift in student attitudes, from moderate concern in Q1 to strong
appreciation for communication and collaboration in Q2 and Q3, provides evi-
dence of COIL’s transformative potential. These results affirm the instructional
value of embedding structured global teamwork into upper-division computing
courses.

Several instructional lessons emerged from this COIL implementation, par-
ticularly regarding milestone structure, integration scaffolding, and coordina-
tion across academic calendars. These lessons, along with concrete recom-
mendations for future implementations, are discussed in greater detail in a
companion paper that analyzes both U.S. and Panama student perspectives
8]

While this study provides strong evidence of student engagement and per-
ceived value, the findings reflect only the experiences of the U.S.-based par-
ticipants. Due to differing academic calendars and the unexpected medical
leave of the collaborating instructor, corresponding survey data from Panama
students could not be collected during the study window. Future work will
involve gathering and analyzing feedback from the Panama teams to capture
a more complete picture of the cross-cultural collaboration.

7 Conclusion

The integration of a COIL module into an upper-division Software Engineer-
ing course enabled students to collaborate globally while applying core software
development skills. Despite institutional and scheduling challenges, teams suc-
cessfully delivered a range of web applications highlighting the motivational im-
pact of creative autonomy. Additionally, open-ended reflections (Q7) revealed
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a consistent emphasis on positive emotional experiences, suggesting that stu-
dents valued the human connection as much as the technical accomplishment.
Students entered the project with moderate concerns about international
collaboration, but survey results and reflections indicate that most found the
experience highly meaningful. Their enthusiasm for future cross-border projects
reinforces the value of structured, culturally embedded collaboration.

The project also provided instructors with insights into co-teaching, inter-
national coordination, and scalable global integration in technical coursework.
These results affirm COIL’s relevance for computing education and its capacity
to support both technical learning and intercultural growth.

We hope this experience report can serve as a guide for other instructors
seeking to implement COIL in computing courses, particularly those focused on
software engineering or project-based learning. Among the key lessons learned
were the importance of aligning calendars early, supporting integration with
shared tools and checkpoints, and preparing students for cross-cultural collab-
oration in a technical context.

Limitations related to sample size, institutional context, and the absence
of Panama survey data in this experience report are addressed more fully in
the companion analysis [8].
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Abstract

This paper is a case-study on integrating Smart Learning Content
(SLC) into a project-based undergraduate Python programming course
delivered through an online learning platform to community college stu-
dents. We showcase how practice-oriented SLC can be integrated in a
project-based course and examine the connection between SLC usage
and student learning outcomes. There are large publicly available repos-
itories of SLC materials, yet their integration into a specific course and
evaluation of its success are often not straightforward. By providing ac-
cess to several SLC types, such as program construction examples, code
animations, and Parson’s puzzles, we aimed to bridge the gap between
static conceptual reading and programming projects already present in
the course. To evaluate the integration of SLC, we released the aug-
mented course in the Spring 2025 semester to 252 students at 20 com-
munity colleges in the US and analyzed the interaction logs collected.

*Copyright (©)2026 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 and Motivation

Smart learning content (SLC), a broad set of interactive learning tools, offers
an important resource for learners in introductory programming classes to de-
velop a deeper understanding of complex coding concepts and competencies
[5]. Popular SLC examples developed by the Computing education commu-
nity include program visualizations [23], algorithm animations [20], interactive
worked examples [15], Parson’s programming puzzles [17, 11], and coding exer-
cises with self-assessment [6]. With increased adoption of learning management
systems, interactive programming textbooks [7, 19], online practice systems [4,
9], and personalized learning systems [25, 14|, multiple types of SLC can be
combined, helping students to have greater and varied opportunities to master
programming skills.

Although SLC in computing education can provide powerful tools that com-
plement the guidance and feedback provided by instructors, and several studies
in different computing courses demonstrated their learning benefits [8, 10, 21,
1], their practical impact has been much lower than expected due to its limited
use outside their home sites [5]. This is unfortunate. If carefully designed
to align with the specific needs and contexts of learners [12], and used in a
practice mode to complement rather than replace classroom instruction, the
growing volume of SLC could greatly benefit learners in under-resourced insti-
tutions, such as community colleges (CCs), which now serve a large number of
learners from underrepresented communities in STEM [13]. These learners of-
ten have fewer opportunities for hands-on experiences to support their learning
than their peers in 4-year degree programs [26, 27]. However, building early
momentum in introductory programming courses is crucial for learners’ reten-
tion and success. Without developing a deep understanding of foundational
concepts and skills, learners may encounter barriers to advance their career
opportunities in computing and transfer to four-year degree programs [24].

Despite the demonstrated ability of SLC to help less-prepared learners,
currently it is predominantly used in upper-level universities and colleges where
the presence of faculty familiar with SLC facilitates its adoption. In this paper,
we present our work on integration of four types of SLC into a regular learning
process at several CCs. We start the paper by explaining our approach to
integrating SLC in the CCs context, follow up with reporting the results of
our semester-long study, and conclude with a summary of lessons learned and
plans for future work.
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2 The Context: SLC Integration into an Existing Course

We integrated the SLCs in an introductory programming course named “Prac-
tical Programming with Python (PPP)”. PPP has a project-based learning
approach where each unit contains modules offering hands-on auto-graded
projects. This course has been delivered through the Sail() platform and has
been used by 950+ students in 40+ offerings at 30+ CCs since Fall 2022 after
its launch with the support of a National Science Foundation grant address-
ing the critical need for accessible, high-quality computer science education in
resource-limited educational settings.

The Sail() platform is a learning and research platform specifically designed
to deliver project-based learning (PBL) experiences in computing education
[3]. Students interact with real-world scenarios working on scaffolded tasks.
They submit their solution for auto-grading to get actionable feedback in min-
utes, so that they can iteratively learn through coding-testing-refinement cy-
cles. Auto-graded projects are at the center of the Sail() methodology, various
pre-project modules (e.g., conceptual reading modules, quizzes, and primers)
and post-project modules (e.g., reflections and online discussions) are used to
support learning. While students interact with the platform, it collects com-
prehensive learning analytics such as navigation patterns, submission content
with timings, assignment scores with detailed rubric breakdowns, and forum
participation.

The student population is highly diverse, and many part-time students bal-
ance educational pursuits with full-time employment or childcare responsibili-
ties [3]. Inrecognition of such unique challenges facing CC students, Sail() sup-
ports synchronous and asynchronous learning modalities. Institutions adapted
the course delivery to their specific needs and student populations [3, 16].
Sail()’s modular structure lets institutions customize the provided curriculum
by skipping some units or by delivering the course in two semesters to adjust
their scope.

The PPP course is designed as an introductory programming experience
for learners with minimal or no prior programming background, to build fun-
damental computational skills through hands-on applications. The overall goal
is to equip learners with the competencies needed to write small- to medium-
scale Python programs, preparing them for more advanced programming chal-
lenges and professional development opportunities in the technology sector.
The course contains nine units, each having larger programming projects on
which the learners can work individually. Although these large projects are
subdivided into tasks for scaffolding purposes, they still require sustained ef-
fort that often extends over several days (and sometimes over a whole week),
depending on the proficiency of the learner [18]. The first five units of the
course curriculum encompass core programming concepts to provide students
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with a comprehensive foundation in Python programming (see Table 1 for de-
tails). The following four units (not considered in this work) focus on software
development and data processing in different contexts such as web-scraping,
databases, and data analysis including visualization.

CS1 courses are generally considered challenging [2]. The inclusion of larger
projects with real-life scenarios, while valuable, has the potential to make a
course even more challenging. Promoting learners’ self-efficacy and enabling
their successful transition to real development environments is crucial in such
settings. Each unit of PPP provides pre-project components (i) to develop
knowledge and understanding through conceptual reading modules (with em-
bedded MCQs and quizzes), and (ii) to improve the required project-specific
skills through primer modules. Despite efforts such as embedding an interac-
tive programming sandbox within the conceptual reading modules, the PPP
course appeared to lack support for learners who may need more practice and
feedback in the transition from conceptual understanding to working on hands-
on projects. Unlike project-specific primers, SLCs seemed to be a good fit to
fill this gap.

2.1 Selection of Smart Learning Content (SLC)

To explore the value of SLC in the context of PPP delivered at CCs, we selected
four different SLC types to be integrated into the Sail() platform. We specif-
ically focused on openly available and popular types of SLCs, which demon-
strated their educational value in earlier studies [4, 10]. The selected SLC types
can be easily accessed from SPLICE ACOS server (https://acos.cs.vt.edu/), a
hosting platform that distributes reusable browser-based SLCs in an interop-
erable way [22].

Jsvee animations are Python code-tracing examples visualized at the
expression level using the Jsvee library [21]. Each example presents a complete
meaningful program that students can visualize step by step (Figure la) to see
the execution of the program.

PCEX-examples, a type of PCEX (Program Construction EXample) ac-
tivities [10], present worked code-construction examples. Each example con-
sists of a problem statement and a complete solution explained line-by-line
(Figure 1b). Using the “Explain the Program” button or clicking on the ques-
tion mark buttons of each line, students see the explanations and can get
more detailed explanations with the “Additional Details” button. On average,
each PCEX-example has 10.93 lines annotated with explanations (SD=7.05,
range=2-35).

PCEX-challenges [10] are simple code-completion problems. Like PCEX
examples, they include a problem statement and complete solution, however
one or more lines of code are removed. The students’ goal is to complete the
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Table 1: Distribution of the integrated SLCs

@
2
- 2
aQ, =]
g = <
[ 3] %) )
» =
& < § §
b P 5 5 —
4 8 8 £ £ 3
O O 7 u w o
PPP Course: First Five Units = T T E
1: Python Basics and Functions 8 9 7 8 2 34
2: Control Flow, Strings, Basic I/O | 26 38 - 5 - 69
3: Python Data Structures 10 12 - 4 - 26
4: Working with Files and Modules 2 2 - - - 4
5: Object-Oriented Programming 5 5 - 2 1 13
Total 51 66 7 19 146

code by selecting the correct lines from a set of distractors. Students get im-
mediate feedback and could try again or see a hint for incorrect lines. On aver-
age each PCEX-activity contains 1.20 PCEX-challenges (SD=0.45, range=1-3)
and each challenge has 1.80 (SD=0.85, range=1-4) masked lines.

JSParsons problems [11] is an implementation of popular Parson’s puz-
zles [17]—a type of code construction problem in which students must assemble
correct program solution (in this case, a Python program) by selecting, order-
ing, and indenting randomly shuffled lines of a correct solution. Students can
check their answer by clicking the “Check” button or click “Reset” to try again;
feedback on the student’s submission will also be provided.

The four selected SLC types offer a balance of worked examples and prob-
lems while supporting the acquisition of both program-tracing and program-
construction skills. For each SLC type, SPLICE catalog offers a large number
of activities developed by different research teams covering the key concepts
of introductory Python classes. These activities were used in multiple courses
beyond their home universities.

2.2 Integrating Smart Learning Content

To integrate the selected SLC activities with the “Practical Programming with
Python (PPP),” we began by reviewing the course to identify topics to be
covered and the target difficulty level. After several iterations of the review by
the authors, we selected 146 activities distributed to the first five units of the
PPP course as shown in Table 1.
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user enters. To read the input value from the user, we.
need to use the input() function. This statement
prompts the user to enter the first value, then reads
the text entered by the user and places it in the
variable input.a. The value that will be stored in
variable input_a s a string.

Construct a program that takes  user's inputs and multiples the inputs. Then p jpe of the result,

input_a = input("Enter the first integer:")

a = int(input_a)

# Step 3: Take the second input from the user
input_b = input(“Enter the second integer:")
b = int(input_b)

# Step 3: Multiply the two variables

c=am

) 06 60 0

print (type(c))

Figure 1: SLCs within the Sail() conceptual reading modules — (a) A code
animation (Jsvee) is shown on the top and (b) a worked example (PCEX-
example) on the bottom.

The next decision was about how to integrate SLCs into the course content.
After some trials and discussions, we decided to add SLCs as sets of activities
that can be completed after specific chapters, akin to traditional textbook
end-of-chapter exercises. Since SLCs may use different sets of concepts, or
artifacts together, this approach has been found to be more feasible to align
existing explanations and SLCs effectively. In this way, we explicitly encourage
practicing with the help of specific naming conventions like “Practice time: ...”
or “Parsons Puzzles: ...”.

Collecting learning logs from SLC was important. Since ACOS server
supports “pluggable” logging approaches, we implemented an ACOS proto-
col, which uses the Sail() JavaScript logging library to collect SLC logs on the
Sail() platform. The Sail() JS-logging library tagged the logs with contextual
information about their role within Sail(), identifying the user, course, and lo-
cation within the Sail() platform. A local instance of ACOS with the selected
SLCs was hosted on the Sail() infrastructure to ensure privacy of students’
data and comply with the IRB requirements. From the consolidated Sail() and
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SLC logs, we removed data from students who did not consent to research and
anonymized the remaining records to preserve student anonymity.

3 Experiences and Results

3.1 Demographics and Students’ Activity

SLCs were inserted into the PPP course, used by seven CCs (referred to as
CC-A to CC-G) in six states in the US. The total number of students enrolled
in sections for which SLC activities were offered was 252. The demographic
breakdown of students reflects the ratios typical of the domain (Figure 2a) and
the schools’ regions (Figure 2b), i.e., roughly 2/3 male, typically in their 20’s
and 30’s (Figure 2¢) and with a strongly bimodal distribution of weekly work
hours (Figure 2d).

The instructors used the course materials in different modalities: online,
face-to-face, or hybrid (some online, some in person). The CC-A section (148
students) was taught entirely online. The CC-B section (45 students) was
taught online, but with synchronized deadlines and zoom lectures by the in-
structor. Sections at CC-C, E, and G (30 students) were taught face-to-face,
and CC-D and CC-F (29 students) were a mixture of online, face-to-face, and
hybrid, depending on the course section.

In addition to general analysis of the learning data, we decided to investi-
gate the CC-A section by itself. The number of students in CC-A (148) was
greater than the total of all other sections of CC-B to CC-G. In addition to
the varying student counts, this gave us a chance to interpret data from a
specific modality perspective (online self-paced). Considering that these SLC
activities were optional, while students have to complete challenging project as-
signments, we can expect a decrease of their use. So, understanding how these
SLC activities are used would provide a good point to focus on to improve the
learning experience of students in general and in specific modalities.

Figure 3 shows a retention curve for a CC-A section, showing the percent-
age of students attempting the main Sail() projects in each of the subsequent

a) Gender Distribution b) Race/Ethnicity Distribution c) Age Distribution d) Work Hours Distribution
wer I s> > | e e > 4% 1019 I 15.9% oo - 5 o

R ——— i 2029 - 31 7% .

woman [0 5% Latinx S 14 5% oo E—— o 0
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Refused {1.2% Pacific 41.2% 60-69 11.2% so+ - <5 3%

Percent of students Percent of students Percent of students Percent of students

Figure 2: Distribution of characteristics for students who chose to answer the
optional background survey (about half of total number).
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Figure 3: Student use of SLCs did not drop off as much as attempts at for-
credit assignments. Orange = percent of students submitting a Sail() project;
Blue = percentage of students doing at least one SLC activity.

units of the class, alongside the percentage of students engaging with the SLC
activities. The decrease in Sail() activities over time is typical for this course,
and is one of our motivations for adding scaffolding activities such as SLCs, as
we are seeking ways to provide struggling students more ways to build their
skills and confidence during or before work on challenging projects.

3.2 Smart Learning Content Usage

It is important to clarify what we mean by use: for PCEX-examples and
Jsvee animations, simply opening the item can be considered “use”, as stu-
dents can engage by reading the code; they can engage further by viewing
explanations or navigating through code lines as needed. In contrast, for
PCEX-challenges and JSParsons problems, active interaction—such as sub-
mitting answer or moving tiles—is required to count as “use”. Of the 252
students (mean=36.0, SD=51.29, range=5-148, per college) enrolled and con-
sented to research in these sections, 40.87% (n=103, mean=14.71, SD=26.08,

Students' Usage Combinations of SLCs

103  rCEXx-examples [ ] I
65 PcEx-challenges
Ll Jsvee
os JSParsons
L ——
100 0 43 23 12 10 9 3 2 1

Intersection size

Figure 4: Distribution of students’ usage combinations of the four integrated
SLC types; bar-charts’ x- and y-axis represent number of students.
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Table 2: Summary of Log events by type.

Event type Events Students Student-usage*
PCEX-examples
Explanation views 2,006 59 6.30 + 4.43 (6.00)
PCEX-challenges
Result checks 3,230 60 3.15 £+ 1.74 (3.00)
Hint requests 553 44 1.78 £ 0.98 (1.63)
Explanation views** 595 36 5.62 + 3.19 (5.46)
Jsvees
Tracing steps 20,901 49  63.97 £ 50.79 (53.14)
Line views 1,809 48 5.81 + 1.96 (6.00)
JSParsons
Result checks 2,896 68 5.50 £+ 3.75 (4.39)
Tile moves 15,067 68 28.10 £ 15.65 (24.16)

*Student-usage reports Mean+SD (Median) of a; over students with E; > 1;
a; = E% Zf;l Cie, Where c;e is the event count in item e and FE; is the number of
items student ¢ used. **Solving PCEX-challenges unlock their line-by-line
explanations, like PCEX-examples.

range=1-73) used the integrated SLCs. Most (n=43) used a combination of all
four SLC types, 23 students used only PCEX-examples, 12 used a combination
of PCEX-examples/challenges and Parson’s puzzles, and the other 25 students
used different combinations of the SLC types (Figure 4). A noticeable portion
of students—46 students (18.25% of 252)—showed no active engagement in the
PPP course; with few exceptions, they neither submitted tasks nor interacted
with any SLCs. Table 2 provides descriptive statistics of important log events
for the used SLC types.

Each SLC type was used by students in multiple sections. PCEX-examples
were the most widely adopted, used in all 20 sections. PCEX-challenges and
Jsvee animations were both used in 11 sections, while JSParsons problems were
used in 13 sections; all of the SLCs were used by at least one student, except
for 5 (7.58%) of the PCEX-challenges. See Table 3 for summary descriptive
statistics of integrated SLC usage.

3.3 Student Performance and SLC Usage

The total scores for students who submitted at least one assignment were
slightly different between non-users (n=91, mean—=358.08, SD=239.28, Mdn=
338.00) and SLC-users (n=102, mean=405.17, SD= 208.98, Mdn=375.50);
however this difference is not statistically significant (p=0.146). Figure 5 shows
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Average Score vs SLC Usage Ratio
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Figure 5: SLC Types’ Usage Ratio vs Students’ Total Score; plots include
linear regression line.

the correlation of SLC types usage with the students’ total score (in all col-
leges). Across all SLC types, increased usage is associated with higher average
scores; however, the correlations are weak and statistically not significant. A
similar correlation can be observed between students’ average success rates for
PCEX-challenges and their total scores (r=0.0859, p=0.5140), however, as seen
in Figure 6 for JSParsons problems the correlation is moderate and statistically
significant (r=0.3982, p=0.0031). No significant correlation has been observed
between SLC use and student self-efficacy reported.

We examined the score differences among SLC and non-SLC users in one
of the colleges with the highest enrollment (CC-A) to further reduce the dis-

Table 3: Summary of SLC usage by type.

Measure Students Mean + SD (Median)
PCEX-examples used 103 22.00 + 15.66 (18.00)
Lines viewed 59 25.46 + 24.82 (20.00)
Time spent (mins)* 50 1:51 + 2:41 (0:58)
PCEX-challenges used 65 14.83 + 17.32 (6.00)
Attempts 65 2.64 £ 1.77 (2.38)
Time spent (mins)* 61 2:38 £ 2:03 (2:08)
Success rate** 60 49.48% + 22.34% (50.00%)
Jsvees used 49 6.16 + 1.55 (7.00)
Lines viewed 49 4.50 + 1.20 (5.14)
JSParsons used 68 7.90 £ 5.06 (8.00)
Attempts 68 5.50 £ 3.75 (4.39)
Success rate** 68 45.25% =+ 25.90% (50.13%)
Total SLCs used: 103 39.50 + 35.05 (28.00)

*Only 5secs—30mins sessions are included. **Success rate includes all attempts up to
and including the 1st correct one, with future attempts assumed to be exploratory.
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Table 4: Comparisons of Sail() project scores, over units 1-3, for students
who attempted a Sail() project (+Sail), and SLC’s effect on score. Analysis is
limited to sections where these units overlapped the data collection period.

Num. Students Mean Score
School | Total +SLC -SLC | +SLC -SLC | p-value
CC-A 110 70 40 | 220.30 164.75 | 0.0011
CC-B 35 11 24 | 253.09 232.04 | 0.3347
CC-C 12 6 6 | 229.50 192.17 | 0.2873
CC-E 6 1 5 77.00 238.40 | 1.0000

crepancies between colleges. We included students who completed at least one
task (n=119). Wilcoxon rank-sum (Mann—Whitney) test finds no statistically
significant differences in average score (mean) between SLC users and non-
SLC users (non-SLC: n=46; SLC: n=73; z = -1.32; p = 0.186). While SLC
users have a slightly higher rank sum (suggesting somewhat higher scores), the
evidence is not strong enough to conclude their average scores differ from non-
SLC users. Table 4 shows the comparison for several colleges with comparable
subsets of projects assigned.

4 Discussion

The correlation between SLC usage and improved performance on Sail() projects
suggests that providing students with an opportunity to practice can meaning-
fully enhance their learning outcomes. However, the data also indicate the
importance of sufficient engagement with SLC to obtain these benefits and the

PCEX-challenges JSParsons
x x
x x x x
800 x x x xxx x
w0l % x %X x * x x X, oxx %
4 x x
x x
g L * x X
S 400 /*___x_x-’x’—’ x x
1 x x 1 x $ 3
w x x % % *x e x x % xx* x X %
© x X x x x X x x
e 2004 x ’;“,eat x 1 « i«
x X x x x X x #* xx
01 x

0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0

Success Rate

Figure 6: Students Total Score vs their Average Success Rate in PCEX-
challenges and JSParsons problems; plots include linear regression line.
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engagement logs revealed differences in SLC usage among the CCs. We are try-
ing to explore several options to increase student engagement with SLC, such
as progress indicators and other tools that support self-regulated learning [4].
Interestingly, CC-A offering the course remotely (self-paced) had higher active
student ratios. We hypothesize that students used to self-paced courses might
have developed more robust self-regulated learning skills. This in turn suggests
that we may need to consider strategies on how to engage students whose skills
are not that developed.

Based on our findings, we recommend that institutions integrate multiple
types of SLC, as our data show that students benefit from diverse learning
supports. Second, our analysis indicates that successful SLC deployment re-
quires careful attention to institutional context. The variation in usage ratios
across institutions suggests that one-size-fits-all approaches are unlikely to be
effective. Third, the significant relationship between SLC usage and project
performance may suggest that these tools should be integrated into the core
curriculum rather than offered as optional supplements.

We need to note that our study relies on log data to determine SLC usage
which may not fully capture the quality of students’ engagements. Addition-
ally, the correlation between SLC usage and performance does not establish
causality, as higher-performing students may be more likely to use SLC. The in-
stitutional variation in our dataset poses difficulties in interpreting the results.
Different institutions may have varying levels of technological infrastructure,
student support systems, and pedagogical approaches that could influence SLC
effectiveness.

The lessons learned from our integration efforts may help instructors, in-
structional designers, and developers in similar future attempts. When in-
tegrating SLCs from a library into existing curricula, people may naturally
focus on SLC types, or they may have a tendency to start by matching the
topics and learning objectives between two resources. However, it is equally
important to first examine the underlying assumptions and approaches of both
systems. Similarly to making minor content revisions, the need for code ad-
justments (like dynamical height adjustment) in both platforms can be signals
of mismatching approaches or underlying assumptions. To avoid unexpected
consequences, these signals should be interpreted and addressed early in the
integration process.

5 Conclusions and Future Work

Our study demonstrates that SLC usage may correlate with improved student
performance in programming education. Our findings suggest that successful
SLC implementation requires institutional-specific strategies rather than uni-
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versal approaches, and that diverse SLC types provide complementary learning
benefits. Future work should explore causal relationships between SLC usage
and performance and investigate strategies for engaging students with limited
self-regulated learning skills.
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Abstract

This paper presents a digital learning framework, coLearn-Al (here-
after referred to as the system), that combines guided inquiry pedagogy
with intelligent, adaptive feedback mechanisms to support collaborative
learning in introductory programming courses. The system enables in-
structors to author structured inquiry activities, manage student groups,
and provide embedded AI guidance that scaffolds learning in real time.
Students work in groups and engage with progressively complex prob-
lems through exploration, collaboration, and reflection. The system in-
tegrates synchronous collaborative workspaces, turn-taking mechanisms,
and analytics dashboards that help instructors monitor student progress
at scale. A key innovation is the integration of Al-driven formative feed-
back (OpenAl API is used), where instructors embed Al guidance direc-
tives within activity files. These directives, visible only to instructors,
enable the AT module to provide context-aware feedback that aligns with

*Copyright (©2026 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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pedagogical goals. By bridging structured human facilitation with adap-
tive, intelligent tutoring capabilities, the system promotes engagement,
accountability, and deeper conceptual understanding. The platform has
been successfully deployed in multiple university courses for in-class work
since September 2025; instructors monitor progress through dashboards.
We report implementation status and early classroom use. This paper de-
scribes the pedagogical foundations, system architecture, activity model,
AT feedback pipeline, and group-learning mechanisms and outlines direc-
tions for formal efliciency evaluation and refinement.

1 Introduction

Introductory programming courses often face challenges, including uneven en-
gagement, limited opportunities for individualized guidance, and difficulty sus-
taining collaborative learning at scale [3]. These challenges are amplified by the
wide diversity of students’ prior experiences, technical backgrounds, and cul-
tural or social contexts. For many learners, particularly those with little or no
programming experience, courses can feel intimidating when peers appear sub-
stantially more prepared, discouraging participation and help-seeking and exac-
erbating feelings of exclusion or impostor syndrome. Traditional lecture-based
formats often fail to provide sufficient feedback or opportunities for students
to articulate reasoning or collaborate with peers. Prior work in computing
education has consistently shown that structured, collaborative, inquiry-based
learning can reduce these barriers while improving conceptual understanding,
retention, and problem-solving performance. One goal of our approach is to
create a supportive environment where students can work together, leverage
diverse perspectives, and engage with course material in a way that feels en-
joyable rather than threatening.

At the same time, the emergence of generative artificial intelligence presents
both opportunities and challenges. AT tools have the potential to provide
immediate feedback, help students identify misconceptions, and scaffold their
reasoning. However, unmanaged Al support may bypass learning objectives,
provide over-assistance, or conflict with pedagogical intent. As a result, there
is a need for learning environments where Al is tightly aligned with instructor
goals, supports guided reasoning, and integrates naturally into collaborative
activity structures.

To address these challenges, we developed an Al-enhanced guided inquiry
platform that blends the pedagogical strengths of Process-Oriented Guided In-
quiry Learning (POGIL) with a robust technical architecture for collaborative
programming instruction. The system enables instructors to author guided-
inquiry activities using a flexible markup language or Google Docs, embed
hidden AI directives that shape the nature of automated feedback, and deploy
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these activities to student groups working synchronously in class.

Within the system, students work in small rotating groups, adopting struc-
tured roles (e.g., facilitator, spokesperson, quality controller, process analyst)
that promote equitable participation, metacognitive reflection, and collabora-
tive sensemaking. The system enforces turn-taking, tracks active participa-
tion, and synchronizes workspaces in real-time, allowing groups to collaborate
through exploration, concept invention, application, and challenge cycles.

To ground the discussion that follows, Figure 1 presents the system ar-
chitecture and data flow, mapping instructor-facing services, storage, and Al
mediation, as well as the student collaboration workspace with its feedback
loop.

A distinguishing feature of the proposed system is its instructor-aligned AT
feedback layer. Rather than providing unconstrained assistance, Al responses
are shaped by hidden instructor-authored directives describing the depth, tone,
and structure of feedback. This preserves the integrity of guided inquiry by en-
couraging students to explain their reasoning and evaluate alternatives without
shortcutting the intellectual work of conceptual construction.

Client (Collaborative Workspace)

1) Submit response

Service Layer (APls, Ci ivity Mgmt, C: ion State)

2) Apply di = feedback 3) Run code — results

Instructor directives (hidden;
per-activity)
Al Mediation | Execution Runpers (C++/Python, sandboxed)

4) Persist atte

Data Layer (DB: activities, attempts, ; Redis: p ; Logs/Analytics)

A

Figure 1: System Architecture and Data Flow. A layered diagram depicting
client, service layer, AI mediation, execution runners, and data stores; arrows
show request/response paths for code execution and Al feedback.

The system incorporates a secure execution environment for C+4++ and
Python programming tasks, supports file I/O simulation, and logs student at-
tempts for analytics purposes. Its backend architecture supports multi-course
management, activity deployment, group monitoring, and data storage. To-
gether, these pedagogical and technical components enable instructors to scale
collaborative, inquiry-based instruction across many programming courses.
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To preview how guided inquiry integrates with Al-mediated feedback in the
proposed system, Figure 2 illustrates the activity cycle, highlighting the Al
touchpoints where responses are evaluated, nudges are generated, and analytics
are logged.

Explore
Ex: Predict output

Al: checkpoint

Challenge Concept Invention
Ex: Generalize / transfer Ex: State the rule

Al: nudge for

Al: minimal hint completeness

Application
Ex: Vary input / trace

Figure 2: Guided Inquiry Cycle and AI Touchpoints. The four inquiry phases
(Explore — Concept Invention — Application — Challenge) are overlaid with
AT interventions: directive-aware evaluation of submissions, generation of for-
mative prompts, and logging/analytics for reflection and instructor monitoring.

The remainder of this paper presents a comprehensive description of the
proposed system, including its pedagogical foundations, system architecture,
activity model, collaborative learning mechanisms, AT feedback pipeline, and
ongoing research and development plans.

2 Related Work and Pedagogical Foundations

Research in computer science education consistently emphasizes active learn-
ing and structured student engagement as key factors in achieving improved
outcomes. Guided-inquiry approaches, particularly those inspired by POGIL,
have demonstrated effectiveness in fostering collaboration, conceptual under-
standing, and student agency in introductory courses [3, 2, 7]. These methods
emphasize structured team roles, shared responsibility, and cycles of explo-
ration, concept invention, application, and challenge.

Collaborative learning has been shown to enhance students’ reasoning pro-
cesses by promoting explanation, peer instruction, and negotiation of meaning;
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these effects are especially relevant for programming tasks that require articu-
lation of strategy and justification of choices [4]. Inductive pedagogies (includ-
ing inquiry) provide a general framework for sequencing experiences, allowing
students to infer principles from evidence rather than receive them through
exposition [8].

In programming education specifically, inquiry structures have been used
to organize multi-stage reasoning and sustain engagement across problem se-
quences [1]. At the same time, work on AI in education and intelligent tutoring
systems (ITS) underscores both the promise and the constraints of automation:
systems can provide hints, formative feedback, and assessment at scale, but
must be aligned to pedagogical goals to avoid counterproductive over-assistance
[5, 9].

These strands motivate our design, which integrates guided inquiry, role-
aware collaboration, and instructor-aligned Al within a single system.

2.1 Active, Inductive, and Collaborative Learning

Active learning and cooperative structures are associated with improved out-
comes and equitable participation [3, 4]. Inductive pedagogies (inquiry-, problem-
, and discovery-oriented) sequence experiences so learners infer principles from
evidence rather than receive them solely by exposition [8]. For programming,
this translates into tasks that require learners to externalize strategy, predict
program behavior, test hypotheses, and justify revisions. We adopt this stance
for code-centric tasks where articulating strategy, justifying predictions, and
reconciling conflicting interpretations are essential.

2.2 Guided Inquiry / POGIL Lineage and Adaptation

POGIL supplies a well-studied template for structuring small-group work via
explicit roles and phased activities [2, 7]. Our adaptation follows a four-phase
sequence (Explore — Concept Invention — Application — Challenge) imple-
mented in a digital environment with lightweight role rotation and visible turn
histories. Teams work in groups of three or four; rotation is enforced gently to
foster equitable participation while maintaining a natural feel in synchronous
settings. Reflection prompts require students to cite program behavior as ev-
idence, reinforcing metacognitive habits noted in prior work [7, 4]. (See Fig-
ure 2.)

2.3 Instructor-Aligned AI Support

The AT in the system is not intended to function as an autonomous tutor, but
as a pedagogically constrained assistant. Its behavior is governed by hidden
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instructor-authored directives that specify the intended tone, level of scaffold-
ing, and criteria for evaluating student work; prompts occur at defined touch-
points in the inquiry cycle (see Figure 2). In each step, students first attempt
a response; the Al then issues targeted nudges, requesting a missing condition,
probing for evidence, or re-anchoring to the prompt, after which teams revise.
The goal is not simply to reach a “correct” answer, but to support students in
collectively constructing well-reasoned explanations and solutions that reflect
deepening understanding.
This approach ensures that

feedback remains aligned with activity objectives,

solutions are not revealed prematurely,

misconceptions are surfaced and addressed productively, and

guidance strengthens reasoning rather than encouraging answer-seeking.

This aligns with the findings of Lee and Moore [5], who emphasize the
importance of instructor oversight and scaffolding in Al-mediated formative
assessment.

2.4 Integrating Programming Work with Inquiry

Because many introductory concepts are best grasped by observing live behav-
ior, the system incorporates secure execution for C++ and Python. Students
explore, run, and revise code within the same collaborative activity where they
justify predictions and reconcile differences in reasoning. The coupling of ex-
ecutable artifacts with conceptual prompts helps students connect rules and
results, supporting debugging as a form of sense-making rather than trial and
error [1]. Reflection prompts close the loop by asking learners to name the idea
they now trust and how they would recognize or apply it in future work.

2.5 Gaps Addressed

Despite substantial progress in intelligent tutoring and auto-grading, most sys-
tems still optimize either individualized feedback or scalable assessment work-
flows, not the combination of structured collaboration, guided inquiry, and
instructor-aligned Al Systems that offer code execution often treat collabora-
tion as peripheral (shared editors without pedagogical roles) or treat pedagogy
as peripheral (auto-grading without inquiry). Likewise, Al feedback is often
generic, providing hints that may be technically correct but pedagogically mis-
aligned. Our system here addresses these gaps by binding three elements that
are rarely integrated and creates an interactive, web-based learning environ-
ment: (i) a role-aware collaboration model that makes equitable participation
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a first-class goal, (ii) a guided-inquiry activity structure that sequences ex-
ploration, generalization, and transfer, and (iii) an AI feedback layer that is
explicitly authored and constrained by the instructor [3, 7, 8, 5, 9].

Importantly, the proposed system is not intended to operate as an inde-
pendent or self-contained tutor. Its effectiveness depends on knowledgeable
instructors who design high-quality guided-inquiry activities and understand
how to shape the learning process. The system amplifies, not replaces, expert
pedagogy: Al guidance functions as an extension of the instructor’s intentions,
enabling scalable implementation of established learning practices rather than
attempting to automatically teach arbitrary content. In this way, the sys-
tem should be understood as an instructor-centered tool that leverages Al to
increase the efficacy and reach of well-designed learning experiences.

3 System Architecture

The system architecture translates the foregoing pedagogy into a responsive,
multi-service platform capable of supporting many sections and courses si-
multaneously. As previewed in Figure 1, the client renders activities and
synchronizes group work in real-time, while the server orchestrates activity
delivery, AT mediation, execution jobs, and data storage. A modern web front-
end coordinates collaborative editing, presence, and turn-taking; a service layer
exposes APIs for course management, activity lifecycle, and analytics; and a
relational database persists activities, rosters, attempts, and feedback. A col-
laboration service maintains low-latency shared state for group interactions.
When a prompt involves code, the request is routed to containerized runners
(C++/Python) that compile or execute programs with resource/time limits,
capture outputs, and return structured results linked to the group’s current
step.

The Al mediation service sits alongside these components. When students
submit a response, the server packages the response, the local context (e.g.,
earlier attempts, code output), and the instructor’s embedded directives. The
AT service interprets those directives to shape its response, deciding whether
to probe, nudge, or request clarification, and whether to ask a follow-up or
accept the response, allowing the group to move forward. All exchanges, such
as student drafts, code runs, Al prompts, and final submissions, are logged
for later instructor review and research analysis. Instructor dashboards also
surface basic learning analytics indicators to support timely intervention and
early warning [6].
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3.1 Activity Model and AI Feedback Layer

Activities are the unit of design that binds pedagogy to infrastructure. Each
activity is parsed into a structured representation of sections, question groups,
prompts, expected answer features, optional rubrics, code blocks, and instruc-
tor notes. This representation enables the client to render rich interactions
while giving the server sufficient structure to route code runs, validate formats,
and coordinate the AL (See Figure 1 for the end-to-end pipeline; Figure 2
shows where AI engages within the inquiry cycle.)

The AI feedback layer is invoked whenever a step carries an embedded di-
rective. Rather than answering the question, the Al examines the student’s
response against the author’s intentions. If a response appears partial, the
AT might request a missing condition; if it seems correct but brittle, it might
propose a counterexample; if it is off topic, it might re-anchor the group to
the prompt. In a code step, the AI may point out an observed discrepancy
between the expected and actual output and request an explanation, rather
than suggesting a wholesale fix. These behaviors are bounded by instructor-
authored directives, enumerated in Table 1, so that feedback should remain
formative, concise, and aligned with the author’s intent. To avoid stalls, in-
structors can enable a controlled progress-with-feedback path (e.g., “Checker
errors should not block”), allowing teams to advance when only minor issues re-
main while logging signals for later review. This preserves momentum without
compromising the focus of the inquiry.

When appropriate, the Al can also honor rubric language by flagging evi-
dence of specific criteria and recording that evidence for the instructor’s ana-
lytics [5, 9].

Activities authored in a lightweight markup or imported from Google Docs
are normalized into sections, prompts, expected features, rubrics, code blocks,
and instructor notes, allowing the system to route execution, apply rubric logic,
and coordinate AI (see Table 1).

3.2 Al Mediation: Model and Inference Specification

The platform uses a large language model (ChatGPT) as a formative-feedback
assistant. The base model is trained and maintained by the provider on li-
censed, public, human-generated sources. We do not fine-tune; instead, we
steer behavior through prompt conditioning grounded in instructor-authored
directives. Course artifacts are stored in our database and supplied only at
inference time; they are not used to train the base model.

At runtime, each feedback turn is built from a directive-aware prompt.
A concise system role defines the assistant’s function (“a teaching aide con-
strained by instructor directives and pedagogy”). Hidden directives authored
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Table 1: Examples of AI Directives and Pedagogical Intents. Directives are
hidden in activity files and shape feedback scope, tone, and gating during each
step of the inquiry cycle.

Directive Operational Effect on Pedagogical Intent
(hidden) Feedback
Follow-ups: Provide guidance only when Minimize
gibberish-only responses are empty, interruptions; respect
off-target, or incoherent; productive struggle
allow productive struggle
otherwise
Requirements- Highlight missing conditions;  Preserve inquiry; focus
only avoid giving strategies on completeness
Match sample Enforce exact Support assessment
output exactly labeling/ordering on final reliability
checkpoint
Checker errors Provide hints but allow Maintain momentum;
do not block progression after minor issues avoid over-scaffolding
Concise, Compress responses for fast Reduce cognitive load;
single-sentence rhythm in live collaboration keep teams talking
feedback

by the instructor (such as Follow-ups: gibberish-only, Requirements-only, Con-
cise feedback, Fail-open) specify tone, scaffolding bounds, and follow-up policy.
The context window contains only the minimum needed to reason about the
current step — activity and item identifiers, the prompt text, brief rubric
cues, paraphrases of tests or exemplars (not answer keys), and small, quoted
excerpts of the student’s code or output. For open-practice steps, we use
low-temperature sampling (temperature = 0.2) to produce succinct, targeted
nudges. For stricter checkpoints, an even lower temperature can be used. The
service expects a structured reply: a one-to-three-sentence rationale that cites
concrete evidence (e.g., line numbers or tokens) and, where configured, a com-
pact set of feature flags indicating missing conditions or misconceptions. All
responses are schema-validated and truncated server-side before storage or dis-
play.

Inference calls are issued by the Activity service against the OpenAl chat
completions endpoint with per-request credentials, rate limiting, and latency/-
cost logging. The web client (single-page application) renders feedback inline
during practice and suppresses hints during locked checkpoints while still col-
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lecting student justifications. All prompts and responses are recorded with
step metadata to support reproducibility and instructor oversight.

Privacy safeguards are enforced server-side. Prompts exclude personally
identifiable information (PII), including names, email addresses, IDs, and iden-
tifiable paths or comments. Only minimal excerpts needed for the current turn
are transmitted. Vendor training on our prompts and responses is disabled
where supported, and audit logs retain redacted prompts, model outputs, and
user actions with timestamps for later review.

This mediation layer makes the AI component a documented, reproducible
part of the system rather than a black box: model and interface are specified,
inputs are minimized and redacted, outputs are constrained by instructor intent
and validated for form and brevity. In combination with the activity model, it
yields feedback that is predictable in tone, bounded in scope, and inspectable
after the fact, and amendable to the evaluation metrics reported later, while
preserving the pedagogical primacy of guided inquiry.

3.3 Collaborative Group Model

The collaborative layer is designed to make equitable participation the default
rather than an aspiration. Figure 3 illustrates the collaborative group dynam-
ics, including rotating roles, turn-taking, and participation signals used during
each activity step. Each group’s workspace surfaces the “active student” and
a transparent history of turns, so that orchestration is visible and contestable:
students see when it is time to drive, and when to review. This visibility
matters because the benefits of collaboration only appear when conversational
obligations are distributed and when reasoning is externalized.

From the instructor’s perspective, a session is a moving field of small teams.
The dashboard provides a real-time overview of all groups in class, showing
which students are logged in, who is currently the active participant within
each group, and how far each team has progressed through the assigned ac-
tivity. Instructors can immediately identify stalled or struggling groups based
on progress indicators, common errors, or repeated Al guidance triggers, and
determine which teams may require additional support or intervention.

Because Al feedback is constrained by embedded directives, its prompts are
predictable in tone and scope, allowing instructors to rely on it as a partner
rather than an uncontrollable variable. Over multiple offerings of a course,
instructors can compare runs of the same activity to see how different cohorts
engaged, which items were consistently sticky, and how revisions to wording or
exemplars affected learning dynamics [3, 1].

Instructors can adopt the system incrementally, beginning with inquiry
activities and reflections, then adding live execution, and later enabling rubric
checkpoints or summative assessments. Reliability features (checkpointing,
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Group Workspace Instructor Dashboard (inset)

Student 1
(Facilitator)

Turn Timeline

Group A — on task
Group B — needs nudge
Group € — waiting

Student 2
(Spokesperson)

818283 -84

Evidence: cite output * explain rule « brief reflection

Student 3 Student 4
(Quality Gtrl) (Process Analyst)

Figure 3: Group Collaboration Model. An annotated sketch showing rotating
“active” role, shared workspace, visible turn history, and instructor overview
panel.

execution logs, and autoscaling runners) and basic analytics support timely
interventions and early detection of at-risk patterns [6].

4 Evaluation Plan and Early Observations

A mixed-methods evaluation is planned, combining learning outcome mea-
sures with process analytics and qualitative accounts of classroom experience.
The quantitative strand examines performance on near- and far-transfer items,
changes in error profiles on representative code tasks, and retention across the
term. The qualitative strand analyzes group transcripts, reflection responses,
and instructor field notes to understand how guidance, role rotation, and Al
prompts shape talk, explanation, and consensus-building [7, 4]. Preliminary
observations suggest that visible turn-taking smooths participation and reduces
dominance by a single strong student, while directive-aligned AI prompts are
effective at eliciting missing conditions and reframing off-track reasoning with-
out revealing complete solutions. These impressions align with prior findings
that inquiry structures and group roles can enhance equity and conceptual en-
gagement in programming contexts [1] and that AT feedback is most effective
when its behavior is guided by pedagogy rather than left generic [5].

The system has been implemented and is in active use in multiple university
course sections. The following summarizes the current status of the system
implementation:
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Activity authoring (markup + Google Docs import) — implemented
Grouping/turn-taking, real-time sync — implemented

C++/Python runners (containerized, resource caps) — implemented
AT mediation (ChatGPT via OpenAl API) — implemented

Assessment mode (single-learner lock, timer, hint suppression) — imple-
mented

Instructor review with audit trail, publish/finalize — implemented
Analytics warehouse & exports — partially implemented

Optional LMS sync — planned

Versioned item bank & regrade workflow — planned

We will also track how revisions to Al directives (e.g., shifting from “requirements-
only” to “default” follow-ups, see Table 1) affect student behavior and solution
quality across iterations. Dashboards will be augmented with early-warning in-
dicators to support timely intervention [6].

It is essential to note that the proposed system does not eliminate the need
for active instructor involvement. As with any group-oriented, collaborative
activity, instructors should monitor engagement, observe how well students en-
act their assigned roles, and intervene when groups struggle with collaboration.
Effective use of the system requires instructors to circulate, review group dash-
boards, and encourage equitable participation and serious engagement with
each question.

5 Limitations and Future Work

Several limitations remain. First, alignment of Al feedback with instructor
goals depends on the quality of directives; poorly specified guidelines can yield
prompts that are too terse, too leading, or insufficiently sensitive to the activ-
ity’s aims. Second, even with role rotation, groups can drift into asymmetric
participation; additional nudging mechanisms and analytics may be needed to
maintain balanced contributions [4]. Third, while the current runners support
C++ and Python well, broadening language coverage and improving multi-
file project ergonomics will be important for upper-division use. Finally, we
have only preliminary classroom experience; results to date are observational
rather than causal. These limitations motivate a more rigorous evaluation and
continued refinement of directive templates, authoring linting, and operational
safeguards (e.g., autoscaling runners, offline fallbacks). Future work will there-
fore focus on (i) directive authoring tools with previews and “safety checks,”
(ii) lightweight collaborative debugging views that make reasoning about state
a shared activity, (iii) adaptive group-formation and rotation policies informed
by process data, and (iv) an evaluation study that assesses the efficiency of
this pedagogical approach, such as learning achieved per unit of student and
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instructor time, comparing the system against strong baselines. The study will
investigate whether directive-aligned guided inquiry yields faster mastery with
equal or reduced instructional effort, while monitoring collaboration equity and
hint dependence as process indicators [3, 4, 1].

6 Conclusion

The proposed system combines guided inquiry, equitable collaboration, and
instructor-aligned AT into a single platform, making high-quality, discussion-
rich programming instruction feasible at scale. AI, under explicit directives,
becomes a reliable contributor to the learning process, capable of asking the
questions an expert tutor would ask. By treating Al as a controlled pedagog-
ical tool and by making participation structures visible and lightweight, the
system supports reasoning, reflection, and transfer rather than simply provid-
ing answers. Early deployments suggest that the approach reduces instruc-
tional bottlenecks and deepens conceptual engagement, while the architecture
provides a foundation for credible evaluation and iterative improvement. As
institutions seek sustainable ways to blend human facilitation with intelligent
tools, the system offers a model where pedagogy and automation reinforce each
other rather than compete.
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Abstract

The era of GenAl began with the release of ChatGPT 3.5 in November
2022. GenAl systems that can generate passable code for undergraduate-
level programming-focused courses require a shift in how student learning
is assessed and potentially in the content of these courses. Rather than
trying to create assignments that the current GenAl systems cannot eas-
ily generate code for, this paper suggests approaching the GenAl era by
updating assessments of student learning and incorporating GenAl into
the coursework. Small class sizes at small colleges provide an excellent
environment for experimenting with new pedagogical approaches.

1 Introduction

This paper serves as one example of how a programming-focused course was
adapted in light of GenAl systems that can produce passable code for under-
graduate level assignments. The November 2022 release of ChatGPT 3.5, its
later improvements, and a variety of similar systems caused shockwaves across
academia. These GenAl systems generate essays and computer code, provide
summaries of readings, and stand in for human tutors.

The subject of this paper is a 200-level computer science course focused on
software design and object oriented programming in Java. The course is offered

*Copyright (©)2026 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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at a small liberal arts college in the Northeast United States. This college has
approximately 2500 undergraduate students and the computer science major
graduates 20 to 40 students per year. The class described in this paper has a
capacity of 16 students per lab section with one or two lab sections combining
for a capacity of 16 or 32 students in the lecture class. In the semester discussed
in this paper, the class was particularly small with 6 students enrolled in the
lecture and lab class. The small class size enabled the professor to experiment
with new approaches in the classroom, including projects that benefit from
frequent check-ins and feedback while students are working on them. The
lessons learned during this semester can be applied to a future semester with
a larger class and to other colleges.

The goal of this paper is to explore pedagogical approaches that are appro-
priate for a programming-focused course in the era of GenAl. The pedagogical
approaches used for the course should be robust enough to be reused for many
years. The course design should be able to easily adapt as the code generation
capabilities of GenAl systems continue to improve. A second motivation for
this robust course design is so the faculty member does not need to redesign
the course every time they are assigned to teach it. At this college, the 100
and 200-level courses rotate among the computer science faculty based on a
variety of course scheduling factors. Sometimes a particular faculty member
teaches the same course multiple semesters in a row, and other times one or
two academic years may pass before a particular faculty member teaches the
course again.

This paper begins by reviewing related work about teaching computer sci-
ence during the era of GenAl. It then reflects on recent events that have im-
pacted computer science pedagogy including the COVID-19 pandemic and the
wide availability of GenAl systems. Then the paper presents how the particu-
lar 200-level software design course was adapted for the era of GenAl. Finally
the paper summarizes the lessons learned and looks forward to ongoing im-
provements in the pedagogical approaches for this course.

2 Related Work

Because GenAl systems are relatively new and their capabilities are frequently
improving, the review of related work mostly focused on papers published
within the past year (since mid-2024), with a strong focus on the papers pub-
lished in the SIGCSE 2025 proceedings. Due to the lag between when a paper
is submitted and when it is published, these related papers reflect GenAl as it
was in 2023 and 2024.

A literature review of papers published before June 2024 combined with a
survey of instructors and industry professionals in July 2024 provides a sum-
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mary of the state of teaching computer science in the early era of GenAl [§].
This study found students make the best use of GenAl when the instructor
provided guidance through a tool with built-in guardrails or instructions on
how to use the technology. Many of the surveyed faculty believe the presence
of GenAl changes the balance of the skills needed for software development.
There is now a stronger focus on the ability to understand and explain code
and less need for memorization of syntax. Some of the surveyed faculty predict
a branching of current computer science into two fields: “computer scientists
and conversational programmers”. However, as of mid-2024 there was not much
information about how to alter computer science classes to reflect this change
in the balance of skills. The main changes the surveyed faculty made to their
classes was to change their assessment practices to put less weight on code
written outside of class. Some faculty increased the weight of in-class exams or
have in-class proctored assignments, while others shifted assessments to focus
on the process of software development. Many faculty have concerns about the
privacy of students’ data in GenAl systems.

Another literature review surveyed papers published between January 2019
and June 2024 [9]. This survey found that students generally had positive
experiences with GenAl, although they expressed some challenges with creating
prompts that generated the desired output and with GenAl responses that
were not relevant or not accurate. Instructors found that students who used
GenAl had lower grades. These instructors expressed concerns about academic
integrity, whether students were learning the concepts, and whether students
were relying too heavily on the use of GenAl tools.

As computer science educators face changing how programming is taught,
the research of the top-down versus bottom-up approaches to teaching reading
and mathematics can be drawn upon for reference [12]. There is some evidence
that using LLMs for a top-down approach for learning programming leads
students to have an inflated sense of their competence and results in students
not understanding fundamental concepts. However, the authors acknowledge
the social context of learning programming and suggest that the use of LLMs
may help keep students engaged. They conclude by suggesting a balanced
approach to teaching programming that combines top-down and bottom-up
approaches. Much of the research on top-down versus bottom-up approaches
to teaching reading and mathematics has been conducted on young learners
in elementary schools. It will be important to continue this exploration in the
context of college-level learners. Another interesting avenue for exploration is if
there is a difference between students who have little to no prior programming
experience, such as in a CS0 or CS1 class, and those learning more advanced
programming skills or learning a second, third, or more programming language.

Computer programming combines two types of work: writing instructions
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for a machine to perform a series of operations, and creating a computational
solution for a problem. GenAl is relatively good at the task of writing instruc-
tions. It is now becoming more important for humans to focus on the creative
aspects of designing solutions [5].

Some faculty aim to design programming assignments that cannot be com-
pleted by GenAl [3]. However, the GenAl systems are continuously evolving.
The assignments that GenAl systems could not complete in one academic year
may be easily completed by the GenAl systems available in the next academic
year. Attempting to create GenAl-proof assignments results in a never-ending
race of professor against GenAl.

Another approach is to allow students to use GenAl. A study reported on
the use of GenAl by students in a database course [10]. This study examined
students’ use of GenAl for a database concepts problem that did not involve
SQL or other coding. The authors conclude that the use of ChatGPT led to
higher grades on the one problem but lower grades on the overall assignment
and course. They suggest students need guidance on how to use GenAl to
support their learning. Another factor that may have impacted the results of
this study is students self-selected which GenAlI use group they enrolled in. It
is possible that students who would have had lower course grades regardless of
using GenAl may have self-selected into the group that used ChatGPT. The
authors acknowledge that the individuals who self-selected into the group that
used a variety of other GenAl tools may have been more exploratory students
who are higher performers.

Industry is using GenAl for coding. In order to prepare students for a ca-
reer in software engineering, colleges will likely need to incorporate the use of
GenAl into computer science classes [1]. In 2025 there was a slowing down of
hiring recent graduates with computer science bachelors degrees due to correct-
ing the over-hiring that occurred in 2021 and 2022 combined with companies
hoping that GenAlI can do some of the entry-level programming work [11].
This slowdown of hiring by tech companies is balanced by overall tech hiring
due to the increasing reliance on technology in many other industries. On the
other hand, the code produced by GenAl often contains errors. Perhaps we
are currently in an era of GenAl hype that will soon pass [4].

3 Recent Events Impacting CS Pedagogy

The five years from 2020 through 2025 have been ones of continuous change in
how computer science courses are delivered. Prior to the Spring 2020 semester,
it was common for computer science courses to have heavier weight on exams
than on programming assignments. Ever since good web search tools and fast,
ubiquitous internet connections appeared in the 2000s, professors have known
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that a subset of students submit programming assignments that heavily draw
upon the work of others.

And then came March 2020. Suddenly just about everyone in the United
States shifted to online learning, including online exams students took using
their own computer. At this college, computer science classes were also fully
online throughout the 2020-2021 academic year. Because of the challenges of
giving and proctoring online exams, the course grade put more weight on pro-
gramming assignments and exams were modified to include coding problems.

Computer science classes at this college were back on campus in the 2021-
2022 academic year but not back to normal. A student could be sent to iso-
lation for 10 days if they had close contact with someone who tested positive
for the COVID-19 virus. If many students in a class were in isolation at the
same time or if the professor was in isolation the course pivoted back to online.
Exams had to be flexible to accommodate one or more students taking it re-
motely. The Fall 2021 final exams at this campus were all remote because the
college decided to close the campus when Thanksgiving break started rather
than risking spreading the virus students acquired during their holiday travel.
The heavy weight on programming assignments and take-home coding exams
continued.

There was hope that the 2022-2023 academic year would settle into a new
post-pandemic normal. Then the release of ChatGPT 3.5 in November 2022
introduced another disruption to programming, and many other, courses. It
was a like a super-charged web search that handed students the code. The
chatbot had some odd output making it somewhat apparent when students
handed in the chatbot’s work instead of their own. Over time the chatbot
improved and became integrated into the popular development environments.
Distinguishing between a student’s work and the chatbot’s output became more
challenging. Programming assignments decrease in value when the chatbot’s
output can earn a passing grade.

Professors have been trying to figure out how to adapt assignments and
assessments to this GenAl era. Some quickly embraced the new technology
while others ignored it and hoped it would go away. Three years into this
era it seems that GenAl technology is here to stay. The challenge now is to
use pedagogical approaches that will stand the test of time as GenAl systems
continue to improve, and to adapt course content to ensure students have the
experiences and skills they will need after graduation.

4 Adapting a Software Design Course to the GenAl Era

This section focuses on adapting a software design and object oriented pro-
gramming in Java class to the GenAl era. In the semester this paper focuses
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on, the class had six students. Quantitative results are not possible with this
small of a class. In general, gathering an adequate amount of data for quanti-
tative results from classes at this college would require compiling results from
multiple semesters. Because of the small class size in the semester studied,
qualitative results were not gathered because it would be challenging to main-
tain anonymity. The benefit of the small class size is it enables trying different
ideas, including ones that involve a significant amount of faculty time and at-
tention given to individual students. The experiences gained from this course
can then be reflected upon and modified to be deployed in future classes and
can be studied with larger numbers of students.

The weighting of various course activities in the students’ grades in this
course can be roughly divided into three eras: the pre-2020 era, the COVID
era, and the GenAl era. Table 1 shows the contribution of different activities
toward the course grade in three different academic years representing these
eras.

Students have been able to easily find solutions and get outside assistance
on assignments since the web became widely used in the 2000s. Prior to the
COVID-19 pandemic, it was common for Computer Science courses at this
college to have one or two midterm exams and a final exam count toward a
large portion of the course grade. For example, in the 2017-2018 academic
year, a similar course had 60% of its points from in-class exams.

The COVID-19 pandemic led to remote instruction in Spring 2020, and
this Computer Science department had remote instruction for the entire 2020-
2021 academic year. In the 2021-2022 academic year, protocols to slow the
transmission of the virus resulted in a remote final exam period for Fall 2021
and the need throughout the academic year to accommodate students remotely
taking exams while in mandatory isolation. These remote exam conditions
combined with a desire to accommodate students’ heightened anxiety around
high-stakes assessments resulted in lower weight on exams and higher weight
on programming assignments. The COVID pandemic provided useful lessons
on assessing student learning. Continuing some of the flexibility in types of
assessments and in how and when assessments are given continued beyond the
crisis of the pandemic because faculty found these adjustments better address
the diverse needs of learners.

Currently, in 2025, the availability of GenAl systems that can often produce
passable code for assignments is pushing assessment back to timed, in-class
tests. This section describes how lessons from the COVID era are incorporated
into the shift back to higher weight on in-class assessments and how this course
is adapting to the reality of the GenAl era. In-class tests are discussed first as
they are the largest component of the course grade. Next, the use of program-
ming projects that incorporate student choice is discussed. The last parts of
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Table 1: Components of Course Grade in Various Academic Years

Pre-2020 Era COVID Era GenAl Era
AY17-18 AY22-23 AY25-26
Timed Exam 1 17% Midterm Exam 20% | Lower Exam 10%
Tests Exam 2 17% Final Exam 20% Higher Exam 15%
Final Exam 26% Final Exam 20%
Quizzes 15%
Total 60% 40% 60%
Outside Homework 30% Homework 30% Homework 15%
Class Projects 20% Projects 20%
Total 30% 50% 35%
In Lab Problems 10% | Lab Problems 5% Participation 5%
Class Participation 5%
Total 10% 10% 5%

this section address what is perhaps the more important long term adaptation:
an explicit recognition of the availability of GenAl and the potential impacts
of GenAl on student’s learning and future career.

4.1 In-class Tests

As in-class tests become a larger component of a student’s course grade in the
GenAl era, the question arises of how to maintain the flexibility of assessment
used during the COVID era while ensuring the work submitted by students
is not unduly influenced by GenAl. This course utilized two approaches for
in-class assessments.

First was the traditional approach of two exams during the semester and
a final exam. A bit of flexibility was incorporated into the semester exams
by having each student’s lower exam grade count toward 10% of the course
grade and their higher exam grade count toward 15% of the course grade.
This provides some accommodation for a situation where the exam falls in a
challenging week for a student.

Second, on most weeks there was a ten to twenty minute quiz at the begin-
ning of the lab period. Weeks that had an exam or project due did not have a
quiz. This resulted ten quizzes during the semester. The quiz must be taken
at the scheduled time. To provide students the ability to miss some class days
or accommodate when a student has a challenging week, each student’s lowest
two quiz grades are dropped when calculating their course grade. The goals
of the quizzes are to have an in-class assessment of the out-of-class work that
was recently submitted, and to provide a lower-stakes opportunity for students
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to gain practice on the types of questions and with the environment for the
exams.

A major reason why short quizzes had not been used in the past was due to
uncertainties about how to handle the timed quiz for students have disability
accommodations for timed tests including extended time, distraction reduced
environment, and/or use of a laptop for testing. At this college, approximately
25% of the student population has testing accommodations. In some semesters
none or few of the students in a class have accommodations while in other
semesters around one third of the students in a class have testing accommo-
dations. Students with accommodations may take their tests at the college
testing center, or the professor may make other arrangements to provide ac-
commodations. Discussions with colleagues in other departments revealed that
other professors at this college successfully used short in-class quizzes. These
colleagues suggested making the quiz problems relatively straightforward and
giving more than enough time for students to complete the quiz. The quiz
procedures were discussed with the class at the start of the semester and stu-
dents who have testing accommodations were invited to have a discussion with
the professor about how to best meet these accommodations with the quizzes.
None of the students in the class discussed in this paper had testing accom-
modations. In future semesters, an idea for providing accommodations is to
have the student take the quiz in a conference room nearby the classroom and
start early enough so their extended time ends at the same time as the class is
finishing the quiz.

4.2 Programming Projects

Each of the two programming projects counted toward 10% of the course grade.
The first project is fairly structured and is an adaptation of an assignment
from the EngageCSEdu resource [7]. Using an abstract class that represents a
generic pet, students create a class for a specific pet of their choosing. Their
pet class must implement the abstract methods from the generic pet class
and additionally have some properties and/or actions that are specific to the
particular type of pet. This student-chosen aspect of the assignment is an
attempt to make it less prone to being easily completed using GenAl and to
motivate student engagement with the assignment.

Because of the small class size, it was decided to have an open choice for
the topic of the second programming project. Students were provided with a
list of required Java components to ensure their project utilized a variety of
topics from the semester. Over the course of the month spent working on the
second project, there were multiple checkpoints where the professor provided
feedback to each student about the progress they were making on the project.

For grading the projects, in addition to reviewing and running each stu-
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dent’s code the professor had an individual meeting with each student to dis-
cuss their project. While related work discusses ideas for structuring code
interviews in larger classes [2], the small size of this class allowed for less struc-
tured and more individualized discussions. Prior to the meeting the professor
reviewed the student’s project and made notes about aspects of the project to
discuss with the student. The goal of these individual meetings was to have
an opportunity to see how well the students knew their code with the hope
that this may reveal use of GenAl. For the most part, students appeared to
use GenAl within the acceptable boundaries. Students reported limited use of
GenAl for the projects and lacked knowlege of how to best utilize GenAl for
the class. When asked about their opinions of GenAlI students expressed hesi-
tation about using it for a class where they wanted to gain the knowledge. It
is acknowledged that students may not fully report their use of GenAl directly
to their professor.

4.3 Discussing GenAl

During the first week of the semester and near the end of the semester the class
took a pause from the regular topics to consider the use of GenAl in our class
and in programming more generally. Students read assigned readings, watched
videos, and suggested additional readings or videos.

Three readings were assigned in the first week of the semester [4, 5, 11].
These readings were selected after reviewing articles published within the pre-
vious 6 months in Communications of the ACM. Each of these is a short article
written for an audience with a general understanding of computer science and
programming; in other words, accessible to students in a 200-level computer
science course. For each article, students were asked to write a 1 to 3 sentence
response to the following two questions:

e What did you find most interesting about this article?
e Based on this article, is there something you have a question about or do
not agree with?

Students were also asked to provide a link to something they have read,
watched, or listened to that is related to GenAI and their education (with the
restriction that the media is a source available to the professor and classmates
without needing to create an account, other than the college library account).
Students then wrote a 3 to 5 sentence summary of that media item including
why they found it interesting.

Additionally, students were asked to write a 1 to 3 sentence response to two
summary questions:

e What are you challenged by or worried about regarding studying com-
puter science in the presence of Generative Al tools?
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e What are your thoughts about how this class can help you with studying
computer science in the presence of Generative Al tools?

Near the end of the semester, the class revisited the topic of programming
with GenAl. Based on discussions with individual students, they seem to not be
using GenAl to the extent the professor anticipated. While this is certainly a
positive outcome showing that students are engaged with learning the material
rather than taking shortcuts, the professor felt it would be beneficial to pro-
vide students with more guidance on using GenAl tools for programming and
selected a YouTube video produced by GitHub with a demonstration of how
to use the GitHub Copilot tool for programming with GenAI'. Additionally,
the class watched a video called "Learning Software Engineering During the
Era of AI"?, a recent TEDx talk that presents an optimistic view of software
engineering evolving to focus more on design than on coding.

4.4 Guidance on use of GenAl

On programming assignments, students were provided with guidance on ac-
ceptable use of GenAl. Two categories of recommended use were provided. As
detailed in Table 2 the guidelines for the category of “None or Mimimal” use
of GenAl suggests that students use examples from class and the textbook to
help them with writing the code, and consult GenAl with specific questions
about Java syntax. On the other hand, as detained in Table 3, the “Moderate”
category of GenAl use allows students to use GenAl for assistance with writing
repetitive code, unit tests, and Javadoc style comments.

Table 2: Guidance for None or Minimal Use of GenAl

e Use the example code from class and the textbook to help you write the
code for this assignment.

e You may consult GenAl with specific questions about Java syntax.

e In the header comment in your solution file: include a statement about
how you used (or did not use) GenAlI tools to help you with this assign-
ment.

Informal feedback from students indicated appreciation of this guidance.
The students in the class discussed their desire to learn how to program and
their understanding that in order to be successful computer science students

Thttps:/ /youtu.be/b5xcWdzAB5c
2https:/ /youtu.be/warG5GYIIA
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Table 3: Guidance for Moderate Use of GenAl

e Use the example code from class and the textbook to help you write the
code for this assignment.

e You may consult GenAl with specific questions about Java syntax.

e You may use GenAl for assistance with writing repetitive code (such as ac-
cessor and mutator methods), help with writing Javadoc style comments,
and assistance with writing unit test methods.

e In the header comments in your solution files or in the comments for a
method: include a statement about how you used (or did not use) GenAl
tools to help you with that part of the assignment.

and to become successful professionals they need to understand how to write
and read code. These two categories of guidance provided students with infor-
mation about when to focus on writing code without the assistance of GenAl
and when GenAl assistance is appropriate. This guidance specifically identi-
fies the types of repetitive tasks where GenAl can complete the task without
taking away from student learning.

5 Conclusions

At the time this paper was written, GenAl has been available for three years
and has continuously improved. GenAlI cannot be ignored; courses and ped-
agogical practices need to figure out how to adapt to it. The most useful
adaptations are those that will stand the test of time as GenAl systems im-
prove and change. In this era of GenAl, colleges with small classes have an
advantage both for the students and the faculty. As always, students benefit
from directly interacting with faculty in small classes. Through the relation-
ship students have with their professor they can discuss the impact GenAl
may have on their future career and can explore this and other new technolo-
gies. Professors have the benefit of getting frequent informal feedback from
students in a small class and can experiment with pedagogical approaches that
require interaction with individual students and detailed grading of program-
ming assignments. The pedagogical approaches explored in a small class can
be reflected upon and adapted to work with larger class sizes.
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5.1 Next Steps

At the end of the academic year the professor will reflect on what worked well
with these new pedagogical approaches and what needs improvement. The end
of semester course evaluations completed by students will provide additional
information about students’ perspectives of the course.

One aspect of this course that needs improvement is the open-ended pro-
gramming project. While this project was manageable with 6 students, in its
current form it would be difficult to scale to the maximum size of this class
at up to 32 students divided across two lab sections. One idea is to transform
this into a semi-structured project where students choose from a list of topics.
Some rough structure could be provided for each of the topics. Students could
also be required to work in pairs or small groups. The project discussions need
to be streamlined to take less time per student. One idea is to use questions
that are more targeted at specific parts of the student’s code. Another idea
is for students to give presentations in class, then for the professor to have a
shorter, more targeted discussion with each student.

The course will continue to evolve. Other types of assessments such as oral
exams [6] could be deployed in future semesters. It is possible that GenAT will
lead to a change in the skills and abilities companies expect from those com-
pleting a Bachelor’s degree. In this case, programming education may evolve
to focus more on design and testing and less on memorizing syntax. Small
classes at small colleges are well positioned to continue to adapt pedagogical
approaches to these ongoing changes.
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Abstract

This paper presents ConnectPlus, a full-stack project management
application designed to unify multiple collaboration features within a
single platform, including a dashboard, project workspace, messaging,
task tracking, alerts, and user settings. The system addresses a com-
mon challenge in group work: communication often becomes scattered
across multiple tools, leading to missed updates and fragmented informa-
tion. ConnectPlus provides a centralized environment where students,
instructors, and coworkers can manage tasks, share updates, and main-
tain project information in one dependable location. The application
is implemented using the MERN stack, MongoDB, Express.js, React.js,
and Node.js, with supporting middleware such as CORS, JSON parsing,
and environment configuration to ensure reliable server behavior. A key
feature is the integrated alerts system, which enables users to send im-
mediate notifications about needs, locations, or urgent updates, helping
prevent important information from being lost. Interface testing and
iterative development were conducted to ensure usability and confirm
improvements over basic prototypes. ConnectPlus serves as both a prac-
tical collaboration tool and a demonstration of full-stack development,

*Copyright (©2026 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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backend design, and scalable communication features. Additionally, the
project emphasizes educational growth, highlighting the learning pro-
cess involved in mastering React, Node.js, server-side rendering, security
practices such as AWS and password policies, and asynchronous com-
munication. This paper focuses on both technical implementation and
the development of full-stack software skills, demonstrating the value of
independent learning and hands-on project work.

1 Introduction

In academic and professional environments, group projects play a central role
in learning and workplace collaboration. However, communication and organi-
zation tools are often distributed across multiple platforms. Students may rely
on texting, email, and shared documents, while workplace teams frequently
switch between chat systems, task boards, and file storage tools. This frag-
mentation leads to lost messages, missed deadlines, unclear responsibilities,
and difficulties keeping team members aligned. As collaboration becomes in-
creasingly essential in both educational and professional settings, the need for
a unified, dependable workspace has grown. The proposed application was
developed to address this challenge.

The proposed ConnectPlus application provides a full-stack project man-
agement application designed to integrate essential collaboration features into
one platform. Its purpose is to offer a simple, reliable environment where
teams can communicate, assign tasks, track progress, and manage shared in-
formation without depending on multiple disconnected tools. Whether the
context involves student collaboration, teacher—student coordination, or work-
place project teams, the application acts as a centralized hub where communi-
cation and work remain organized and accessible [geeksforgeeks2024mern,
bateman2021].

To achieve this functionality, the backend is implemented using Node.js
and Express, supported by a modular routing structure that separates major
features into well-defined components. Key capabilities include secure user au-
thentication, personalized project spaces, task management for creating and
tracking work items, group creation for structured collaboration, and shared
workspaces that keep updates in a centralized location. A notable feature is the
alerts system, which provides real-time notifications to inform team members
about urgent updates, assistance requests, or location-specific needs, ensur-
ing that critical communication is never lost. MongoDB, accessed through
Mongoose, offers persistent and structured storage for users, tasks, alerts, and
project data. Middleware such as CORS, JSON parsing, and environment, con-
figuration ensures reliable client-server communication. Together, these com-
ponents create a system that reflects real-world full-stack architecture while
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delivering practical value to end users [geeksforgeeks2023arch].

This project is designed as an independent study, and the student led all
development phases. The project highlights learning outcomes beyond the
code itself, including research, self-directed learning, and understanding asyn-
chronous communication, security practices, and interface usability. While sim-
ilar collaboration tools exist, the educational emphasis of ConnectPlus demon-
strates the practical skills acquired during independent study and provides
insights into learning full-stack development from the ground up.

The significance of this work lies in both its practical application and ed-
ucational contribution. Practically, the application addresses a common com-
munication challenge experienced by students, educators, and professionals.
Educationally, the project demonstrates core concepts in full-stack develop-
ment, backend API design, database modeling, and distributed system com-
munication. By integrating technical depth with real-world usefulness, the
system contributes meaningfully to both software development learning and
collaborative productivity.

2 Related Work

Many collaboration tools offer features like task management and file sharing
to help teams stay organized. Platforms such as Slack, Google Drive, and
Microsoft Teams support real-time communication and shared workspaces in
different ways. Slack emphasizes fast, channel-based messaging, while Google
Drive focuses on shared document storage and co-editing. These solutions
demonstrate various approaches to enabling teamwork, but they can feel over-
whelming for beginners or for groups that only need a lightweight tool for
a one-time project. This project addresses that gap by introducing a sim-
pler, developer-friendly project management application that blends essential
capabilities, task alerts, messaging, and basic collaboration, within a single
full-stack codebase. It uses React for the interface, Express for the server, and
MongoDB for data storage.

3 Methodology

The methodology for the proposed ConnectPlus application focuses on develop-
ing a unified collaboration system that integrates messaging, task management,
notifications, and workspace organization into one platform. Instead of treating
these capabilities as separate tools, the system merges them so users can move
naturally between communication and productivity without switching applica-
tions. A modular design approach is used, where each major feature, such as
authentication, alerts, messaging, and task tracking, is developed as an inde-
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pendent module with its own API endpoints and data models. These modules
communicate through well-defined interfaces, improving maintainability and
allowing the system to evolve as new features are added [bateman2021].

The proposed application is implemented using a three-layer architecture
composed of a React client, an Express server, and a MongoDB database.
Each layer performs distinct responsibilities while remaining loosely coupled,
ensuring that updates in one part of the system do not disrupt others. The
React frontend organizes the application into pages for authentication, dash-
boards, task views, alerts, and messaging. Vite is used as the build tool to
support rapid development and hot module replacement. The backend, built
with Node.js and Express, follows a domain-based structure where each feature
has dedicated route files and controllers, simplifying error handling, validation,
and business logic. This structure ensures that new features, such as a fu-
ture task-history module, can be integrated with minimal changes to existing
components.

The database layer uses MongoDB Atlas for its flexible document schema,
which supports quick iteration as features evolve. This flexibility was important
when adding fields such as task attachments, priority levels, and archived sta-
tus. The proposed architecture also allows for future expansion, including col-
lections for permanent task history or extended user activity tracking. During
the design phase, tools such as Figma and visual inspiration from dashboards
like Slack and Microsoft Teams guided the layout and interface decisions. The
implementation followed standard CRUD operations with controllers handling
data processing, field validation, and integration with Mongoose.

Additional tools such as Mailtrap for email testing, Thunder Client for API
verification, GitHub for version control, and Bootstrap for styling supported
development. Authentication was implemented using berypt for secure pass-
word hashing, validation rules for required fields and password complexity,
and email-based reset functionality through Mailtrap [thunderclient2024,
mailtrap2024].

4 Demo Description

The ConnectPlus demo highlights the core functionality of the early develop-
ment version of the project management system. Its purpose is to walk viewers
through the primary modules, such as login, signup, and the dashboard, while
demonstrating how users interact with the interface and how the system re-
sponds in the background. Although the platform is still under development,
the demo presents the structure, workflow, and key features, offering a clear
view of the foundation on which future enhancements will be built.

The demonstration begins on the login page, where valid credentials are
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entered to access the system. This step illustrates password validation, user-
name verification, and backend authentication through the database. After
successful login, viewers are brought to the main dashboard, which gives an
overview of the layout and provides navigation to the other major modules.

The My Tasks module is shown next. The demo walks through creating a
task by entering a title, assignee, dates, priority level, description, and attach-
ment type. Once submitted, the task appears in the task table after a state
update or page refresh. The demonstration then covers editing an existing
task, archiving a completed task using the completion checkbox, and perma-
nently deleting a task while storing its details in the Task History database.
The Summary /History view is also shown, displaying archived tasks separately
from active ones.

The Alerts module follows, demonstrating how an alert is created, stored in
MongoDB, and displayed on the alerts page after refresh. Fields such as title,
project name, description, priority, and creator are shown to confirm proper
database integration. The Messaging module is presented last. While still in
an early prototype stage, the demo shows static messages, the addition of test
messages, and the intended layout for future real-time communication.

Throughout the demonstration, viewers observe how the system handles
routing, state updates, form validation, and communication with the back-
end. The demo is significant because it showcases a functional and scalable
foundation for a full-stack project management platform in early development.
It confirms the successful implementation of authentication, structured navi-
gation, task workflows, alert creation, and initial communication features. It
also highlights the system’s potential for upcoming enhancements, including
real-time messaging and collaborative task interactions. Overall, the demo
validates steady progress toward a polished and deployable application. The
full codebase and project can be accessed on GitHub!.

5 Educational Integration

The development of ConnectPlus was carried out as an independent study in
full-stack development, providing a structured environment for hands-on learn-
ing and skill application. The student led all phases of the project, including
system design, frontend and backend implementation, database modeling, test-
ing, and evaluation. This active engagement allowed practical application of
core computer science concepts, including modular programming, data mod-
eling, CRUD operations, middleware design, and secure authentication. The
development process also reinforced experiential learning by bridging theory
and practice. React components, RESTful APIs, and MongoDB collections

Ihttps://github.com/Coop-3/Project-management-app.git
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were applied in real scenarios, connecting classroom-taught concepts to func-
tional software development. Middleware development reinforced principles of
error handling, input sanitization, and secure request processing, while browser
developer tools supported structured debugging and iterative testing.

The student explored key new concepts, such as asynchronous communi-
cation, server-side rendering, and secure authentication. This included under-
standing how encryption works and assessing security practices beyond using
standard libraries. While “improved usability” is claimed, user testing and in-
terface iteration were conducted to confirm enhancements in user experience.

Evaluation and testing of each module encouraged systematic problem-
solving, debugging strategies, and attention to reliable system design. Beyond
individual learning, the proposed ConnectPlus application serves as a valuable
teaching asset within peer-learning environments and formal coursework. The
project demonstrates how an independent study can expand knowledge from
basic web development skills (CSS, HTML, JavaScript) to advanced full-stack
concepts, including React, Node.js, database integration, security practices,
and asynchronous operations. The modular structure of the system, including
authentication, alerts, messaging, and task management, allows classmates to
collaboratively explore how distinct components communicate within a larger
architecture. This promotes peer discussion, shared debugging activities, and
cooperative design thinking. Instructors can reference the application when ex-
plaining secure login flows, CRUD operations, state updates, or error-handling
patterns, giving students concrete illustrations that reinforce abstract concepts.
The system also enables hands-on classroom engagement: students can extend
features, debug existing modules, or propose architectural enhancements, mak-
ing the platform a foundation for collaborative labs and peer-led mini-projects.

Overall, the proposed application demonstrates how self-directed develop-
ment, work can support CS pedagogy in full-stack development, software ar-
chitecture, and collaborative system design. It contributes to both learning
and teaching by linking theoretical instruction with practical development,
supporting peer collaboration, and providing a robust example of modern full-
stack software design.

6 Results and Discussion

The ConnectPlus project, an early-stage full-stack project management plat-
form, was evaluated for core functionality and system behavior. Testing focused
on prototype behavior, feature verification, debugging outcomes, and valida-
tion of the system architecture. Core modules, including authentication, task
management, alerts, and messaging, were examined for correct data flow, API
responses, and consistent storage within MongoDB. Interactions between fron-
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tend and backend components highlighted both the strengths of the modular
design and areas requiring refinement.

1. The task management module demonstrated the most complete func-
tionality. Task creation, updating, deletion, and archival workflows were
tested and validated. Tasks submitted via the frontend were stored in
MongoDB, updated accurately, and archived tasks were correctly moved
to the Task History collection for review or potential restoration. This
confirms effective distinction between temporary archiving and perma-
nent deletion, and that backend controllers and routing function as in-
tended. Figure 1 shows a screenshot of the task management interface in
action.

24 8 12

This week
Recent Tasks

Write proposal

Design mockup

Task Start Oue Progress Assignee

Now 20 Nov 24 — Alex
—

Figure 1: Task Management

2. The alerts module functioned reliably at a basic level. Alerts submit-
ted via the interface were stored in MongoDB with fields such as title,
project name, description, priority, creator, and resolved status accu-
rately recorded. The system verified that data flows correctly from fron-
tend forms to the database. Figure 2 shows a screenshot of the alerts
interface and database integration.

3. The messaging module currently serves as a placeholder, supporting static
messages and manual input. Demo messages rendered correctly, new
sample messages appeared in the container, and the layout remained
stable across page interactions. Real-time updates, user-to-user thread-
ing, message history, and advanced communication features have not yet
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Figure 2: Alert Module

been implemented. Figure 3 shows a screenshot of the messaging module
demonstrating its current functionality.

Messages
Sarah Parker
See you tomorrow!

JasonLee
Thanks for sending that!
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Emily, can you check the shared doc?

Thanks! You're awesome!

Wite 2 message [ sona |

Figure 3: Message Module

4. The dashboard module successfully loaded primary user sections, includ-
ing My Tasks, Projects, Alerts, and Settings, and demonstrated consis-
tent page routing. Visual components such as cards, icons, and summary
panels displayed expected placeholder data, reflecting the intended inter-
face structure.

System testing confirmed proper operation of authentication and database
interactions. User accounts were created with password complexity enforce-
ment, email validation, and secure hashing. Login attempts correctly verified
credentials, and errors were displayed for invalid attempts. Figure 4 shows the
input validation feedback for user registration and login, demonstrating the
functionality of login and registration interfaces. Task data, alerts, and user
credentials were stored consistently and reliably in MongoDB. Overall, results
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Figure 4: Input Validation Feedback for User Registration and Login

show that the proposed application provides a stable and scalable foundation,
with task management demonstrating strong functional readiness and alerts
and messaging modules establishing a framework for future development.

7 Conclusions and Future Work

The development of the proposed application ConnectPlus represents an im-
portant step toward a fully integrated project management platform for aca-
demic, workplace, and personal productivity environments. Testing and valida-
tion demonstrate that the core architecture is structurally sound and capable of
supporting expanded functionality. Task management showed the most reliable
results, including creation, updating, deletion, and archival workflows correctly
routed through Express and stored in MongoDB. Authentication and user man-
agement were successfully validated, confirming secure password handling, lo-
gin validation, and database storage practices. Alerts and messaging modules
functioned at a basic but verifiable level. Alerts can be created and stored,
while messaging supports static input. Advanced features such as real-time
updates, filtering, prioritization, role-based visibility, and threaded communi-
cation remain to be implemented. Future work for the proposed application
will focus on expanding interactivity and collaboration features, including:

1. Real-time communication: Implement WebSockets to enable live messag-
ing, automatic task updates, and immediate alerts.
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2. File management: Allow users to attach documents, images, and other
resources to tasks, messages, or alerts.

3. Enhanced interface: Refine dashboard visuals, navigation, and module
layouts to improve usability.

4. Advanced task and alert features: Introduce prioritization, filtering, no-
tifications, and role-based visibility to increase productivity.

These enhancements aim to evolve the proposed application into a polished,
scalable platform capable of supporting collaborative workflows. The current
prototype demonstrates a strong foundation in full-stack development, modular
architecture, and practical implementation of databases, frontend, and backend
principles.
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Abstract

Students frequently choose correct answers for incorrect reasons, leav-
ing traditional formative assessments unable to surface the misconcep-
tions that matter most for learning. We introduce Structured Post-
Evaluation Interviews and Remediation (SPEIR), a workflow that ex-
tends two-tier Justified Multiple-Choice Questions (JMCQs) with guided
discussions and targeted recovery opportunities to surface and address
those hidden misunderstandings. Implemented across ten course sec-
tions and compared with a traditional MCQ control, SPEIR showed
that correctness alone substantially overestimates understanding, while
per-question analyses revealed higher rates of fully correct reasoning in
SPEIR sections. Students who completed recovery quizzes demonstrated
notable gains, and instructors reported that SPEIR enabled efficient, fo-
cused feedback. These results suggest that SPEIR is a scalable approach
for integrating diagnostic assessment with timely remediation.
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for components of this work owned by others than CCSC must be honored. Abstracting with
credit is permitted. To copy otherwise, to republish, to post on servers or to redistribute to
lists, requires prior specific permission and/or a fee.
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1 Introduction

Formative assessment plays a central role in helping students refine their un-
derstanding, confront misconceptions, and strengthen emerging mental models.
A substantial body of work has demonstrated that regular, low-stakes assess-
ments can support conceptual change [12], improve motivation [3], and reduce
anxiety [2]. Yet many common formats, particularly multiple-choice questions
(MCQs), offer only a limited window into student thinking. Students can se-
lect the correct answer for the wrong reason, masking misunderstandings and
limiting instructors’ ability to target feedback.

Recent work highlights the need for assessments that focus not on what
students chose but why they chose it [6]. Two-tier formats move in this direction
by pairing correctness judgments with reasoning statements. Previous work in
this area introduced the Justified Multiple-Choice Question (JMCQ) format
[5], which was shown to surface misconceptions that traditional MCQs obscure.
However, identifying misconceptions is only the first step; instructors also need
a scalable workflow connecting diagnostic assessment to targeted remediation.

This work introduces SPEIR (Structured Post-Evaluation Interviews and
Remediation), a workflow that integrates diagnostic formative assessment with
guided reflection and opportunities for grade recovery. SPEIR extends the
JMCQ format by using its diagnostic insights to structure follow-up discussions
and remediation opportunities. The workflow aims to (1) reveal students’
underlying reasoning, (2) support just-in-time clarification of misconceptions,
(3) motivate purposeful restudy, and (4) provide a low-stress path for improving
performance and understanding. SPEIR can be implemented with varying
degrees of scaffolding, making it adaptable to courses with different levels of
student preparation and autonomy.

To evaluate SPEIR, we implemented the workflow across ten sections of two
undergraduate computer science courses taught by three instructors over three
semesters (approved by the college institutional review board #21-037). We
compared multiple implementations, including JMCQ-based SPEIR sections
and a traditional MCQ control section, and examined outcomes at the question,
quiz, and course levels. We also collected student perceptions of SPEIR’s
fairness, clarity, and impact on anxiety and motivation. This study addresses
the following research questions:

Does SPEIR help reveal errors, misconceptions, and misunderstandings?
Does SPEIR help structure the follow-up discussions?

Is SPEIR scalable and transferable to other subjects?

Does SPEIR help with student engagement and motivation?

Does SPEIR help reduce student anxiety?

AN O
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2 Previous Work

Formative assessment is most effective when it not only checks students’ perfor-
mance but also illuminates how they are reasoning through problems. While
low-stakes assessment has been shown to support conceptual change, moti-
vation, and self-regulation [3, 12, 7], many commonly used formats offer only
limited insight into student thinking. This is particularly evident in computing
education, where learners may select correct answers while relying on fragile
or incorrect mental models [2, 3, 11].

A recurring challenge is the diagnostic gap inherent in traditional MCQs.
As Hubbard et al. note, MCQs efficiently measure correctness but often ob-
scure the reasoning behind students’ choices, making it difficult to detect mis-
conceptions or partially-formed understanding [6, 9]. Comparative studies of
free-response, multiple-true-false, and other structured formats reinforce this
point: assessment design strongly influences the visibility of student reason-
ing [0, 15].

To address these limitations, researchers have developed multi-level and
reasoning-augmented assessment formats (most prominently in STEM educa-
tion), where students justify their selected answer choices. Early work by Trea-
gust [13] established the value of such approaches for diagnosing misconceptions
by explicitly pairing correctness judgments with reasoning statements. More
recent work in feedback research has highlighted the tension between diagnos-
tic richness and instructor workload, noting that free-response justifications
provide deep insight, but incur a high grading cost [14].

The Justified Multiple-Choice Question (JMCQ) format used in this study
was introduced to provide a middle ground: a structured two-tier assessment in
which students select both an answer option and a justification from a curated
set of statements [5]. Prior research on JMCQs showed that justification scores
are often substantially lower than correctness scores, revealing misconceptions
that correctness-only scoring masks. The JMCQ format also reduces instructor
workload compared with free-response approaches while retaining diagnostic
value. However, this work focused primarily on the assessment mechanism
itself rather than on how instructors might act on its diagnostic insights.

Although prior studies have examined the timing and structure of feed-
back [1, 4, 10, 14], few have explored a full, replicable workflow that combines
diagnostic question formats with structured remediation that is both scalable
and adaptable across courses. SPEIR is designed to fill this gap by providing
a systematic approach to eliciting reasoning, clarifying misconceptions, and
supporting targeted intervention in a low-stress environment.
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Course Semester | Prof-Section | Quizzes | Follow-up | N Students
Programming | S24 Al [§ Recovery | 27
Programming | F24 Al, A2, B3 6 Recovery | 30; 29; 21
Programming | S25 Al, B2 4 Recovery | 28; 15
Theory S24 Al, C2 7 Resubmit | 26; 21
Theory F24 Al 8 Resubmit | 15

Theory S25 Al 6 Resubmit | 25

Table 1: Study sections.

3 Methodology

The trials were run in two different computer-science courses at Smith College,
from Fall 2023 to Spring 2025. Table 1 shows the different implementations
using two courses: an introductory programming course in Python (graded as
S/U or Satisfactory/Unsatisfactory) and a theory of computation course (with
traditional grading) usually taken after a student’s sophomore year. One in-
structor (denoted with the letter “A”) participated in all semesters and courses,
and two other instructors (“B” and “C”) taught additional sections of the pro-
gramming and theory courses using the SPEIR protocol. In total, 10 different
sections in two different courses were taught over three semesters.

The trials were structured to address the five research questions outlined
earlier. To characterize the types of issues that SPEIR can detect and correct,
we extracted the distribution and frequency of correctness and justification
errors for every section, quiz, and student. In Fall 2024, one programming
section (A2) served as a control in which the full SPEIR workflow was used
but quizzes were delivered in a traditional MCQ format. This provided a
baseline for comparing the JMCQ format with an MCQ-only implementation
of the same workflow.

For statistical comparisons of quiz performance, we used non-parametric
tests due to the ordinal nature of the scoring. Pairwise comparisons were
conducted using the Wilcoxon rank-sum test, and the Kruskal-Wallis test was
used when three or more groups were compared, with post-hoc tests applied
where appropriate.

To examine the effects of differing instructional scaffolding, the workflow
was implemented in two remediation schemes. In the introductory program-
ming course, instructors provided a more structured, closely guided follow-up
discussion. In the upper-level theory course, students were expected to man-
age the review process more independently, reflecting the greater level of self-
regulation expected at that stage in the curriculum.

The SPEIR protocol was implemented in courses organized around intro-
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ducing a new topic every one to two weeks, each with defined learning objec-
tives. After each topic, students completed a homework assignment designed to
reinforce the newly introduced skills, followed by a short formative quiz. The
quiz served as an opportunity for both students and instructors to detect and
address emerging errors, misconceptions, and misunderstandings before they
solidified. Because the SPEIR workflow depends on making student reasoning
visible, the design of these quizzes plays a central role in how effectively the
protocol surfaces conceptual difficulties.

3.1 Format of a JMCQ quiz

Each JMCQ quiz has two components: a correctness choice and a justification
choice. The correctness component presents one correct answer and two dis-
tractors, each constructed to reflect a specific misconception. After selecting
an answer, students choose a justification from a curated set of statements ex-
plaining why each option is correct or incorrect. This structure makes students’
reasoning visible and enables automatic scoring.

JMCQs are designed around narrowly focused concepts and their associated
misconceptions rather than broad, catch-all questions. Creating these items
requires some initial authoring effort, but once written, they can be reused
with minimal overhead. Quizzes were administered and scored in Qualtrics,
which provided students with immediate feedback including their selections
and the answer key. All students received a brief tutorial and a non-graded
practice quiz to familiarize them with the format.

In the original IMCQ trials [5], post-assessment discussion was tied to re-
covery questions embedded in the next midterm exam. In that work, the au-
thors indicated that this structure encouraged students to restudy, it increased
exam length and offered limited point recovery relative to the effort required.
In the current study, those high-stakes recovery opportunities were replaced
with multiple short, low-stakes quizzes.

3.2 SPEIR with per-quiz recovery

The first remediation model was used in the introductory course, where stu-
dents typically benefit from closer guidance. In this version, students gained
access to a recovery quiz only after discussing their first-round results with the
instructor. The process proceeded as follows:

1. Students completed a first-round quiz. All quizzes used the JIMCQ format
except in the Fall 2024 A2 section, where traditional MCQs were used as
a control.
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2. Students scoring below a threshold (typically 80-85%) could opt to take
a recovery quiz. Before doing so, they were required to meet with the
instructor either one-on-one or in small groups during office hours to
review their results. The purpose of this discussion was to diagnose the
source of errors and clarify misconceptions.

(a) During the discussion, both student and instructor had access to
the student’s first-round responses and the quiz answer key, which
students were expected to review beforehand.

(b) For each incorrect or incorrectly justified question, the instructor
asked the student to explain (a) their original reasoning and (b) how
their thinking changed after reviewing the correct answer. These
conversations aimed to identify whether mistakes stemmed from
conceptual errors, flawed reasoning, or misinterpretations, and pro-
vided space for students to ask clarifying questions.

3. After the discussion, students received access to a recovery quiz contain-
ing items closely aligned with those in the first round. Grades from the
original and recovery quizzes were averaged and capped at the threshold
to ensure fairness for students not requiring remediation. This variation
has the effect of bringing to office hours those students who likely need
it the most, and remains within the committed time of the instructor.

3.3 SPEIR without per-quiz recovery

The second implementation of SPEIR was used in the theory course, where
students were expected to work with greater independence. In this version, the
post-assessment discussions with the instructor served as the final step of the
remediation process. Rather than completing recovery quizzes, students were
allowed to revise and resubmit the homework assignments at the end of the
semester. The intention was that insights gained from homework grading and
post-quiz discussions would enable students to produce clearer, more accurate,
and better-reasoned revisions. As in the introductory course, quiz results were
analyzed to evaluate the effectiveness of SPEIR across courses, semesters, and
instructors. These data allowed us to compare how the workflow operated
under differing expectations for student self-regulation and support.

4 Results

This section reports comparisons between SPEIR and control conditions, dif-
ferences across instructors, and patterns in correctness and justification per-
formance. We also summarize student attitudes toward the SPEIR workflow.
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4.1 MCQ vs Justification

Each JMCQ quiz produces a correctness score (M) and a justification score
(J), averaged to obtain the overall grade (G). Figure 1 and Table 2 summarize
results for the three programming sections in Fall 2024, where A2 served as
the MCQ-only control.

Across all JMCQ sections, justification scores consistently trend lower than
correctness scores. In a minority of quizzes, the difference between M and J
scores is statistically significant (Wilcoxon signed-rank test), but even when not
significant, the consistent downward shift in J highlights that many students
can select the correct answer while relying on incomplete or incorrect reason-
ing. This contrasts with the MCQ-only control section, where high correctness
scores provide no visibility into underlying misconceptions.

category G M J

ns * * ns ns -

1 2 3 4 5 6
quiz number

1 2 3 4 5 6
quiz number

ns ns ns ns ns ns
1001

~
)]

grade
3

1 2 3 4 5 6
quiz number

Figure 1: Prog F24 Al (top), A2 (middle), and B3 (bottom):
Correctness vs Justification Grades per quiz

249



Prof-Sec  Quiz  Treatment G M J D

Al 1 jmceq 90.00 100.00 83.33  0.0560
Al 2 jmeq 90.00 100.00 83.33  0.0250
Al 3 jmeq 56.67 73.33 53.33  0.0230
Al 4 jmeq 86.67 100.00 80.00 0.1810
Al 5 jmeq 100.00 100.00 100.00 0.0570
Al 6 jmeq 83.33  100.00 66.67  0.0020
A2 1 mcq 100.00  100.00 - -
A2 2 mcq 100.00  100.00 - -
A2 3 mcq 66.67 66.67 - -
A2 4 mcq 66.67 66.67 - -
A2 5 mcq 100.00  100.00 - -
A2 6 mcq 100.00  100.00 - -
B3 1 jmeq 93.33  100.00 86.67  0.2350
B3 2 jmeq 80.00 100.00 73.33  0.0590
B3 3 jmeq 63.33 73.33 53.33  0.0510
B3 4 jmeq 76.67 73.33 80.00 0.7970
B3 5 jmeq 93.33  100.00 86.67  0.0900
B3 6 jmeq 63.33 73.33 60.00 0.3970

Table 2: Stats summary for all programming sections. The p represents the
probability that the M and J distributions are similar.

4.2 Between-Section Comparisons

Instructor Consistency. The two SPEIR sections (Al and B3) show highly
similar correctness and justification patterns, suggesting that the workflow is
robust to instructor variation. Theory-course results show the same pattern,
with the exception of a level shift in Spring 2024.

Control vs. SPEIR. Correctness-only scores from the control section (A2) were
compared to correctness scores from the SPEIR sections using a Kruskal-Wallis
test. No significant differences in median correctness were detected, reinforcing
that correctness alone does not meaningfully distinguish treatments.

4.3 Per-Question Analysis

To better understand underlying reasoning, we analyzed the proportion of fully
correct answers per question (Mo, for correctness; Jo, for justification). Table 3
reveals two patterns in the results for Fall 2024. First, justification proportions
(Jo,) are consistently lower than correctness proportions (My,), reinforcing that
many apparently correct answers reflect incomplete understanding or guessing.
Second, the MCQ-only control section showed a general tendency to obtain
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lower per-question correctness than in the SPEIR sections.

Prof-Sec  Quiz NQs Mnpum  Jnum Mo, Jo,

Al 1 90 75 50 83.33 55.56
Al 2 84 69 47 82.14 55.95
Al 3 90 49 10 5444 11.11
Al 4 81 67 52 82.72  64.20
Al 5 90 83 68 92.22 75.56
Al 6 78 61 34 78.21 43.59
A2 1 84 53 - 81.0 -
A2 2 84 48 - 79.8 -
A2 3 84 25 - 63.1 -
A2 4 81 34 - 741 -
A2 5 69 36 - 754 -
A2 6 57 33 - 754 -
B3 1 60 53 44 88.33 73.33
B3 2 60 47 29 78.33 48.33
B3 3 63 38 18 60.32 28.57
B3 4 63 45 36 T71.43 57.14
B3 5 54 49 39  90.74 72.22
B3 6 21 15 11 7143 52.38

Table 3: Proportion of fully correct answers in the programming course. The
control (A2) shows lower proportions of correctness per question.

The consistently lower correctness proportions on the final quiz may partly
reflect the S/U-effect: once students received accurate grade projections,
those already assured of a “Satisfactory” grade in the course sometimes treated
remaining quizzes less seriously or skipped them entirely.

4.4 First-Round vs. Recovery Quizzes

Across all semesters of the programming course, paired comparisons show con-
sistent improvement on recovery quizzes for every section except one. Although
expected, these gains do not necessarily reflect improved understanding: in the
MCQ-only control, many correct answers on both attempts still masked mis-
conceptions. In SPEIR sections, improvement in justification scores provides
a stronger indication of conceptual change.

4.5 Student Attitudes

A five-point Likert-scale survey administered in Fall 2024 measured student
attitudes toward structure, fairness, anxiety, and workload. A sample of the
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M Strongly disagree M Somewhat disagree M Neutral ll Somewhat agree Ml Strongly agree

The quiz structure is fair

Discussing quiz results with the professor helped me understand the material better

The quiz structure was helpful in planning and motivating study

After obtaining the JMCQ results, | felt motivated to study the results to improve my understanding

After getting the results for the quizzes, | studied again to understand my mistakes.

In preparing for the quizzes, | studied the results of previous tests.

Having a chance to gain points back made me feel more motivated to understand my mistakes and correct my understanding.

A point-recovery quiz, after discussing the results, is a fair way to gain back points

The quiz structure was helpful in reducing anxiety

0 50 1

100 50 00

Figure 2: Survey responses for the Programming course in Fall 2024

most relevant questions is shown in Figure 2. Students expressed strongly pos-
itive views of the SPEIR workflow. They described the quizzes as low-stakes,
the discussions as helpful rather than burdensome, and the overall structure as
fair and clear. Notably, many students reported not restudying quiz results on
their own, underscoring the importance of the guided “just-in-time” discussions
that SPEIR provides.

5 Discussion

In addition to the quantitative results, the implementation of SPEIR yielded
qualitative observations that clarify how and why the workflow functions in
practice. These insights, together with the empirical findings, illuminate stu-
dent reasoning, instructor experience, and the affordances of reasoning-centered
formative assessment. The sections that follow interpret our results through
the lens of the five research questions that guided the study.
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5.1 RQ1: Does SPEIR help reveal errors, misconceptions, and
misunderstandings?

Our results show that SPEIR reliably surfaces gaps between performance and
understanding. Across semesters and course levels, correctness scores were
consistently higher than justification scores, replicating prior findings on JM-
CQs [5]. These discrepancies indicate that correctness alone substantially over-
estimates student understanding. Per-question analyses, when taken in con-
junction with the MCQ-only over-estimation of understanding, revealed that
SPEIR sections demonstrated a tendency to show higher rates of fully cor-
rect reasoning than the MCQ control section, highlighting the diagnostic value
of requiring students to articulate (or select) justifications. Moreover, instruc-
tors observed that the structured justification component made misconceptions
easier to identify and categorize during follow-up conversations. The combi-
nation of student responses, paired justifications, and an answer key provided
a coherent framework for diagnosing whether an error stemmed from a mis-
understanding of concepts, flawed reasoning, or misinterpretation of question
wording.

5.2 RQ2: Does SPEIR help structure productive follow-up
discussions?

Both in-class and office-hours discussions benefitted from the structure pro-
vided by JMCQs. In-class reviews typically took only 10-15 minutes, while
office-hours conversations generally lasted 5—10 minutes per student or group.
In both contexts, instructors reported that the availability of student-selected
justifications allowed them to target misconceptions directly and maintain con-
sistency across sections.

Students’ behavior also reflected the utility of the structured follow-up.
Although survey results indicated that students did not routinely restudy as-
sessment results on their own, they consistently reviewed their answers prior
to meeting with the instructor to gain access to recovery opportunities. This
suggests that SPEIR’s follow-up mechanism acts as a just-in-time motivator
for meaningful reflection.

5.3 RQ3: Is SPEIR scalable and transferable to other subjects or
instructors?

Evidence across 10 sections taught by three instructors suggests strong scala-
bility. JMCQ items require an initial authoring effort, but instructors noted
that questions were reusable across semesters with minimal overhead. An ad-
ditional implementation using Moodle’s matching-columns tool yielded com-
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parable patterns, suggesting that SPEIR’s correctness/justification structure
can be delivered through multiple platforms.

SPEIR’s workflow also proved robust across instructors: results from dif-
ferent sections followed similar trends, with correctness and justification scores
displaying parallel patterns even when instructional style varied. One exception
appeared in a Spring 2024 theory section, where mismatches between lecture
terminology and justification phrasing likely contributed to lower scores. This
underscores the importance of close alignment between instructional language
and JMCQ construction but does not undermine overall transferability.

5.4 RQ4: Does SPEIR support student engagement and
motivation?

Survey results indicate that students perceived SPEIR as clear, fair, and helpful
to their learning. In particular, students responded positively to the recovery
quiz option. Many viewed it not merely as a chance to regain points but as
an incentive to restudy targeted material. Instructors observed that students
appeared more engaged and reflective during follow-up discussions than dur-
ing traditional MCQ reviews. A notable finding is the motivational leverage
embedded in the workflow: although students rarely revisited quiz results un-
prompted, they consistently prepared for their recovery discussions, revealing
that SPEIR’s structure supports engagement at the moment when it is most
pedagogically impactful.

5.5 RQ5: Does SPEIR help reduce student anxiety?

Students overwhelmingly reported that the SPEIR workflow felt low-stakes and
low-anxiety. Discussing results with an instructor before attempting recovery
quizzes helped reframe assessments as learning tools rather than evaluative hur-
dles. Instructors likewise noted that this environment encouraged struggling
students to seek help earlier, contributing to a narrowing of performance gaps.
Recovery quiz gains support this interpretation: most students improved sub-
stantially between attempts. While gains in the MCQ-only control may reflect
memorization, improvements in justification scores within SPEIR sections more
strongly indicate conceptual refinement, which in turn reduces uncertainty and
anxiety around future assessments.

5.6 Limitations and Future Work

SPEIR depends on careful alignment between the language used in instruction
and the phrasing of justification statements. When this alignment breaks down,
as seen in one theory section, students may struggle for reasons unrelated
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to conceptual understanding. Developing guidelines or tools for constructing
consistent JMCQs may help address this issue.

Our qualitative observations provided valuable context, but the study did
not employ a formal qualitative analysis framework. Future work incorporating
interview protocols, think-aloud studies, or coded written reflections would
deepen our understanding of how students reason through justification options
and how instructors interpret diagnostic information.

This study was conducted at a single institution across two computing
courses; broader replication is needed to evaluate generalizability. Investigating
SPEIR in other STEM and non-STEM disciplines, in courses with different
class sizes, and across institutions with varying student demographics would
help determine its broader applicability.

Finally, there is an opportunity to explore partial automation of the work-
flow. Systems that help generate justification sets, analyze common reasoning
patterns, or scaffold student reflection could reduce instructor workload and
support adoption at scale.

6 Conclusion

Taken together, these findings demonstrate that SPEIR provides a robust,
flexible framework for reasoning-centered formative assessment. It reveals mis-
conceptions that correctness-only approaches miss, structures efficient and pro-
ductive instructor-student conversations, scales across courses and instructors,
and offers motivational and affective benefits through supportive recovery.

6.1 Auxiliary Materials

For a detailed example of how to develop JMCQ questions, and comprehensive
versions of the tables and student responses, please visit the following site:
SPEIR Auxiliary Materials.
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Abstract

This paper examines how Generative Al coding tools impact com-
puter science education and describes instructional experiments con-
ducted across several courses that inform the design of a new Special
Topics course, Software Development in the GenAI Era. The newly de-
signed course introduces students to the evolving landscape of Al-assisted
development through five modules: The Stochastic Engine, Prompt &
Context Engineering, Vibe Coding, Agentic Coding, and Specification-
Driven Development. Drawing from classroom experiences, the paper
highlights how students respond to AI tools, where they benefit most,
and where they struggle with the verification and documentation prac-
tices required for responsible AI use. The goal is to offer a practical,
evidence-based framework for preparing students to become architects
and supervisors of Al-driven software systems, equipped with the foun-
dational CS knowledge and modern Al-native skills needed in today’s
rapidly evolving development environment.

1 Introduction

The emergence of Generative AI (GenAI) and Large Language Models (LLMs)
is transforming software development at a pace that challenges long-standing

*Copyright (©2026 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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assumptions in computer science education. Tasks that once required sub-
stantial programming expertise—prototyping interfaces, generating full appli-
cations, orchestrating workflows, and even coordinating autonomous agents—
can now be initiated through natural language descriptions. As Al tools evolve
from snippet generators to full collaborators capable of planning, reasoning,
and executing code, the role of the developer is shifting from manual coding
toward supervision, verification, and architectural design.

This rapid transformation raises important questions for educators. How
should introductory programming adapt when students can build functional
prototypes from a single prompt? What competencies do graduates need to
work effectively with agentic systems and specification-driven pipelines? And
how can programs preserve the rigor of traditional CS foundations while prepar-
ing students for Al-native development workflows?

This paper responds to these questions by examining recent instructional
experiments and presenting the design of a new Special Topics course, Soft-
ware Development in the GenAl Era. Drawing on classroom experiences, the
paper outlines a structured curriculum grounded in the evolving eras of Al-
powered development—Vibe Coding, Agentic Coding, Context Engineering,
and Specification-Driven Development. The goal is to provide a practical,
evidence-informed framework for teaching software engineering in a landscape
where Al is no longer optional, but an integral part of the development process.

2 Background and Motivation

The past few years have brought remarkable advances in Generative Al, re-
shaping software engineering in ways increasingly difficult to ignore. Tools
that once provided small conveniences—such as generating helper functions
or boilerplate—have evolved into systems capable of producing full proto-
types, reasoning through multi-step tasks, and even coordinating with other Al
agents. As a result, software development is no longer defined solely by writ-
ing code; it now involves guiding, verifying, and collaborating with intelligent
systems that participate in the development process.

For educators, these shifts raise important questions. What does it mean
to teach software development when students can generate a working program
from a single prompt? How do we prepare graduates for a world where devel-
opers must supervise Al agents, evaluate their outputs, and design the speci-
fications that govern them? Understanding how Al-powered development has
evolved—and how quickly it continues to evolve—is essential for contextualiz-
ing both our teaching experiences and the design of course modules described
in this paper. It also helps frame the changing expectations and emerging
practices that students will encounter as they enter the profession.
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2.1 The Snippet Era: AI as a Code Generator

The earliest stage of Al-assisted programming was modest in scope but still
exciting for developers (and CS students) encountering these tools for the first
time. Systems like GPT-3 and Codex could produce small, useful pieces of
code—functions, loops, class definitions, API calls, or short documentation
snippets—based on short prompts. These models behaved much like intelligent
autocomplete: they could respond quickly and helpfully, but they had no real
understanding of the broader system a developer was building.

During this period, AI tools served mainly as time-savers for repetitive
or boilerplate tasks. Developers still handled everything that required deeper
reasoning: integrating components, making architectural decisions, debugging
unpredictable behavior, and ensuring the final product worked correctly. While
the technology accelerated typing and reduced routine work, it did not funda-
mentally change the structure of the software development lifecycle. Developers
remained firmly in the driver’s seat—AI simply made a few parts of the ride
smoother.

2.2 The Vibe Coding Era: Al as a Rapid Prototyping Partner

As language models grew more capable and tools like Cursor, Claude Code,
and Al-enhanced IDEs became widely available, developers began using Al for
far more than small code snippets. Instead of asking Al to fill in missing lines,
developers increasingly relied on it to generate entire working prototypes from
natural language descriptions. This shift—often described as Vibe Coding—
moved software development toward an intent-driven process.

In this era, a developer could describe a goal at a high level—‘Build a dash-
board that ingests a CSV and visualizes monthly revenue”—and Al tools would
generate a complete, runnable project that met that specification. The role of
the human shifted from writing the code themselves to reviewing, correcting,
and refining Al-generated output.

While Vibe Coding dramatically accelerated early phases of development
and opened creative possibilities, it was not without challenges. Developers
frequently encountered hallucinations, subtle logic errors, and architectural
inconsistencies that required significant oversight. In many ways, Vibe Coding
expanded what developers could accomplish quickly, but also demanded a new
level of vigilance and critical evaluation.

2.3 The Agentic Coding Era: AI as an Autonomous Solver

The next major leap occurred when Al systems gained the ability not just to
generate code, but to act. With the introduction of agentic frameworks such
as the Model Context Protocol (MCP), LangChain, and LangGraph, models
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could perform multi-step tasks, call external tools, run code, fetch data, and
reason through their own plans.

In this era, AT systems began to behave less like sophisticated autocomplete
and more like autonomous problem solvers. They could:

e Use Tools: call APIs, query databases, read and write files, or even
initiate deployment steps.

e Plan: break down complex tasks into smaller steps before acting.

e Self-iterate: evaluate their own outputs and revise them.

e Collaborate: work in coordinated multi-agent teams—planner, devel-
oper, reviewer, tester—each specializing in a different part of the work-
flow.

For developers, this changed the nature of their work. Instead of directly
producing every component, they increasingly served as supervisors—setting
constraints, monitoring AI behavior, diagnosing failures, and ensuring that
agents stayed aligned with the project’s goals. Agentic Coding did not replace
the developer, but it redefined the developer’s role into something closer to a
system architect and quality overseer.

2.4 The Specification-Driven Era: AI as a Full Development Pipeline

As developers pushed beyond rapid prototyping (Vibe Coding) and began su-
pervising autonomous agents (Agentic Coding), a new challenge emerged: al-
though AT systems could now take on far more responsibility, they often did so
in unpredictable ways. Hallucinations, inconsistent design decisions, and archi-
tectural drift still occurred—sometimes amplified by the complexity of agentic
workflows. This created a natural need for a more disciplined framework to
ensure reliability, safety, and coherence.

This need led to the most recent and rapidly advancing stage of Al-powered
development: Specification-Driven Development (SDD). In this approach,
the developer focuses on writing clear, structured specifications—requirements,
JSON schemas, state machines, acceptance criteria—that define the behavior
and architecture of the system. Instead of coding directly, the human provides
the “blueprint,” and the Al generates the implementation, tests, and supporting
artifacts from that blueprint.

In an SDD workflow:

e The specification becomes the single source of truth.

e AT agents generate architecture, code, and tests directly from the speci-
fication.

e Verification is continuous and automated, ensuring that outputs remain
aligned with the spec.
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e Provenance and traceability are built in, making it possible to see how
each component was derived.

This paradigm forms the foundation of a new branch of software engi-
neering, named agentic engineering [1][2]. It shifts software development
away from writing code line by line. Instead, developers design and govern
intelligent systems that carry out implementation tasks autonomously under
human-defined constraints.

In summary, the four eras, Snippet, Vibe, Agentic, and Specification-Driven,
reflect a steady movement from manual coding toward intent expression, archi-
tectural reasoning, verification, and orchestration. Developers now collaborate
with probabilistic systems that can reason about requirements and execute
complex workflows, fundamentally reshaping the nature of software engineer-
ing.

STAGE 1: STAGE 2: STAGE 3: STAGE 4:
The Snippet Era The Vibe Coding Era The Agentic Coding Era The Specification-Driven Era
Al as a Code Generator Al as a Rapid Prototyping Al as an Autonomous Al as a Full Development
6 Partner Problem Solver Pipeline
enerates small, contextually
relevant code blocks (loops, Generates entire prototypes Uses tools, executes multi-step Interprets structured
classes, API calls) from prompts. from natural language plans, accesses external systems. specifications to generate end-to-
descriptions (prompts). end systems autonomously.

APl Database

Calls Interaction &
[J\ 9, .;)) P4 = [J\
= B S > — 5
Sooooooaas] - 4 (o] W
Boilerplate & = File Structured
— Helper Developer Natural Al Agenl\ Multi-Step Specification Al-Powered Full
Functions Language ~ Complete S Planning (Requirements, ~ Development
Developer Prompt Runnable — Schemas) Pipeline
Prototype Self-Step (Architecture, Code,
Heration Tests, Documentation)
Developer Role: Full Developer Role: Editor of Al- Developer Role: Supervisor of Developer Role: Designer and
responsibility for integration, generated artifacts. Verifies, intelligent agents. Guides governor of intelligent systems.
debugging, architecture. Al refines, and iterates. behavior, monitors errors, Focus on specifications and
accelerates typing. ensures alignment. constraints.

> OVERALL SHIFT: From Manual Coding -> Intent Expression & Architectural Reasoning -> Verification & Orchestration

Figure 1: GenAlI Shifting Software Development (Created with assistance of
AT

As Al capabilities continue to advance, computer science education must
evolve alongside them. Preparing students for the future requires teaching not
only how to write code, but how to design specifications, supervise autonomous
agents, evaluate model-generated outputs, and construct reliable, verifiable AI-
driven development ecosystems.
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3 Adopting AI Coding in Project Assignments

In recent semesters, the author has experimented with introducing Al-powered
development, workflows into several existing classes. These early trials helped
illuminate how students at different stages of the curriculum respond to Al
tools—how they balance automation with learning goals, how they approach
verification and documentation, and how Al changes their workflow and mind-
set. The observations from these courses provided valuable insights and directly
shaped the development of the new course presented later in this paper.

Two implementations, in particular, illustrate how students’ experiences
and attitudes vary depending on their academic preparation and confidence as
emerging software developers.

3.1 Web Programming Fundamentals (Sophomore/Junior Level)

In the Web Programming Fundamentals course, students work in teams on a
half-semester project that walks through the full lifecycle of web development:
from early ideation and requirements gathering, to wireframing and UX/UI
design, to implementation, testing, and deployment. Because students at this
level are still solidifying core concepts in front-end and back-end development,
AT tools were intentionally withheld at the start of the project.

Teams were required to design the system architecture and build a working
prototype manually, giving them firsthand experience with the challenges of
implementing a full web application. Ounly after completing and submitting
their initial prototype were students given two additional weeks to refactor
and enhance their work using AT coding tools.

This staged approach helped students appreciate the contrast between tra-
ditional development and Al-assisted workflows. It also ensured that they
acquired foundational knowledge—HTML/CSS structure, asynchronous logic,
debugging practices—before relying on Al for productivity gains.

3.2 Senior Capstone Course (Senior Level)

In the Senior Capstone course, students had considerably more autonomy in
how they approached their final projects. Unlike the Web Programming course,
where Al tools were intentionally withheld early on, Capstone teams were al-
lowed to use Generative Al from the beginning—provided they committed to
doing so in a responsible and well-documented way. Any team wishing to incor-
porate AI tools had to outline their intended workflow in their formal project
proposal and justify how AI would be integrated into the broader software
engineering process.
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To support responsible use, teams adopting Al were required to design
a systematic and traceable development process that would ensure the final
product met production-level expectations. This included:

e Writing detailed product specifications that captured functional require-
ments, constraints, and edge cases.

e Documenting system architecture and design rationale, rather than rely-
ing solely on Al-generated structures.

e Following a test-driven or verification-first approach, acknowledging the
nondeterministic nature of Al-generated code.

e Maintaining comprehensive documentation of prompts, system interac-
tions, and iterative refinements, including specifications, Markdown files,
and logs.

In this environment, AI was framed not as a shortcut to bypass founda-
tional skills, but as a tool that needed to be directed, monitored, and
evaluated. Students quickly discovered that using Al effectively required as
much discipline as traditional development—sometimes more—because ensur-
ing correctness and coherence across Al-generated components remained their
responsibility.

3.3 Student Experiences and Observations

Across both courses, a clear pattern emerged in how students engaged with
Al-assisted development.

Students in the Web Programming Fundamentals course responded
with genuine enthusiasm once Al tools were introduced. After spending sev-
eral weeks building their projects manually, they immediately recognized the
benefits of Al-supported refactoring. Many remarked that Al allowed them
to try ideas they would not have attempted on their own, and the noticeable
boost in productivity made the development process feel more creative and
less intimidating. For these students, Al felt like an empowering extension
of their abilities—something that helped them build confidence rather than
replace foundational skills.

Reactions in the Senior Capstone course were more mixed. Only about
one-third of the teams chose to integrate Generative Al throughout their full
project lifecycle. Some students worried that relying too heavily on Al might
limit their opportunity to strengthen their own technical skills before grad-
uation. Others acknowledged the potential of AI tools but were hesitant to
adopt them because of the additional work required: documenting prompts,
validating outputs, and maintaining a detailed record of design and verification
steps. For these students, the overhead associated with responsible AI use felt
burdensome compared to the familiarity of traditional coding workflows.
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Together, these observations highlight an important pedagogical insight:
Students are eager to leverage the speed and creativity that Al tools offer, but
many are less comfortable with the rigorous documentation, specification writ-
ing, and verification processes that must accompany responsible Al-assisted de-
velopment.

These early lessons directly influenced the design of the Special Topics
course, Software Development in the GenAl Era, where Vibe Coding, agentic
workflows, and Specification-Driven Development are taught explicitly—mnot
as optional enhancements, but as core practices required for modern software
engineering.

4 Course Design: Software Development in the GenAl
Era

The Special Topics course Software Development in the GenAlI Era was created
in direct response to the rapid and ongoing transformation of software engi-
neering. As Al tools evolved from simple code-suggestion systems to generators
of full prototypes, autonomous agents, and specification-driven pipelines, it be-
came clear that traditional computer science curricula were no longer sufficient
on their own. Students today must graduate with skills that go far beyond
memorizing syntax—they must know how to design architectures, guide in-
telligent agents, manage context, verify nondeterministic outputs, and write
precise specifications that govern Al-driven systems.

This course, first to be offered in Spring 2026, represents an intentional
effort to prepare students for this emerging landscape. Although outcomes
from the first offering are still in progress, the structure and pedagogical ap-
proach have already provided a strong foundation for rethinking how software
development should be taught in the age of Generative Al.

To help students build the competencies needed for Al-native engineering,
the course is organized around a structured progression through the major eras
of Al-driven development described in Section 2:

The Stochastic Engine,

Prompt & Context Engineering,

Vibe Coding and Agentic Coding,
Specification-Driven Development (SDD).

Each module reflects a stage in the evolution of modern Al tooling, allowing
students to experience firsthand how software development has expanded from
manual coding to intent-driven and agent-driven workflows. Throughout the
course, LLMs are treated not as passive “assistants,” but as probabilistic
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components within a deterministic software stack—systems that must
be understood, constrained, and verified.

MAPPING COURSE MODULES TO Al SOFTWARE DEVELOPMENT ERAS

Al DEVELOPMENT ERAS (INDUSTRY EVOLUTION)

THE SNIPPET ERA:
Al as a Code Generator

Localized suggestions, boilerplate, na global context

 Z

THE VIBE CODING ERA:
Al as a Rapid Prototyping Partner
Full protatypes from natural language, intent-driven, human verification

2

THE AGENTIC CODING ERA:
Al as an Autonomous Problem Solver

Tool use, multi-step plans, orchestration, self-iteration

¥

THE SPECIFICATION-DRIVEN ERA:
Al as a Full Development Pipeline
Specs as governance, end-to-end generation, continuous verification

a0

COURSE MODULES (CURRICULUM MAPPING)

MODULE 1: The Stochastic Engine Era (Weeks 1-3)

Topics: Deterministic vs. [ t
Red-teaming labs

h 2

MODULE 2: Prompt & Context Engineering Era (Weeks 4-6)
Topics: Prompting (zero/few-shot, CoT), RAG, Structured output,
Chat with Textbook lab

A 2

MODULE 3: Vibe Coding & Verification Era (Weeks 7-9)

Topics: Vibe workflow, Debugging Al code, Verification test suites, The Bug Hunt lab
The Bug Hunt lab

MODULE 4: Agentic Coding Era (Weeks 10-12) }

Topics: Agents & Tool use, Multi-agent orchestration (MCP/LangChain),
Autonomous workflows

L

MODULE 5: Specification-Driven Development (SDD) Era
(Weeks 13-15)
Topics: Master Specifications, Evals & LLM-as-a-Judge, Automated verification,
Term Project

Figure 2: Curriculum Mapping (Created with assistance of AT)

4.1 Module 1 — The Stochastic Engine Era: Understanding the
AT Developer (Weeks 1-3)

This first module helps students build a conceptual foundation for working
with Large Language Models. Before they can meaningfully collaborate with
AT tools, students need to understand what LLMs are doing “under the hood”
and why their outputs can be both powerful and unpredictable. This phase
mirrors the early “Snippet Era” of AI development, when models were first
introduced as probabilistic code generators.

To develop this understanding, students explore topics such as:

e The difference between deterministic and probabilistic computing
e How transformer architectures and attention mechanisms shape model

behavior

e How tokenization, context windows, and cost constraints affect prompts
¢ Why hallucinations occur, and how vulnerabilities like jailbreaking and

prompt injection arise

Hands-on labs include red-teaming exercises, where students intention-
ally try to break or manipulate models. This gives them firsthand experience
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with the limitations and risks of LLMs—an essential skill for anyone working
with modern agentic systems.

4.2 Module 2 — Prompt & Context Engineering Era (Weeks 4-6)

Building on their understanding of the underlying model, students next learn
how to guide AI systems effectively through prompting and context design.
This module represents the shift toward intent-driven development, where
the quality of the developer’s instructions becomes just as important as the
code itself.

Students practice a range of prompting techniques, including:

Zero-shot, few-shot, and chain-of-thought prompting

Designing system prompts and persona-based directives

Constructing Retrieval-Augmented Generation (RAG) systems using em-
beddings and vector databases

o Enforcing reliable outputs through JSON schemas and structured formats

The laboratory component emphasizes context engineering, showing stu-
dents how grounding an LLM with curated external information can dramat-
ically reduce hallucinations. A key assignment in this module is “Chat with
Your Textbook,” where students build a RAG pipeline that allows an LLM to
answer questions based on course readings. This activity illustrates how struc-
tured context—mnot clever prompting alone—is the foundation of reliable Al
behavior.

4.3 Module 3 — Vibe Coding & Verification Era (Weeks 7—9)

This module introduces students to the heart of Vibe Coding—rapid pro-
totyping supported by Al—while emphasizing that speed must always be bal-
anced with careful human oversight. Students quickly learn that while AT can
generate substantial amounts of code, it cannot be trusted blindly. The goal of
this module is to help students experience the excitement of accelerated devel-
opment while building the verification skills needed to ensure correctness and
reliability.
Topics in this module include:

e Understanding the Vibe Coding workflow, including “tab-tab-tab” speed
coding in Al-enabled editors

o Reading, interpreting, and debugging Al-generated code

e Designing verification-oriented test suites to catch subtle errors

e Refactoring legacy or “spaghetti code” into well-structured, modern ar-
chitectures
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A highlight of this module is the Bug Hunt lab, where students inspect
Al-generated programs that contain intentional (and occasionally surprising)
errors. Students must identify, isolate, and correct these issues—reinforcing the
notion that even when AT assists with writing the code, the human developer
remains the architect, evaluator, and ultimate decision-maker.

4.4 Module 4 — Agentic Coding Era (Weeks 10-12)

In this module, students move beyond generating code with an AT and begin
working with agentic systems—AI models that can plan, make decisions,
call external tools, and perform multi-step tasks. This reflects the industry’s
shift toward Agentic Development, where AT tools no longer act merely as code
generators but as active participants in the development workflow.

Students learn to design and build systems such as:

¢ Tool-using agents, capable of calling APIs, querying databases, or ma-
nipulating local files

e Multi-agent workflows, using frameworks like MCP, LangChain, and
LangGraph, where agents play specialized roles (planner, coder, reviewer,
tester)

¢ End-to-end pipelines that fetch data, organize it, make decisions, and
generate outputs or visualizations through autonomous execution

By “giving AT hands,” students experience what it means for an AT to take
action rather than simply provide code. This module helps students transition
from thinking about “what code should I write?” to “what workflow should
I design, and how do I supervise the agents that execute it?” It encourages
students to operate at a higher level of abstraction—specifying behavior, val-
idating decisions, and ensuring alignment between agent actions and project
goals.

4.5 Module 5 — Specification-Driven Development (SDD) Era (Weeks
13-15)

The final module brings students into the newest and most forward-looking
stage of Al-powered software development: Specification-Driven Develop-
ment (SDD). At this stage of the course, students have experienced how
AT can generate code, assist with prototyping, and operate as an autonomous
agent. SDD asks them to step into an even more advanced role—designing the
rules and structures that Al systems must follow.

Rather than writing the code themselves, students learn to write the Mas-
ter Specifications that function as the governing source of truth for a project.
These specifications define the system’s data models, decision logic, behavior,
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and constraints. The AT then uses these specifications to generate architecture,
code, tests, and documentation.
During this module, students work on:

e Crafting detailed Master Specifications that guide the entire develop-
ment pipeline

¢ Designing JSON schemas, data models, acceptance criteria, and edge-
case rules

¢ Building Evals and experimenting with LLM-as-a-Judge for nondeter-
ministic testing

e Architecting automated verification systems to validate Al-generated com-
ponents

e Completing and presenting final projects built largely through AI, but
governed by human-written specifications

The capstone projects produced in this module emphasize four core artifacts—
Specification, Verification Suite, Interaction Log, and Prototype—
each reflecting a crucial skill in modern agentic engineering. Students not only
build functioning software systems but also demonstrate how they supervised,
verified, and refined the AI throughout the development lifecycle.

Bringing the Modules Together

Taken together, the five modules trace the same historical progression seen
in industry: from stochastic engines, to prompt € context engineering, to vibe-
driven prototyping, to autonomous agentic systems, and finally to specification-
driven pipelines.

By experiencing this sequence firsthand, students learn to think like archi-
tects of Al-native systems rather than traditional coders. They would leave the
course prepared to design specifications, orchestrate intelligent agents, verify
Al-generated outputs, and deploy modern software responsibly—skills increas-
ingly essential in today’s rapidly evolving computational landscape.

5 Discussion

The integration of Generative AT and agentic workflows into software engineer-
ing brings both exciting opportunities and serious challenges for educators. As
these tools become more capable and more deeply embedded in real-world de-
velopment practices, they force us to reconsider long-standing assumptions in
computer science education. Questions that once seemed purely hypothetical
are now urgent:
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e What should introductory programming look like when students can gen-
erate a functional prototype with a single prompt?

e How should institutions prepare students for development workflows that
involve coordinating and supervising AT agents rather than writing every
line of code themselves?

e How do we ensure that students retain strong foundational skills while
also benefiting from the productivity gains that Al tools provide?

These questions do not mean that traditional CS fundamentals are obsolete.
In fact, core concepts—computational thinking, algorithms, data structures,
complexity analysis, systems design, and software engineering principles—are
more essential than ever. These fundamentals provide the conceptual ground-
ing students need to understand, critique, and guide Al-generated systems.
Without them, students cannot reliably supervise AI agents, diagnose errors,
or recognize when the AT has taken a design in an unintended direction.

What has changed is the role these fundamentals play. Historically, we
taught algorithms so students could implement them by hand; we taught data
structures so students could build them manually; we taught control flow so
students could write loops and conditionals. In an Al-native development
environment, these same concepts matter—but for different reasons. Students
now need to understand fundamentals deeply enough to:

e Recognize when an Al-generated algorithm is inefficient or incorrect

e Improve or reject architectural choices made by the model

e Specify the appropriate data structures and performance requirements
up front

e Interpret the behavior of multi-agent systems working across several com-
ponents

e Diagnose subtle or emergent errors in Al-generated code

In short, fundamentals shift from being primarily about writing code to
being about understanding and supervising it. Developers must now manage
nondeterministic systems whose internal reasoning is not always transparent,
and this requires a stronger—not weaker—foundation in computer science.

Our classroom experiments reinforce this point. Students can strengthen
their understanding of core concepts through Al-native practices: debugging
AT-generated code deepens comprehension of logic and control flow; designing
JSON schemas or state machines reinforces data modeling; writing verification
suites sharpens understanding of invariants and edge cases; and orchestrating
multi-agent systems promotes architectural thinking.

These experiences suggest several avenues for future research and curricu-
lum development:
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e Reimagining introductory programming: Should we teach specifi-
cations and algorithms before syntax?

e Developing new assessment models: How can we measure under-
standing when AT assistance is ubiquitous?

¢ Building Al-native teaching tools: How can agents help instructors
detect misconceptions or provide personalized support?

e Studying long-term skill retention: How do we ensure foundational
knowledge remains strong in Al-rich learning environments?

Ultimately, AT does not reduce the need for human expertise—it expands
it. Students must learn not only how to use Al tools, but how to understand,
critique, verify, and govern the intelligent systems that increasingly shape mod-
ern computing. As this transformation continues, the challenge for educators
is clear: preserve the rigor of traditional CS foundations while em-
bracing the Al-native practices that will define the next generation
of software development.

6 Summary and Future Work

GenAl is changing software development from a code-centric activity to a
supervision-centric workflow centered on specification, verification, and orches-
tration. Our deployments show that students experience genuine productivity
gains, but also encounter predictable breakdowns when verification and archi-
tectural reasoning are not explicitly taught. We present a five-module course
design that operationalizes these skills through required artifacts and staged
interventions.

Future work will (i) collect stronger quantitative evidence using common
rubrics for specification and verification quality, (ii) compare staged versus
unrestricted GenAlT policies, and (iii) evaluate whether specification-driven as-
sessments improve long-term retention and transfer.
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Abstract

Assessments featuring open-ended and coding questions are staples of
the Computer Science curriculum, yet automatically validating these an-
swers remains a significant challenge. While Regular Expressions (regex)
are the industry standard for text pattern matching, their cryptic syntax
makes them notoriously difficult to write, read, and maintain. Exist-
ing tools typically focus on testing regex or inserting common patterns,
but fail to make the editing process intuitive or the results readable.
This work introduces ReRead, a human-readable text pattern editor and
JavaScript library that generates standard regular expressions compati-
ble with major Learning Management Systems (LMS) and auto-graders.
We demonstrate ReRead in two distinct scenarios: (1) creating flexible
answer keys for open-ended questions in LMS exams, and (2) generat-
ing unit tests for student code within a custom Python auto-grading
platform.

1 Introduction

In higher education, valid and reliable assessment is crucial for measuring
student learning outcomes. Assessments often take the form of open-ended
questions, with each question having not one single exact answer, but rather
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a generic pattern of near-infinite correct answers. Validating answers to such
questions requires flexible text pattern matching rather than strict string equal-
ity. The gold standard for defining such text patterns is the Regular Expression
(regex). Regex use for scaling assessments is not just useful, but often necessary
[1, 11].

Within Computer Science (CS) curricula in particular, open-ended assess-
ments often request that students write code snippets. Such coding questions
will have large numbers of ‘correct’ solutions, which are difficult to check at
scale for human graders, and often require regex text pattern matching. Some
testing platforms allow for coding questions to be validated via unit-tests, where
student code is executed with specific inputs or parameters to ensure valid exe-
cution. While many student code solutions can be verified using simple logical
assertions (e.g., checking if a function returns a specific value), a significant
portion of introductory CS coursework involves generating console output or
formatted strings, and validation of such outputs still requires regex pattern
matching.

Another common form of open-ended questions in CS involves questions
where students are provided code snippets, and must predict the expected out-
put. Even in these cases, pattern matching is often preferred to exact string
matching. A student’s answer might be logically correct but may vary slightly
in spacing, capitalization, or the ordering of elements in unordered data struc-
tures (like Python sets). To accommodate these variations without unfairly
penalizing students, grading scripts must employ robust pattern matching.

Regex sequences are extremely powerful, allowing for precise definition of
complex string patterns, and they are allowed as answers for open-ended ques-
tions across all major testing platforms, including Canvas, Moodle, and Black-
board. However, regex patterns are notoriously difficult to read, fix, and edit
[3]. The syntax is dense and non-intuitive; a pattern that makes perfect sense
at the moment of writing often becomes indecipherable to the author just days
later. This "write-only" nature of regex poses a significant hurdle in educa-
tional settings, where instructors must be able to comprehend and potentially
change test answers.

Despite the abundance of regex tools available today, the majority suffer
from a common limitation: they do not solve the fundamental readability
problem. Most focus on syntax highlighting or testing, while generators that
offer "human-readable" inputs often output the same cryptic, uneditable regex
strings.

This work introduces ReRead, a human-readable text pattern editor de-
signed to address these shortcomings. ReRead enables users to construct
patterns using human-readable text, which the software then compiles into
standard regular expressions. The software includes an online editor for regex
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generation and a JavaScript library, allowing seamless integration into any
web-based application or educational assessment software.

2 Related Work

The most common regex editing tools, such as RegViz [9], Regex101 [7], and
RegExr [8], focus on syntax highlighting and testing patterns against input
strings. They offer excellent micro-level breakdowns of what specific characters
do (e.g., explaining that ‘\d‘ matches a digit). However, for complex patterns,
understanding the individual components does not necessarily help the user
parse the overall logic of the text pattern.

Several generators attempt to simplify creation by providing buttons for
inserting common regex patterns, such as "email" or "URL." However, such
tools (e.g., RegExr [8]) merely insert the raw regex definition directly into the
string. The human-readable abstraction is lost immediately upon generation.
For instance, to match any string that might be an email address or a URL,
you might click the "email" pattern and copy it, then click the "url" pattern
and copy it, then paste them together with the "|" symbol in between, and you
will end up with a string that looks like this:

(AR~ ANS@]+ (AW [ AN s@] ) +@ ([~ \\s@]+\\ ) +
ZAN/AN/AN0 —9a—fA—F: ]+ ((%]%25) \\w+)
localhost [((25[0—5][2[0—4]\\d[[01]?\\

?

d?

d[[01]?\\d?\\d) [ ([\\p{LI\\d]([=\\p{L}\\

FNdI{2,63}3)\\b) (:\\d+)? (\\/(I\\p{L}\\d
#+,;=]|%[0—9A-Fa—f]{2}) %) ?)

Once generated, the user is left to maintain this complex string rather than

simple human-readable text (whereas ReRead would show this email or url).

Recently, Al-driven tools have emerged that convert natural language prompts
into regex (e.g., Rows [10]). While promising, these tools often produce incom-
plete or slightly inaccurate patterns. Using Al to generate regex bears the
danger that any inaccuracies and imprecisions in the resulting pattern will go
unnoticed. This is because despite the input prompt being written in natural
language, the output is still the standard cryptic regex — difficult to read and
difficult to fix.

Another category of regex editors attempt to map regex logic to box-and-
arrow diagrams. Tools like Regex-Vis and Debuggex [6, 2| provide such vi-
sualizations, but these are still very difficult to interpret, and become very
cluttered for complex patterns. Finally, there are also drag-and-drop interfaces
that enable users to generate regex directly from box-and-arrow diagrams (e.g.,
NodeXR [4], VSCode RegEx Generator [5]). These come the closest to friendly
and visually interpretable regex generation and editing, but often suffer from
cumbersome drag-and-drop Uls and still remain difficult to interpret and edit
for anything beyond the simplest text patterns.
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3 Educational Integration

ReRead was integrated into an introductory Computer Science course to stream-
line the creation of assessment materials. The tool facilitated several key as-
pects of the testing process that were previously pain points for the instruc-
tional staff. Students took 8 coding tests, a midterm and a final exam. The
unit tests for the coding tests and the open-ended questions on the midterm
and final exams all allowed for variability in student answers. The ReRead
editor enabled far easier test generation and answer management than would
be possible via raw regex. Qualitative feedback from students indicated that
they appreciated the immediate feedback provided by the ReRead-generated
unit tests, specifically noting that it reduced uncertainty. From the instruc-
tor’s point of view, the ability to easily generate and manage auto-grading via
ReRead for coding and open-ended questions enabled far more testing than
would otherwise be possible, aiding to achieve the sought learning outcomes.

3.1 Unit-Testing and Output Validation

The primary use case involved creating unit tests for Python coding questions.
In introductory courses, students are frequently asked to write programs that
produce specific console outputs. Validating this output is challenging due to
the variability in student code.

The instructor used ReRead to generate flexible patterns that could account
for common, non-fatal discrepancies. For example, when students printed the
contents of a Python set (an unordered collection), the order of elements in
the string representation would vary. ReRead allowed the instructor to easily
construct patterns that matched the required elements regardless of order,
accommodating minor spacing or spelling errors without impacting student
grades.

3.2 Code Checking and Analysis

Beyond validating output, regular expressions were used to enforce static code
requirements. Some exam questions required students to include specific struc-
tural components, such as comments or specific function headers. ReRead was
used to generate the patterns necessary to scan student source code for these
required elements, ensuring students met all stylistic and structural criteria.

3.3 Pedagogical Impact

The integration of ReRead directly addresses a friction point in pedagogy.
While many testing platforms support regex, the difficulty of generating them
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discourages instructors from asking complex open-ended questions, leading
them to default to multiple-choice questions, limiting the scope of assessment.

For CS in particular, the ability to ask coding questions and other open-
ended questions, like those asking for expected output of provided code, is
absolutely critical. ReRead enables instructors to ask such questions, and to
easily generate human-readable text patterns for correct answers and unit-test
outputs to assess at scale.

By making the generation of regular expressions accessible and readable,
ReRead empowers instructors to design more authentic assessments. It allows
for the validation of complex student outputs without requiring the instructor
to become an expert in regex syntax, ultimately leading to more robust and
fair automated grading.

4 Demo Description

Software demo will comprise two scenarios designed to illustrate how instruc-
tors can rapidly deploy fair, flexible grading without regex expertise. Scenario
1 will demonstrate how open-ended questions with regex text pattern answers
may be added in a sample popular Learning Management System (LMS) often
used across many universities — Blackboard. In this scenario the ReRead Edi-
tor will be used to create and copy correct answer text patterns, and then these
answers will be pasted into Blackboard questions. Scenario 2 will demonstrate
how coding question answers and unit-test outputs may be checked against text
patterns. In this scenario the ReRead JavaScript Library will be employed as
a component of code testing software to aid in generation of answer patterns
and unit tests.

4.1 Scenario 1: Adding an open-ended question to a quiz in LMS

The scenario will involve the creation of two “Fill in the Blank” questions on
Blackboard. The first question will be: “Who is credited with coining the term
"Artificial Intelligence’ at the Dartmouth Conference in 19567” Presenter will
ask for audience volunteers to write the correct regex. Presenter will then nav-
igate to the ReRead online editor, and create the correct regular expression to
match all possible answers (John McCarthy, j. mccarthy, McCarthy, etc.), as
shown in Figure 1 (top). Presenter will highlight the ease of ReRead genera-
tion and interpretability, as compared to regex. Presenter will then copy the
generated regex into the Blackboard question’s answer field.

The second question will be: “Write a SQL query to retrieve all columns
from the Customers table where the ID is 10.” Presenter will ask for audi-
ence volunteers to write the correct regex. Presenter will then navigate to the
ReRead online editor, and create the correct regular expression to match all
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ReRead Editor

1 (anything? (john or . or j) spaces? mccarthy anything?|
Ax v  Odb#... v | # COMMENT

Regular Expression
1 (?21:([\s\S]*)(john|j\.|3F)( *)mccarthy([\s\S]*))

1 j. mccarthy 1 It was John McCarthy! 1 joe mccarthy

ReRead Editor

# SQL query

whitespace? SELECT whitespace (* or ALL) whitespace

FROMuhitespace Customers whitespace

WHERE whitespace ID uhitespace? = whitespace? 1@ whitespace?

; TICIEY (whitespace?) # optional semicolon, followed optionally by whitespace

4

Regular Expression
1 (?1:7(\s*)SELECT(\s+)(\*|ALL)(\s+)FROM(\s+)Customers(\s+)WHERE (\s+)ID(\s*)=
(\s*)18(\s*);?(\s*)$

1 SELECT * FROM Customers select all 1 SELECT Customers
WHERE ID = 10; 2 from customers 2 WHERE ID=10
where id=18

|

@ FILL IN THE BLANK (Auto-graded) - bt

Who is credited with coining the term ‘Artificial Intelligence' at the Dartmouth Conference in 19562 (v john Mccarthy

Correct
Acceptable answers for BLANK-1 must match this pattern: (2i:([\s\S]*)(john |j\. | j)( *)mccarthy([\s\S]*))

@ FILL IN THE BLANK (Auto-graded) - oo

Write a SQL query to retrieve all columns from the Customers table where the ID is 10.
(J SELECT * from Customers where id=10:)

Correct

Acceptable answers for BLANK-1 must match this pattern: (2i:\s*SELECT\s+
(\* | ALL)\s+FROM\s+Customers\s+WHERE\s+ID\s*=\s*10\s*\x3B?\s*$)

Figure 1: ReRead editor creating regex for an open-ended test questions re-
garding John McCarthy (top) and an SQL query (middle), and Blackboard
submission results based on those questions (bottom).
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possible answers, as shown in Figure 1 (center). Presenter will highlight the
ease of ReRead generation and interpretability, as compared to regex. Presen-
ter will then copy the generated regex into the Blackboard question’s answer
field.

The scenario will conclude by showing how student answers matching these
patterns are automatically graded as correct. Presenter will navigate to the
student view, take the test, fill in answers, and submit the test. The final
scenario screen will display Blackboard auto-grading for the submission, as
shown in Figure 1 (bottom).

4.2 Scenario 2: Coding question with unit-tests

This scenario will demonstrate how the ReRead JavaScript library (reread.js)
can be effectively integrated into a testing platform. The demonstration will
feature a custom web-based auto-grading platform designed for introductory
computer science courses, capable of executing Python code and verifying its
output. In this scenario reread.js is used to streamline the creation of robust
unit tests for coding questions.

Presenter will first navigate to the instructor interface and create two
Python coding questions. The first will be a simple “Ask user for their name.
Output, "hello " followed by their name.”. The second question will be : “Write
a loop that continues to ask user to enter text, then echoes the text back, until
user enters no input.” Presenter will open the unit test editing screen for each
question, create unit tests and validate them.

Highlighted within this interface will be the ReRead
JavaScript library components, seamlessly embedded ynit Test
into the test creation form (see sample partial screenshot  Input:
in Figure 2). Instead of writing a complex and error- ABC
prone regular expression to capture every possible per-
mutation of the output, presenter will use the ReRead vi-
sual editor to construct a pattern. Presenter will demon- Output:
strate how easily they can define a pattern that matches hello spaces ABC
varying output with flexible whitespace using ReRead’s
human-readable UI, emphasizing that instructors do not
require prior knowledge of regex syntax. () or  éAbc? »

The scenario will conclude by switching to the student Case sensitive
view. Presenter will input a correct solution that pro-
duces output in a different order than a standard hard- Figure 2: Unit-test
coded string might expect. Upon submission, the system partial screenshot.
will correctly identify the output as valid and award full
points, demonstrating the tool’s immediate practical value in ensuring fair and
accurate automated grading.
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5 Significance and Conclusions

The primary significance of ReRead lies in its ability to democratize the power
of regular expressions for educational assessment. By abstracting the cryptic
syntax of standard regex into a human-readable and editable format, ReRead
lowers the technical barrier for instructors. This is particularly impactful in
large-scale Computer Science courses, where the ability to grade open-ended
coding questions and variable outputs is essential for authentic assessment and
achieving sought learning outcomes. Furthermore, ReRead directly addresses
the “write-only” nature of legacy regex tools. By ensuring that answer patterns
remain intelligible over time, the tool ensures the sustainability of assessment
materials. Instructors can confidently modify existing questions or debug grad-
ing logic without the need to decipher dense strings of special characters. This
fosters a more fair grading environment, where students are not penalized for
minor, non-semantic variations in their answers simply because the grading
script was too rigid or too difficult to adjust.

In conclusion, ReRead offers scalability for open-ended assessment ques-
tions, enabling pattern-matching flexibility while obscuring the technical com-
plexity of standard regex. Whether integrated directly into an LMS or embed-
ded within custom auto-grading software, ReRead reduces the gap between the
ease of writing open-ended and multiple choice questions, empowering educa-
tors to implement assessments based on their rigor and value.

References

[1] Enrique Sanchez Acosta and Juan José Escribano Otero. “Automated assessment of
free text questions for MOOC using regular expressions”. In: Information Resources
Management Journal (IRMJ) 27.2 (2014), pp. 1-13.

[2] Debuggez. https://debuggex.com/. Accessed: 2025.

[3] Louis G. Michael et al. “Regexes are hard: decision-making, difficulties, and risks in
programming regular expressions”. In: Proceedings of the 34th IEEE/ACM Interna-
tional Conference on Automated Software Engineering (ASE ’19). IEEE Press, 2019,
pp. 415-426. por: 10.1109/ASE.2019.00047.

[4] NodeXR. https://www.nodexr.net/. Accessed: 2025.

[5] RegExz Generator. Visual Studio Marketplace. VSCode Extension.
[6] Regez-Vis. https://regex-vis.com/. Accessed: 2025.

[7] regex101. https://regex101.com/. Accessed: 2025.

[8] RegExr. https://regexr.com/. Accessed: 2025.

[9] RegViz. https://regviz.org. Accessed: 2025.

[10] Rows. AI Regex Generator. https://rous.com/tools/regex-generator. Accessed:
2025.

[11] Oleg Sychev. “Open-answer question with regular expression templates and string
completion hinting”. In: Software Impacts 17 (2023), p. 100539.

280



Teaching Al the Learner-Centered Way:
Designing a Meaningful AI Literacy Lesson
Model for Middle School*

Yewon Lee! and Hia Ghosh?
lComputer Science Department
Mount Holyoke College

South Hadley, MA 01075

lee65y@mtholyoke.edu
2Computer Science Department
Smith College

Northampton, MA 01063
hghosh@smith.edu

Abstract

As artificial intelligence(AI) becomes increasingly visible in everyday
life, many students are experiencing growing anxiety about what Al is
and how it affects them. This signals the urgent need for meaningful Al
literacy education that helps learners understand how Al systems work
and empowers them to use these tools confidently and effectively. Recog-
nizing the importance of ensuring that all learners can develop this un-
derstanding, this paper introduces a learner-centered, research-informed
lesson model for AI literacy designed for students in grades 6-8. The
lesson envisions Al literacy through a learner-centered lens, prioritizing
accessibility, agency, and inclusivity. Grounded in AI4K12’s “Big Five
Ideas in AI” and systematically integrating learning science frameworks
such as Universal Design for Learning (UDL), Funds of Knowledge, and
Depth of Knowledge, the proposed lesson model demonstrates how theo-
retical principles can be operationalized within Al literacy lesson design.

*Copyright (©)2026 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

Al is increasingly embedded across various sectors of society, including edu-
cation [19]. As AT technologies grow more visible and powerful, students and
the broader public are experiencing rising concerns, often rooted in uncertainty
about AD’s potential to outperform human capabilities [11]. The research shows
anxieties and misconceptions underscore the importance of Al literacy, which
can help demystify Al systems and empower learners to understand, evaluate,
and engage with them responsibly.

This paper presents a learner-centered Al literacy lesson model aimed at
supporting students in grades 6-8 in developing a grounded and confident un-
derstanding of AI. The lesson is anchored in the AI4K12 initiative’s Big Five
Ideas in Al, a well-established framework for K-12 AI education. To ensure
the lesson is meaningful and accessible for all learners, three learning science
frameworks: Universal Design for Learning (UDL), Funds of Knowledge, and
Depth of Knowledge are integrated throughout. These frameworks guide the
design toward inclusivity, relevance, and engagement, helping sustain students’
investment in learning about AI and ultimately fostering robust Al literacy.

The lesson model articulates a set of core design commitments that inte-
grate AI4K12 content with established learning science frameworks. This offers
a structured and transferable approach to sequencing, scaffolding, and assess-
ing Al literacy concepts in developmentally appropriate ways. The research
questions guiding this work are:

1. How can AT literacy be introduced in accessible ways for 6-8th grade
learners?

2. How can learning science frameworks enhance the inclusivity of Al edu-
cation?

3. What does the lesson model look like when AI4K12 and learning science
frameworks are systematically integrated?

2 Conceptual Framework: Al Literacy in Education

AT literacy has been defined in various ways across educational technology
literature, encompassing a range of competencies related to using, interpreting,
and understanding AI. This paper focuses on the definition of Al literacy that
explains an understanding of how Al systems function and how they can be
effectively applied in everyday contexts. This includes the processes underlying
AT systems, awareness of their capabilities and limitations, and the ability to
make informed decisions about when to use or not use Al [3, 12, 17].

Prior research has shown that individuals who understand how Al operates
are better equipped to interpret Al-generated outputs, recognize Al’s limita-
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tions and biases, and avoid over-reliance on AT [15, 10]. Developing AT literacy,
therefore, plays a critical role in reducing fear and misconceptions towards Al
[11] and supports more empowered, critical engagement with AI. Rather than
perceiving Al as a threat or replacement for human creativity and agency,
learners can see Al as a tool that enhances learning and complements human
expertise [25]. This orientation prepares them with the skills necessary to
navigate future learning environments where AI will be pervasive [7].

To structure the lesson design, the study draws on AI4K12’s Big Five Ideas
in AT [22], a curriculum framework that articulates foundational concepts across
five domains:

1. Perception: how AI perceives the world using sensory inputs;

2. Representation and Reasoning: how Al organizes information and draws
inferences;

3. Learning: how Al learns by identifying patterns and improving perfor-
mance;

4. Natural Interaction: how Al engages in human-like communication;

5. Societal Impacts: how Al influences individuals and communities in di-
verse ways.

The framework’s Progression Chart provides a clearer picture of the Al cur-
riculum by outlining age-appropriate subsidiary concepts for each idea, span-
ning grades K-2 through 9-12. For every concept, it identifies both specific
learning objectives and “enduring understandings" that students should de-
velop in order to engage meaningfully with AI concepts [1]. This structured,
developmentally sequenced set of guidelines offers a strong foundation for de-
signing inclusive, learner-centered Al literacy lessons that are both pedagogi-
cally sound and adaptable to diverse learning needs.

3 Lesson Design Approach

The lesson model presented in this paper serves as a theory-informed instruc-
tional framework that teachers may adapt to diverse classroom contexts. It
is structured as a two-part sequence: the first lesson includes a warm-up and
instruction and introduces a take-home application task, and the second lesson
centers on student presentations and a whole-class discussion.

Prior scholarship highlights several challenges in the development of Al
literacy for K-12 learners. Systematic reviews identify a gap in public un-
derstanding of Al that is reflected in societal fears and misconceptions [3].
Exploratory reviews also note variation in how AI literacy is defined across
studies, suggesting that the field continues to evolve conceptually [17]. These
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findings point to the need for instructional approaches that promote clearer
conceptual grounding in how Al systems function.

Issues of trust and fear further complicate Al learning. Research indicates
that providing explanations for Al decisions can reduce overtrust, particu-
larly when AI outputs contradict users’ expectations or reasoning processes
[15]. Studies also identify widespread concerns about privacy, bias, job dis-
placement, and transparency, while noting that although AT literacy is often
proposed as a solution, how it helps users manage these risks remains underex-
plored [11]. Prior work on Al explanations emphasizes alignment with users’
mental models to support meaningful human—ATI interaction [10]. Together,
this research underscores the importance of strengthening learners’ conceptual
understanding and critical reasoning about Al systems.

Equity considerations further highlight the need for inclusive Al literacy de-
sign. Research on the application of Funds of Knowledge in STEM education
identifies gaps in understanding how students respond to such interventions,
particularly regarding learning outcomes and identity development [6]. Limited
assessments of belonging and self-efficacy, alongside the continued marginaliza-
tion of groups and diversity challenges in STEM [6], reinforce the importance of
equity-focused instructional strategies. Scholars have also noted that although
Universal Design for Learning has shown promise in STEM contexts, it has not
yet been fully leveraged for inclusive AI learning design [21].

To address these conceptual, trust-related, and equity-oriented challenges,
the lesson model introduced in this paper integrates three learning science
frameworks: Universal Design for Learning, Funds of Knowledge, and Depth
of Knowledge.

3.1 Universal Design of Learning (UDL)

Universal Design for Learning (UDL) offers a framework for designing accessible
instruction that anticipates learner variability and reduces potential barriers
to learning [20]. UDL emphasizes providing multiple pathways for students to
perceive information, stay motivated, and demonstrate understanding. These
principles [4] are operationalized through:

e Multiple means of representation: offering multimodal ways of presenting
concepts

e Multiple means of action and expression: allowing students flexible op-
tions to communicate what they know

e Multiple means of engagement: providing choices and supports that pro-
mote purposeful learning.

UDL helps create learning experiences that feel enjoyable, relevant, and
cognitively manageable for all learners [2]. By ensuring flexible entry points
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and support, UDL enhances students’ readiness to engage with complex ideas
and prepares them for a future in which Al is increasingly pervasive [4].

3.2 Funds of Knowledge (FoK)

The Funds of Knowledge(FoK) framework emphasizes the rich cultural, social,
and experiential knowledge that learners bring from their homes and commu-
nities [16]. Integrating FoK into lesson design positions students’ lived ex-
periences as valuable resources for understanding concepts, enabling them to
connect disciplinary content with familiar concepts [9]. In STEM fields, FoK-
based instruction can broaden participation by making learning feel relevant
and personally meaningful [6]. By bridging students’ everyday knowledge with
formal AI concepts, FoK supports more inclusive learning environments and
helps reduce barriers that may deter learners from historically underrepresented
groups.

3.3 Depth of Knowledge (DoK)

The Depth of Knowledge(DoK) framework outlines four levels of cognitive
complexity, ranging from simple recall to extended strategic reasoning;:

Level 1: Recall and reproduction

Level 2: Basic application of skills and concepts
Level 3: Strategic thinking and reasoning

Level 4: Extended, sustained inquiry

Designing lessons across DoK levels enables learners to gradually progress
from foundational understanding to more sophisticated application, analysis,
and transfer of knowledge [8]. Leveraging DoK supports students in moving
beyond surface-level understanding toward active, critical engagement with
AT concepts. This progression promotes deeper ownership of knowledge and
enhances students’ ability to apply Al literacy skills across contexts [14].

Together, these frameworks inform a coherent design logic within the lesson
model: (1) establish an intuitive cognitive entry point grounded in students’
lived experiences; (2) scaffold abstraction from human sensemaking to compu-
tational perception; (3) distribute structured autonomy through multimodal
choice; and (4) consolidate understanding through evaluative comparison and
reflective discussion. This progression ensures that inclusivity, cognitive rigor,
and conceptual clarity are structurally embedded rather than appended to in-
struction.
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4 Lesson Model Design

This paper presents one instantiation of the lesson model, focusing on the
AT4K12 concept of “Perception.” Drawing on the learning principles outlined
above, the lesson is structured to activate students’ prior knowledge, introduce
core ideas of multimodal perception of Al, and support deeper inquiry into how
humans and Al interpret information from multiple sources.

4.1 Lesson at a Glance

e Target grade level: Grades 6-8
e Format and pacing: Two class sessions plus a take-home task.

— Lesson 1 (45-55 minutes): Warm-up, direct instruction on modal-
ity and multimodal AI, introduction of the choice board task, and
planning time.

— Between lessons (20—40 minutes, outside of class): Students
complete the selected choice board deliverable (zine, slides, or pod-
cast) individually or in small groups.

— Lesson 2 (45-55 minutes): Student presentations, whole-class
comparative analysis of human vs. Al perception, and reflection.

e Expected prior knowledge: Students should be able to describe obser-
vations from images or sounds, participate in discussion, and distinguish
between basic data types (for example, text vs. image). Teachers may
optionally pre-teach vocabulary, such as data, model, and prediction. No
coding required.

e Materials: projected or printed warm-up clues, optional device access
for research, and a template or checklist for the take-home deliverable.

4.2 Lesson 1: Warm-up, Instruction, and Task Launch
4.2.1 Warm-up Activity: ‘What is Happening?’

To spark curiosity and establish a shared entry point, students engage in a
warm-up activity called ‘What is happening?’. This activity draws on students’
everyday experiences and thus aligns with the Funds of Knowledge framework.
Students are shown a sequence of progressively revealed clues, with each step
presenting a new piece of information in a different modality (e.g., visual or
audio). After each reveal, students are asked to update their prediction about
what is happening in the full scenario, refining their thinking as more multi-
modal evidence becomes available. For example:
Scenario 1: Storm or Construction?

e Step 1: Dark sky, clouds rolling in
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e Step 2: A loud boom
e Step 3: Construction workers using a jackhammer under gray clouds

Scenario 2: Cafe Setup or Closing?

e Step 1: A cafe, chairs on tables, lights half-dimmed
e Step 2: Doorbell rings

e Step 3: A person carrying a bag of supplies

e Step 4: The clock shows 5:50 am

After all clues are revealed, they collaboratively discuss the following ques-
tions: “How did your understanding change as more clues were added?” “How
would your interpretation differ if only one clue were available?” This activ-
ity intentionally incorporates familiar, culturally adaptable contexts, allowing
teachers to tailor scenarios that resonate with students’ lived experiences. By
grounding early sensemaking in accessible examples, the lesson establishes a
flexible entry point consistent with the FoK principle and prepares students to
connect human perception with Al perception.

4.2.2 Introducing Multimodal Perception in Al

Building on the warm-up activity, the lesson shifts from human sensemaking to
artificial perception by introducing how Al systems interpret the world through
multiple types of data. This transition reinforces the connection between how
students combined clues in the earlier activity and how Al integrates different
inputs to form understanding.

The section begins with a guided whole-class discussion using the prompt,
“What technologies do we know that can see, hear, or understand language?”
Students brainstorm familiar examples such as voice assistants, self-driving
cars, chatbots, and facial recognition systems. This discussion situates multi-
modal Al within everyday technology and helps students recognize that many
common systems rely on more than one type of data.

Students are then introduced to the concept of modality. A modality is
defined as a type of data, such as text, images, audio, or video; multimodal Al
is explained as an Al system that can process and integrate multiple modal-
ities at the same time [5]. The instruction then outlines how multimodal Al
works in three stages [23]. First, Al processes different data types using special-
ized models such as computer vision for images, speech recognition for audio,
and language models for text. Second, the system combines this informa-
tion through information fusion to identify patterns and relationships across
modalities, such as linking the visual features of a dog to the text label “golden
retriever.” Third, the Al uses this integrated understanding to produce out-
puts such as answering questions, describing images, or interpreting spoken
commands.
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Throughout this section, students are encouraged to compare human per-
ception with AI perception. Just as they relied on multiple clues to refine
their interpretations in the warm-up, multimodal Al systems use multiple data
inputs to improve accuracy and understanding. This connection prepares stu-
dents for the application activity that follows, where they explore real-world
examples of multimodal Al

4.3 Take-Home Activity: ‘Deeper Dive into Multimodal AT in Our
Lives’

To support the core tenets of UDL, choice and autonomy, the lesson incor-
porates a multimodal choice board, which is inspired by the digital choice
board method developed by the University of Massachusetts [13]. The board
organizes examples of multimodal AT by modality (visual, sound, language)
and societal domain (healthcare, education, transportation, content creation).
Students select one modality-domain intersection to investigate multimodal Al
in a real-world context. The choice board is shown below. This structure
provides:

e Multiple means of engagement: autonomy in selecting topics relevant to
students’ interests or lived experiences.

e Collaborative knowledge-building: students explore different technologies
and prepare to contribute diverse examples to the class discussion.

Table 1: Choice board of Al Applications Using Visual Data
Domain Examples

Healthcare AT scans X-rays or MRIs to spot illnesses like
cancer. Smart cameras track patients’ move-
ments to prevent falls in hospitals.

Education AT reads handwritten math problems or scans
worksheets to check answers. Virtual labs
show chemical reactions through simulations.

Transportation Self-driving cars use cameras to detect traf-
fic lights, pedestrians, and road signs. Drones
inspect roads or bridges for safety.

Content Creation | Al chatbots use facial recognition to detect
customer emotions during video calls. Smart
stores use cameras to track shelf stock.
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Table 2: Choice board of AI Applications Using Sound Data

Domain

Examples

Healthcare

Voice assistants help doctors take notes by lis-
tening to patient conversations. Al listens to
coughing sounds to help diagnose respiratory
illnesses.

Education

Al language tutors listen to pronunciation
and give feedback for better speaking prac-
tice. Classroom devices use sound to measure
student participation.

Transportation

AT listens for sirens or engine sounds to alert
drivers or fix car issues early. Smart buses
announce stops using speech recognition.

Content Creation

Music Als compose songs or beats based on
a theme. Voice generators create character
voices for podcasts or videos.

Table 3: Choice board of AI Applications Using Language Data

Domain Examples

Healthcare AT summarizes medical research for doctors.
Chatbots help patients understand their pre-
scriptions.

Education Al tutors explain lessons or answer student
questions in natural language. Essay checkers
give writing feedback.

Transportation Navigation systems explain directions clearly

using spoken or written language. Al systems
read traffic reports and plan routes.

Content Creation

AT tools write stories, scripts, or captions.
Chatbots help brainstorm video ideas or so-
cial media posts.
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Students’ research and final deliverables are designed to reach level 4 of
Depth of Knowledge, requiring synthesis, transfer, and evaluation across con-
texts. In their work, students explain:

e How the selected multimodal Al sees, listens, or understands;

e How these capabilities support AI’s real-world applications;

e What challenges or risks arise, including cultural bias, privacy concerns,
and over-reliance on multimodal Al

Students begin selecting a modality-domain topic and planning their ap-
proach in class, then complete the final deliverable as a take-home task before
the second session.

4.4 Lesson 2: Presentations and Comparative Discussion
4.4.1 Student Presentations and Share-Out

During the second lesson, students take turns sharing the work they completed
as part of the take-home activity. Each student presents their findings in the
format selected from the multimodal choice board, such as a zine, slide presen-
tation, or podcast. This structure reflects the principle of multiple means of
action and expression within Universal Design for Learning while maintaining
consistency in the analytical expectations across formats.

Peers are encouraged to ask clarifying and critical questions, fostering col-
laborative knowledge construction and strategic reasoning. By comparing ex-
amples across domains and modalities, students deepen their conceptual under-
standing of AI perception and strengthen transfer and synthesis aligned with
higher levels of Depth of Knowledge.

4.4.2 Comparative Analysis: Human vs. AI Perception

After sharing their work, students engage in a whole-class discussion to analyze
differences between human and Al perception by addressing prompts such as:

e How does AD’s understanding differ from ours?

e What additional information would an AI need to fully understand a
scene?

e How might cultural bias influence AI perception?

These discussions target level 3 of Depth of Knowledge by supporting student
evaluation, comparison, and reasoning. Teachers may use culturally specific
examples, such as an Al misinterpreting a local dialect or a traditional sport,
to help students recognize how cultural diversity shapes interpretation and
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how bias can manifest in AI. This again leverages students’ Funds of Knowl-
edge, framing cultural experience as an asset for critically understanding Al
perception and its societal implications.

5 Teacher Evaluation Questions and Measures

Recent work on Al literacy assessment proposes that learning outcomes should
be examined across affective, behavioural, cognitive, and ethical dimensions
[18]. Scholarship on Al literacy assessment emphasizes grounding evaluation in
students’ projects and artifacts rather than relying solely on decontextualized
testing [24]. Drawing on these approaches, the following classroom-aligned
measures are proposed.

5.1 Formative conceptual checks (activity-based assessment).

Teachers may pose short-answer or discussion questions such as:

e What is a modality? Provide two examples.

e Compare human and Al perception. What does Al need that humans
often infer automatically from context?

e Name one risk of multimodal AT (bias, privacy, or overreliance). What is
one action you can take to use it more carefully?

These questions assess students’ grasp of foundational AI concepts and
common misconceptions.

5.2 Performance-based product rubric (project-based concept in-
ventory).

Students’ take-home artifacts and presentations may be evaluated using the
following criteria:

e Accurate explanation of how the system uses modalities to produce out-
put;

e Identification of a limitation or failure case tied to a real-world risk;

e Justification of when to rely on the system and when not to (calibrated
trust versus overtrust);

e (Clear communication in a chosen medium, reflecting multiple means of
expression.

Teachers may further extend evaluation through concept discussions or brief
artifact interviews, inviting students to reflect on how their understanding
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evolved and to clarify reasoning during presentation. Collectively, these mea-
sures reflect research-based principles of Al literacy assessment while remaining
developmentally appropriate for middle school learners.

6 Contribution

This work contributes to the growing field of K-12 Al education by offering
a concrete, theory-informed model for learner-centered Al literacy instruction.
While prior research has emphasized the importance of Al literacy and concerns
related to fear, trust, and conceptual ambiguity, fewer studies have articulated
how learning science frameworks can be systematically integrated into Al lesson
design for middle school students.

This paper advances the field in three ways. First, it operationalizes AI4K12’s
“Big Five Ideas in AI” within a structured lesson model on multimodal percep-
tion, translating abstract Al concepts into cognitively accessible classroom ex-
periences. Second, it demonstrates how Universal Design for Learning, Funds of
Knowledge, and Depth of Knowledge function as complementary design lenses
guiding engagement, representation, and cognitive rigor. Third, it articulates a
replicable yet adaptable lesson model that educators and curriculum designers
can extend to additional AI concepts while maintaining conceptual depth and
cultural responsiveness.

By bridging Al education frameworks with inclusive pedagogical theory,
this work offers a practical model for equitable Al literacy instruction.

7 Limitation and Future Work

As a theory-informed instructional design model, this work has not yet under-
gone classroom-based validation. Future implementation studies will examine
student learning outcomes, engagement patterns, and equity-related impacts.

Implementation will enable empirical examination of how students engage
with multimodal AI concepts and how effectively the integrated frameworks
support inclusive participation. Observing how students from diverse cultural
and educational contexts respond to Funds of Knowledge-based activities will
further clarify how culturally responsive Al instruction influences engagement
and identity development in STEM.

8 Conclusion

As artificial intelligence becomes increasingly embedded in everyday life, prepar-
ing young learners with foundational AI literacy is both urgent and essen-
tial. This paper presents a learner-centered, research-informed lesson model
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grounded in AT4K12’s “Big Five Ideas in AI” and informed by Universal De-
sign for Learning, Funds of Knowledge, and Depth of Knowledge, providing
a cohesive foundation for accessible, culturally responsive, and intellectually
rigorous instruction.

The lesson on multimodal perception demonstrates how middle school stu-
dents can move from intuitive sensemaking to a structured understanding of
how AI systems interpret and integrate data. Through multimodal explo-
ration, deliberate cognitive progression, and opportunities for student choice
and reflection, the design supports deeper engagement while addressing con-
cerns related to fear, bias, and over-reliance on Al

Rather than positioning Al as a distant or threatening technology, this
approach invites students to see Al as understandable, critiqueable, and usable,
offering a promising pathway toward equitable and empowering Al literacy
education.
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