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Abstract
Purpose  Over the last year, the ascent of Generative AI (GenAI) has raised concerns about its impact on core skill develop-
ment, such as problem-solving and algorithmic thinking, in Computer Science students. With the proliferation of these tools, 
educators must evaluate their role in academia, as neglecting this might culminate in a phenomenon we term the “Junior-Year 
Wall,” where students struggle in advanced courses due to prior over-dependence on GenAI. Our research seeks to answer 
the question: “How can educators guide students’ interactions with GenAI to preserve core skill development during their 
foundational academic years?”
Methods  We introduce “AI-Lab,” a pedagogical framework for guiding students in effectively leveraging GenAI within core 
collegiate programming courses. This framework accentuates GenAI’s benefits and potential as a pedagogical instrument. 
Specifically, AI-Lab presents opportunities to use GenAI for tailored support, such as topic introductions, detailed examples, 
corner case identification, rephrased explanations, and debugging assistance. Through identifying and rectifying GenAI’s 
errors, students enrich their learning process. Additionally, AI-Lab offers strategies for formulating prompts to elicit high-
quality GenAI responses and provides mechanisms for educators to explore students’ perceptions of GenAI’s role in their 
learning experience.
Results  Preliminary anonymous surveys show that at least 54.5% of our students use GenAI for homework. Notably, the 
framework highlights the risks of GenAI over-dependence as well as introducing its context-specific benefits, aiming to 
motivate students intrinsically towards balanced usage.
Conclusions  The AI-Lab framework underscores the importance of guiding students’ interactions with GenAI to maintain 
core skill development in Computer Science. By fostering an environment where GenAI is used as a pedagogical tool, edu-
cators can mitigate the risks associated with over-dependence on GenAI. This approach is premised on the idea that mere 
warnings of GenAI’s potential failures may be misconstrued as instructional shortcomings rather than genuine tool limita-
tions, thus providing a balanced pathway for integrating GenAI into academia.

Keywords  Generative AI (GenAI) · Core skill development · Junior-Year Wall · Pedagogical framework · AI-Lab · 
ChatGPT

Introduction

In recent years, the pervasive presence of GenAI tools across 
the internet has transformed the educational landscape. Inte-
grating AI tools into educational environments has garnered 
substantial attention, yielding invaluable insights and rec-
ommendations for its implementation [1–4]. Nonetheless, 
the rapid emergence of prominent GenAI tools, including 
GitHub Copilot1 in June 2021 and ChatGPT 3.52 in Novem-
ber 2022, has prompted educators from diverse disciplines to 
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raise apprehensions regarding students’ utilization of these 
tools for academic advancement [5–7].

Since their emergence, GenAI tools have captured the 
attention of educators within the realm of computer science. 
Notably, Puryear and Sprint [8] delved into the impact of 
Artificial Intelligence-Driven Development Environments 
(AIDEs), exemplified by tools like GitHub Copilot, within 
introductory Computer Science and Data Science courses. 
The authors undertook a comprehensive examination, 
revealing that Copilot could generate solutions for assign-
ments across these courses, achieving scores ranging from 
68% to 95%. However, the authors raised an overarching 
concern revolving around low code similarity scores when 
assessing potential plagiarism using tools such as MOSS.3 
Their insights culminated in an encouraging directive, advo-
cating for “computer science educators to become familiar 
with how AIDEs work and begin to design their coursework 
and development workflow to incorporate them”.

Wermelinger’s investigation [9] further contributed to 
the ongoing dialogue regarding the impact of GenAI on 
computing education. The study evaluated the capabilities 
of GitHub Copilot compared to OpenAI Codex’s4 Davinci 
model5 for addressing CS1 coursework challenges. Although 
Copilot’s performance did not match the reported achieve-
ments of Davinci [10], it “does generate code (and with 
some editing, tests, and explanations) that could have been 
written by humans.” In their concluding remarks, Wermel-
inger extends an invitation to educators, encouraging them 
to guide students in comprehending such tools’ potential 
advantages and inherent limitations.

Similarly, Moradi et al. have contributed a parallel per-
spective by investigating Copilot’s utility within the Soft-
ware Engineering domain. Their study encompassed an 
evaluation of the precision of generated code concerning 
fundamental algorithms and data structures. They observed 
that Copilot faced challenges integrating multiple methods 
into a cohesive, functional solution. The authors further con-
tended that “an expert developer is still required to detect 
and filter its buggy or non-optimal solutions,” underlin-
ing the ongoing necessity for human expertise despite the 
advancements offered by Copilot [11].

Since November 2022, ChatGPT 3.5 has emerged as the 
centerpiece of concern for educators grappling with GenAI 
tools. Its performance trajectory prompted the develop-
ers of OpenAI Codex to deprecate it surprisingly quickly.6 
Within a few months of the ChatGPT 3.5 release, instructors 

overseeing computer programming courses noted its pro-
ficiency in accurately solving numerous problems found 
within core Computer Science curricula [6, 12–21]. Nev-
ertheless, the tool’s effectiveness dwindles as the course-
work assumes more intricate dimensions, often resulting in 
inaccuracy and hallucinations. To mitigate these limitations, 
users can leverage fundamental prompt engineering tech-
niques [21, 22].

Evidently, the pace of progress in the tech industry out-
paces academia. The release of ChatGPT 4 in March 2023 
was highlighted by the remarkable improvements over 
its predecessor [23]. As expected, ChatGPT 4 garnered 
immediate attention from educators. They promptly raised 
concerns about its impressive capabilities and advocated 
reevaluating assessment paradigms to accommodate these 
evolving tools effectively [24]. With the public release of the 
upgraded ChatGPT, educators now face a dilemma: should 
they actively promote student use of these tools or discour-
age their adoption? [18].

The disruption brought about by GenAI tools has reso-
nated deeply within the realm of Software Development. 
A simple search for “coding” on the webpage There is an 
AI for that7 by March 2024 yields around 60 AI tools tai-
lored for coding-related tasks, encompassing aspects like 
generation, completion, quality enhancement, productivity 
augmentation, and documentation. Among these, certain 
tools specifically designed for coding education have shown 
promise in enhancing the learning experience [25]. A subset 
of the tools is freely accessible to the public, seamlessly inte-
grating with conventional Integrated Development Environ-
ments (IDEs). As we have underscored earlier, the enduring 
presence of these tools is indisputable, with current students 
likely to encounter their widespread application within the 
tech industry. Mindful of this level of accessibility and the 
evolving academic landscape in computing education, we 
have embraced these tools within our courses. Our approach 
entails equipping students with the prowess to harness these 
resources effectively while nurturing their foundational 
skills—such as problem-solving, algorithmic thinking, and 
debugging— essential for holistic professional growth.

To address this objective, we pose the fundamental ques-
tion: “How can educators guide students’ interactions 
with GenAI to preserve core skill development during 
their foundational academic years?” Existing guidance 
within this domain tends to adopt a broader academic 
perspective, focusing on classroom utilization. Strategies 
involve empowering students to critically assess the accuracy 
and efficacy of GenAI outcomes alongside fostering dia-
logues about ethical considerations [26–28]. In the context 
of computing education, Bull et al. propose a pedagogical 
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6  https://​platf​orm.​openai.​com/​docs/​guides/​code. 7  https://​there​sanai​forth​at.​com/.
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strategy that acquaints students with how professional soft-
ware developers harness GenAI within the tech industry. 
While emphasizing the imperative for students to emerge as 
adept problem-solvers by graduation, this approach under-
scores the utilization of scaffolding and fading techniques, 
iterative assignment modifications, and a gradual immersion 
trajectory [29]. Remarkably, up until the submission date 
of this paper, we have encountered no preexisting frame-
work specifically aiding educators in incorporating GenAI 
tools within computer programming courses. A conspicuous 
gap among the cited frameworks is the need for delineated 
instructor steps for effectively integrating students into using 
GenAI tools while concurrently fostering the development 
of their core skill set.

This paper introduces the AI-Lab framework, designed to 
seamlessly incorporate GenAI tools into computer program-
ming courses. The framework functions as a structured envi-
ronment where students can comprehensively understand 
the advantages and limitations inherent in GenAI utiliza-
tion. Simultaneously, it furnishes instructors with valuable 
insights into students’ viewpoints regarding using these tools 
within the present and upcoming courses. AI-Lab features 
prompt guidelines designed to optimize usage and facili-
tate effective communication. Additionally, the framework 
offers an interactive lecture dynamic, empowering instruc-
tors to engage students in substantive discussions surround-
ing course content while illuminating the boundaries and 
constraints of GenAI.

Note that while much of this framework uses language 
referring to ChatGPT, we found that both this framework 
and topical issues we found were present in the 2023 ver-
sions of other models such as Bing Copilot, Llama, Claude, 
and Gemini.

The Junior‑Year Wall Problem

In the evolving landscape of Computer Science education, a 
nuanced challenge emerges as students transition into their 
junior year, which we have termed the “Junior-Year Wall.” 
This concept encapsulates the predicament faced by students 
who, during their foundational courses, have become accus-
tomed to relying heavily on GenAI tools. As they advance, 
they encounter a stark increase in the complexity of topics 
and a significant reduction in the efficacy of GenAI to aid 
their learning. This transition exposes a critical gap in their 
foundational knowledge and skills–such as problem-solving, 
algorithmic thinking, and coding proficiency–essential for 
mastering advanced courses. The reliance on GenAI in ear-
lier stages of their education may inadvertently foster a sur-
face-level understanding of core concepts, inadequately pre-
paring them for the heightened analytical and independent 
problem-solving demands of junior and senior-level courses.

Evidence suggests that this over-reliance on technology 
can lead to underdeveloped critical thinking and learning 
skills, as seen in academic performance trends and faculty 
observations [30–32]. Specifically, consideration for possi-
ble-over reliance, emphasis of the need to read and review 
code created by the knowledge that outputted code could be 
inaccurate, and the need for AI literacy training are brought 
up by [10, 33–36]. This shift in educational dynamics raises 
concerns about the long-term implications for students’ 
competencies, potentially impacting their readiness for the 
professional world and their ability to contribute to innova-
tion in the field. It also prompts a reevaluation of pedagogi-
cal strategies to ensure that while GenAI tools are integrated 
into the learning environment, they complement rather than 
supplant the development of indispensable computer science 
competencies [32]. Thus, the Junior-Year Wall highlights a 
pivotal educational challenge and underscores the impera-
tive for a balanced approach to incorporating emerging tech-
nologies in STEM education, ensuring that students fully 
comprehend their discipline rather than having a merely 
superficial understanding.

In the discourse surrounding the Junior-Year Wall within 
Computer Science education, it is pertinent to acknowl-
edge the developing stage of GenAI tool integration and 
the consequent lack of empirical evidence directly linking 
these tools to educational outcomes. However, we propose 
this discussion based on anecdotal evidence, which, albeit 
preliminary, suggests significant educational implications. 
We have observed instances where students utilizing GenAI 
tools submit assignments with code directly copied from 
such platforms. When challenged to explain their submit-
ted solutions, these students often lack an understanding 
of the fundamental concepts and logic underpinning their 
submissions. This inability to articulate the rationale behind 
their work indicates a failure to meet the course’s learning 
objectives, emphasizing a superficial engagement with the 
material. Such observations contribute to the conceptual 
framing of the Junior-Year Wall, highlighting the need for a 
thoughtful approach to using GenAI in educational settings. 
From this, we draw our inspiration for introducing the AI-
Lab intervention before students’ junior year.

The Role and Implications of GenAI Tools: A Rational 
Exploration

GenAI tools have undeniably revolutionized the way stu-
dents approach foundational Computer Science courses. 
While there is no concrete evidence as of this submission 
date directly linking the use of these tools to the Junior-
Year Wall problem, it is rationally conceivable. If students 
navigate their initial courses heavily aided by GenAI, there’s 
a plausible risk that they might not fully internalize the con-
tent. As they advance to more complex subjects, where the 



	 SN Computer Science           (2024) 5:720   720   Page 4 of 17

SN Computer Science

efficacy of GenAI tools becomes significantly reduced, they 
could be confronted with significant challenges stemming 
from gaps in foundational knowledge acquired in earlier 
courses. We do, however, want to mention that when we 
have caught students cheating using GenAI, they very fre-
quently cannot explain their code nor the concepts involved, 
indicating they have not met the learning objectives for that 
assignment. This provides some anecdotal evidence for the 
eventual failure of such a student who is not meeting the 
learning objectives as we believe they are as they progress 
through their major. Furthermore, it is pedagogically unac-
ceptable for us to sit by and wait for the phenomenon to 
happen with direct evidence (as students will have to fail to 
observe it), which is why we take this proactive approach.

Proactive Pedagogy: Preparing for Potential 
Challenges

As we navigate the potential challenges posed by GenAI 
tools, it’s imperative to consider how we can proactively 
integrate these tools into the curriculum without compromis-
ing the depth and quality of student learning. Our discourse 
is not a critique of GenAI tools. In fact, when judiciously 
incorporated into the curriculum, these tools can provide 
invaluable support, enabling students to address coding 
errors, gain diverse perspectives on concepts, and engage 
in hands-on practice. Such integration can reflect the real-
world dynamics of software developers interfacing with AI 
tools in the industry.

Our stance is informed by two primary considerations: 

1.	 Educating students on the adept use of GenAI tools, 
while emphasizing the importance of mastering foun-
dational concepts and illuminating their limitations, can 
serve as a robust deterrent against potential over-reli-
ance. This proactive approach resonates with established 
principles of motivation theory [37–39].

2.	 By anticipating potential educational challenges, we can 
tailor our pedagogical strategies to ensure comprehen-
sive learning experiences, championing principles of 
equity and fairness.

Conclusion and Forward Momentum

While not empirically validated, the Junior-Year Wall Prob-
lem represents a rationally anticipated challenge in Com-
puter Science education. Our role as educators is not merely 
to react to challenges but to anticipate and prepare for them. 
From our recent experience, we have interacted with stu-
dents who submitted results generated using AI yet could 
not explain them in their own terms (thus, they are not meet-
ing the learning objectives of the assignment, pointing to 
over-reliance). By recognizing the potential implications of 

the evolving educational landscape, we can ensure that our 
students are well-equipped with tools and fortified with the 
critical thinking and foundational skills essential for their 
academic journey.

AI‑Lab Framework

We introduce the AI-Lab framework as an integral course 
activity designed to educate students on using GenAI tools 
within their educational journey. The primary objectives of 
the AI-Lab are: 

1.	 To introduce students to a meaningful and beneficial 
usage of GenAI in the educational setting, especially in 
its potential to enhance educational outcomes.

2.	 To highlight the fallibility of AI, specifically its potential 
to produce incorrect outcomes confidently.

3.	 To emphasize the crucial link between robust skill 
development and the ability to tackle advanced tasks is 
beyond the reach of AI assistance.

The lab’s implementation spans a range of programming 
concepts. Initially, students are encouraged to leverage 
GenAI for addressing questions and enhancing material 
comprehension. As the lab unfolds, progressively intricate 
queries are posed, strategically designed to surpass GenAI’s 
problem-solving capabilities and consequently render erro-
neous responses. Significantly, this phase underscores the 
imperative of fundamental skill acquisition; any over-reli-
ance on GenAI hampers students’ capacity to accomplish 
tasks beyond its purview. The culmination of the lab incor-
porates a concise discourse wherein students reflect on their 
GenAI encounters, fostering critical reflection on AI’s limi-
tations and their learning experiences. Figure 1 summarizes 
all of the steps of the AI-Lab, as outlined in the subsequent 
subsections.

The effective integration of GenAI tools into computer 
programming courses can promote equity in the educational 
landscape. Equity stands as a pivotal catalyst driving our 
framework’s trajectory. By equipping students with the 
skillset to proficiently navigate GenAI tools, we address the 
disparity faced by students who lack the privilege of pre-col-
legiate exposure to such resources. This proactive approach 
diminishes the ability gap, ensuring students enter higher 
education more equitably.

It is important to note that the point of the structure of the 
AI-Lab is that (a) the instructor needs to introduce best prac-
tices before experiencing success and failure, (b) the inter-
vention before the post-intervention reflection-type activ-
ity, and finally (c) needs to have some sort of introduction 
to GenAI, in or before the class. As long as this structure 
and our guidelines are generally followed, the framework is 
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flexible for adaptation to specific courses, workshops, lab 
sessions, or otherwise.

In the appendix section, we provide an example of gener-
ated content to run the AI-Lab in a lecture.

Instructor Preparation

The first step is for the instructor to pick a topic from the 
class suitable to be introduced and discussed using the 
selected GenAI tool. The topic must be one for which GenAI 
gives mostly correct conceptual responses but misses cor-
rectness, for example, with solutions to problems using non-
standard input values. Finding this topic requires time and 
expertise from the instructor, as multiple iterations may be 
needed to reach the topic that fits within the requirements 
of the lab. In our experience, we found that topics requiring 
multiple non-trivial computational steps of medium diffi-
culty (e.g., Self-Balancing Search Trees and Huffman Cod-
ing) are suitable for the AI-Lab. Selecting topics that are of 
high difficulty will likely result in students not seeing the 
full potential of GenAI for helping them academically, so a 
proper balance must be found. An effective method we have 
found to find such topics is to use the GAIDE Framework 
[40] for generating course content (lectures, assessments, 

etc.), during which one is likely to find errors and inconsist-
encies, along with many examples of success.

We encourage the instructor to review the current course 
policies to ensure alignment of the usage and expectations 
of AI in the class. Additionally, the instructor should ensure 
alignment with the respective institutional or department 
statements and policies on the matter. That being said, 
allowing students to use these tools on all assignments 
should be done with careful assessment of assignments to 
ensure that students cannot rely completely on these tools 
for assignment completion, and the instructor needs to find 
a mechanism for sharing evidence that they used GenAI in 
the proper way (e.g., sharing chat links to all conversations 
about assignments).

PreLab

As with any course activity, the instructor holds the crucial 
responsibility of defining the scope of the AI-Lab. This ini-
tial task, conducted offline, necessitates a comprehensive 
formulation that includes clear objectives, goals, and desired 
learning outcomes. Additionally, the instructor must dili-
gently select a topic that strategically challenges GenAI’s 
efficacy. A paramount objective of this framework remains, 

Fig. 1   This figure illustrates the AI-Lab Framework for integrat-
ing Generative AI in programming courses, outlined as a structured 
flowchart. Key phases–Instructor Preparation, Prelab activities, In-
Class Lab, and Post-Lab reflections–are further color-coded to indi-
cate different functional purposes. Progression through these phases 
is shown with solid block arrows, demonstrating the suggested work-
flow, while circular arrows indicate iterative processes, and dotted 

arrows indicate points where formal course material integrates into 
the framework. Please note that while this looks like a rigid structure, 
an instructor can take the pieces and rearrange them or change them 
as is necessary for their course, so long as they abide by the founda-
tional principles of each component further discussed in Sect. AI-Lab 
Framework
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alongside introducing beneficial use cases, to highlight the 
pitfalls of unreflective GenAI reliance, which impede skill 
development. Hence, instructors must meticulously curate 
a topic that inherently heightens the likelihood of GenAI 
producing erroneous outcomes. For instance, the realm of 
coding solutions, well-established for ChatGPT’s limita-
tions, provides an illustrative case [41]. Our experience with 
GenAI tools has revealed that concepts involving pointer 
manipulation, concurrently managing multiple data struc-
tures within a singular algorithm, and asking for illustra-
tive examples of graph problems tend to confound the tool’s 
performance.

The prelab phase consists of three activities that students 
must complete prior to the ensuing in-person lab session (to 
be elaborated on in the following subsection). The underly-
ing objective of the prelab phase is to provide students with 
an initial exposure to the chosen GenAI tool, fostering a 
sense of familiarity and comfort in its application. The three 
activities are the following:

First Activity: Perceptions Survey

Students must complete a survey that gauges their percep-
tions regarding using GenAI tools. The survey seeks to cap-
ture students’ firsthand experience with GenAI tools and 
their observations of how their peers use them. This prelimi-
nary survey is crucial, furnishing instructors with valuable 
insights into students’ perspectives on GenAI tool utilization 
within an academic context. We provide the prelab survey 
questions in an appendix in the full version of the paper.

Second Activity: Familiarity with the Tool

Students must create an account on the chosen GenAI tool 
and acquaint themselves with it. This process involves pro-
viding students with detailed instructions, including illustra-
tive prompts they can directly copy and paste. These exam-
ple prompts serve as a means for students to engage with the 
tool’s functionality firsthand.

Subsequently, students embark on their tool explora-
tion using self-generated prompts. With chat-based GenAI 
tools, students can begin with a broad query, such as “Tell 
me about yourself,” and continue the interaction by posing 
elementary questions. This dynamic mirrors human con-
versation, allowing students to engage with the tool as if 
conversing with another human. Other potential prompts are:

•	 What are some of the places to visit in [your city]?
•	 Does [your university] actually have anything fun to do?
•	 What is a good recipe for [some dessert]?
•	 Help me plan a trip to [a place you want to visit].

Upon establishing proficiency with these introductory 
inquiries, students are encouraged to transition toward 
queries that align with their domain of study in computer 
science. We suggest providing prompts relevant to topics 
covered in the course curriculum. These prompts serve as 
a mechanism for students to assess the accuracy and com-
prehensiveness of the tool’s responses. It is imperative to 
note that these provided prompts are deliberately concise, 
comprising no more than a single sentence. Students are 
empowered to pose questions about topics covered in the 
course, leveraging the tool to revisit, reinforce, or seek fur-
ther clarification on their learning. Some example prompts 
are:

•	 What is Big-O?
•	 What is a Linked List? Help me visualize a Linked List.
•	 What is a Left-Leaning Red-Black Tree? Give me an 

example of a Left-Leaning Red-Black Tree.

Third Activity: Topic Heads‑Up

Students will request explanations from the GenAI tool 
regarding the forthcoming lab session’s subject matter. 
To facilitate this phase, the instructor will give students a 
prompt to copy and paste into the tool directly. This step 
affords students a concise preliminary overview of the 
upcoming lab topic. The prompt’s structure adheres to the 
“persona prompt pattern,” [42] a strategy grounded in the 
observation that GenAI tends to yield enhanced and tailored 
outcomes when provided with a contextual role to assume.

We propose the following prompt template for students to 
run in the GenAI tool: “Act as a [top-level expert in the field 
you are trying to learn about, with qualifications or titles if 
necessary]. I want you to introduce me to [topic] briefly. I 
already know [list all relevant previous knowledge here]. 
The learning objectives for this section are as follows: [list 
of learning objectives to be satisfied].”

We advocate for the active engagement of students in 
crafting personalized queries aligned with their chosen 
subject matter. An effective strategy involves leveraging 
Bloom’s Revised Taxonomy [43] to formulate precise learn-
ing objectives. Students can articulate these objectives in 
their vernacular and subsequently use a chat-based tool to 
rephrase or rearticulate them, employing taxonomy-specific 
terminology. As an illustrative exercise to unveil these capa-
bilities, students can prompt ChatGPT to rephrase their self-
defined learning objectives using the taxonomy. To facilitate 
this exercise, a designated prompt is suggested: “Act as a 
professor of engineering education to rephrase some learn-
ing objectives using Bloom’s revised taxonomy. The learning 
objectives are: [List the learning objectives you want].”
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In‑Class Lab

In this lab segment, students delve into the diverse applica-
tions of GenAI, understanding both its ideal use cases and 
its limitations. An interactive component is woven into this 
phase, wherein students undertake the instructive role them-
selves to acquire mastery over a novel topic. To facilitate this 
interactive engagement, students must bring their laptops 
and participate in a synchronized learning experience guided 
by instructor-led demonstrations.

The class begins with the instructor offering a concise 
review of the day’s content, based on the expectation that 
students have completed the prelab activities. This intro-
duction sets the stage for the day’s main focus: GenAI in 
education.

The session begins with a brief overview of GenAI, 
highlighting its core principles and real-world applications. 
Instructors are encouraged to ask students “what do you 
think GenAI is useful for? For example, drafting or rewrit-
ing emails.” And then proceed to give them 4 min (approxi-
mately) to answer. Encourage all responses, as we have 
found that as soon as someone says “drafting my English 
essays” or the like, many students begin to relax and con-
tribute in ways that you likely did not realize GenAI was 
being used for (even if some are slightly concerning, such 
as using GenAI as a therapist).

This overview is followed by a quick refresher on the 
basic prompts to ensure everyone is on the same page. The 
focus then shifts to GenAI’s application in Education and 
Computer Science. In the context of Education, discussions 
revolve around personalized examples, in-depth explana-
tions, concept simplification, and generating practice ques-
tions. The Computer Science segment delves into generat-
ing boilerplate code, crafting standard data structures and 
algorithms, identifying test cases, and aiding debugging. 
Two key takeaways for students are identifying instances of 
educational use cases and building confidence in identifying 
GenAI’s mistakes.

In light of these discussions, it becomes imperative for the 
instructor to guide students in the art of formulating effective 
prompts. For a detailed discussion on best interacting with 
these tools, please see the overview in [40]. The discussion 
could be as follows:

First Step: Specific Context

Each prompt should commence with role and context deline-
ation. These two essential components constitute the prereq-
uisites for eliciting high-quality outcomes, a principle encap-
sulated in the ’persona prompt pattern’ [42]. For instance, 
consider the prompt: “Assume the role of a collegiate pro-
fessor holding a Ph.D. in Computer Science, addressing a 
sophomore-level class on data structures and algorithms 

where students possess familiarity with Java.” It is pivotal 
to consistently specify an expert’s role alongside a specified 
level of proficiency or qualifications. The context element 
establishes the framework within which the response will 
be generated, tailored to the educational level of the stu-
dents. Concluding the prompt by specifying the audience’s 
familiarity with certain concepts enables the tool to utilize 
appropriate technical terminology and tailor the response to 
the student’s existing knowledge base, thereby enhancing the 
effectiveness of the interaction.

Second Step: Specific Request

Crafting effective prompts is pivotal for eliciting high-
quality outcomes from GenAI interactions. While simple 
prompts often fall short of yielding optimal results, more 
elaborate and, at times, quantifiable instructions tend to 
enhance the quality of GenAI’s outputs[44]. For instance, 
while the prompt “Give me a set of 10 problems for practic-
ing Huffman encoding.” may not guarantee a flawless set of 
problems, but it is reasonable to anticipate a subset, typically 
2–4 out of 10, will be good quality. It is crucial to acknowl-
edge that perfection is not the norm. Emphasizing speci-
ficity in prompts, which often entails integrating multiple 
directives, can augment the depth and breadth of GenAI’s 
responses. In this example:

•	 “give me” serves as a command, functioning as a specific 
and directed request aimed at the tool.

•	 “a set of 10 problems” designates a precise numerical 
value to provide a range of options for selection, facili-
tating access to a focused collection of tasks (a problem 
set).

•	 “for practicing” contributes to the overarching objec-
tives. This element tailors the problems to support learn-
ing and active engagement with various aspects of the 
subject matter.

•	 “Huffman encoding” encapsulates explicit terminology 
that pinpoints the exact subject under scrutiny. It is pos-
sible to delve into different levels of specificity, yielding 
varying degrees of success (typically greater success 
with heightened specificity). For instance, you could 
request questions about “compression trees” in a broader 
sense, which would provide more theoretical inquiries. 
Conversely, soliciting problems concerning “using fre-
quency analysis to create a Huffman Tree” would furnish 
you with a set of scenarios dedicated explicitly to honing 
this particular skill.

Third Step: Specific Goals

The inclusion of goals within prompts is discretionary. For 
tasks that are concise and straightforward, the inclusion 
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of goals may be optional. However, suppose the objective 
entails formulating an extensive series of questions and 
examples, generating ideas, or addressing multifaceted tasks. 
Providing a broad outline of the intended direction is pru-
dent in that case. This practice serves as a navigational aid 
for the GenAI tool, ensuring it aligns with the overarching 
purpose of the task at hand.

Experiencing Success and Failure: Group Activity

This module builds on the initial aims of the AI-Lab outlined 
in the introduction to Sect. AI-Lab Framework, specifically: 
(1) to introduce students to a meaningful and beneficial 
usage of GenAI in the educational setting, especially in its 
potential to enhance educational outcomes, and (2) to high-
light the fallibility of AI, specifically its potential to produce 
incorrect outcomes confidently.

In practice, these objectives are met through a dynamic, 
in-class interaction where students use the GenAI tool under 
guidance. This setup not only demonstrates the tool’s capa-
bilities but also its limitations, providing a rich basis for dis-
cussion and learning. In particular, the instructor can adopt 
one of two approaches during the interactive class sessions: 

1.	 Direct Interaction: The instructor operates the GenAI 
tool live, engaging the whole class in deciding the next 
steps and discussing the outcomes in real-time. This 
approach fosters a collaborative environment where stu-
dents can actively participate in steering the direction 
of the interaction with GenAI, but allows the instructor 
more control over the discussion and student takeaways.

2.	 Think/Pair/Share [45]: Students work in small groups 
to explore GenAI’s capabilities and limitations through 
structured exercises. After working independently or in 
pairs, students reconvene as a class to discuss their find-
ings and the errors identified, facilitated by the instruc-
tor. This approach, while giving less direct control to the 
instructor, usually provides a broader and more engag-
ing range of experiences for students, allowing them to 
explore topics they are interested in within the scope of 
the instructor’s selected activities.

For either approach, the activities are designed to be light-
hearted and instructive, rather than rigorous. For example, 
one can provide the following three options for the think/
pair/share activity (note that the content selected during this 
AI-Lab example was (Strongly) Connected Components):

•	 Tarjan’s Algorithm Example: Generate an example of 
Tarjan’s algorithm, review each step, and identify any 
inaccuracies in the execution.

•	 Exam Practice Problems on Tarjan’s Algorithm: Create 
practice questions related to Tarjan’s algorithm for an 

exam, along with answers. Critique either the questions 
or the answers (or both).

•	 Pseudocode Writing Problems: Using a topic covered 
this semester, request GenAI create practice problems 
for writing pseudocode. Critique the response.
–	 In particular, this third item can be anything the stu-

dents have struggled on during the semester. We like 
to put what students struggled on most during the 
last exam.

Ultimately, the aim of these activities is not just to demon-
strate the tool’s capabilities, but to foster a nuanced under-
standing of GenAI among students. Through guided experi-
mentation and discussion, students will discover unexpected 
applications of GenAI and learn to navigate its imperfec-
tions. These experiences are invaluable as they equip stu-
dents with the basic skills of prompt engineering and critical 
assessment, preparing them for more advanced applications 
in their future academic and professional endeavors. The 
instructor’s firsthand experiences with GenAI tools play a 
pivotal role in highlighting unique and thought-provoking 
use cases, enriching the students’ learning journey.

Post‑Lab

The post-lab segment is a pivotal phase for reinforcing 
students’ comprehension and offering instructors valuable 
insights into GenAI’s integration within academic contexts. 
This phase encompasses a meticulously designed worksheet 
tailored to encompass a spectrum of tasks undertaken using 
GenAI. While the content need not be exclusively Com-
puter Science-oriented, a worksheet section should be dedi-
cated to the domain. This particular section should revolve 
around the subject matter covered in the class, encompass-
ing activities such as problem-solving, question generation, 
critical evaluation of GenAI’s topical outputs, or similar 
engagements.

A worksheet of this nature can be relatively straight-
forward, often comprising a single inquiry pertinent to 
the topic explored during the in-class lab, to be addressed 
as part of a subsequent homework assignment. This query 
should be designed in a two-fold manner: the initial seg-
ment prompting students to attempt problem-solving uti-
lizing GenAI and the latter urging them to tackle the same 
issue via conventional conceptual approaches. From our 
practical observations, topics that expose GenAI’s limi-
tations can engender a pivotal juncture wherein students 
grapple with its shortcomings and then opt for a tradi-
tional problem-solving route. We advocate for instructors 
to engineer scenarios that tap into GenAI’s technical capa-
bilities. These scenarios can encompass diverse facets, 
such as implementing intricate details in a specific pro-
gramming language, devising comprehensive test cases, 
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identifying corner cases, establishing rational boundaries 
for asymptotic analysis, or seeking real-life applications.

Suppose the instructor opts to assign tasks that are not 
directly tied to the current topic covered in class. In that 
case, they can consider providing assignments that per-
tain to subjects of potential importance or relevance to the 
course yet may not be fully covered within the confines 
of traditional lectures. This approach could involve tasks 
prompting students to independently explore a subject that 
holds potential benefits but might be excluded from the 
list of core curriculum topics. For instance, tasks related 
to web development, unit testing, or other complementary 
areas could be incorporated to broaden students’ skill sets 
and knowledge horizons.

A significant task related to the covered topic involves 
having students utilize GenAI to generate problem ques-
tions or examples about the subject they have learned:

•	 Initiate the process by prompting them to devise ques-
tions regarding a familiar topic that has recently been 
taught and is within their comfort zone. Although it is 
possible to use the just-learned topic, generating practi-
cal learning objectives might pose a challenge. Provid-
ing learning objectives becomes optional if the topic 
is relatively straightforward and students have a solid 
understanding.

•	 Transition to having students generate questions about 
the topic introduced in the lab to strengthen their 
capacity for question generation and evaluation. In this 
scenario, learning objectives must be provided.

•	 Encourage students to select two appealing questions 
and elucidate their reasons for favoring them. Subse-
quently, instruct them to solve these chosen questions 
using GenAI and individually. Emphasize the value of 
employing GenAI after individual problem-solving, as 
it offers a distinct perspective, ensures topic compre-
hension, and enables comparison with GenAI-gener-
ated responses.

•	 Direct students to assess GenAI’s answers based on the 
following criteria: technical accuracy, relevance to the 
posed question, and comprehensiveness of the response 
in addressing all aspects of the inquiry.

•	 Depending on the instructor’s intended class discus-
sion scope, there is an option to supply 1–5 instructor-
generated questions related to the recently taught topic. 
Students would then solve these questions autonomously 
using GenAI and analyze the resultant answers. This task 
aims twofold: reinforce learning through independent 
application and critically evaluate GenAI’s responses.

Concluding the cycle, reintroduce the survey from the initial 
stage of the prelab. This feedback mechanism aims to gauge 
the reception of GenAI utilization and provides valuable 

insights into students’ evolving perspectives throughout the 
learning journey.

Experience and Preliminary Data

We conducted a preliminary AI-LAB experience in the Sum-
mer of 2023. We implemented the AI-Lab framework within 
the context of CS251 - Data Structures and Algorithms, a 
pivotal undergraduate course offered by the Department 
of Computer Science at Purdue University. We employed 
ChatGPT 3.5 as the chosen GenAI tool due to its open avail-
ability. Our decision to focus on Huffman Coding as the 
lab topic was twofold: Firstly, due to its alignment within 
the course, students should be ensured of a foundational 
grasp of the requisite underlying data structures. Secondly, 
Huffman Coding was chosen for its propensity to expose 
various errors in GenAI outputs during the coding algorithm 
execution, as evidenced by our experiences with ChatGPT 
3.5, while still demonstrating to students the usefulness of 
GenAI in, for example, giving conceptual explanations for 
the confusing topic.

Before moving to specifics, the authors want to emphasize 
explicitly that this was a preliminary study, and thus lacks 
the full analytical weight of a rigorous research study. Our 
preliminary study sought to pilot the framework and allow 
us to collect preliminary data which we can use to guide 
future implementations of the lab in much larger settings 
(800+ student courses). As such, we do not elaborate on 
the implementation context, data collection methods, back-
ground of participants, etc. beyond what is described above, 
so as to avoid the illusion that this intends to be a rigorous 
educational study of the impact of our AI-Lab intervention. 
This paper only intends to introduce the framework and give 
some minor evidence that we have tested this framework, 
along with presenting one statistic from the pre-survey that 
might be startling for readers, as it was for us.

We utilized the subsequent prompt to engage ChatGPT in 
introducing students to Huffman Coding: “Act as a computer 
science professor who has been trained how to teach well. 
I want you to introduce me to Huffman Coding briefly. I 
already know String pattern matching and Tries. The learn-
ing objectives for this section are as follows: 1. Analyze and 
illustrate the process by which Huffman coding compresses 
data. 2. Decompose and evaluate the structure and informa-
tion presented in a Huffman tree. 3. Compute the bit require-
ment for a specific set of data using Huffman coding and 
validate its efficiency.”

In this preliminary experience, we observed a notable 
attendance of 38 out of 41 students during the in-person 
session. The session’s instructor meticulously navigated 
through the previously outlined prelab steps, acquainting 
the students with GenAI, ChatGPT, foundational prompts, 
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and real-life instances. Progressing into the heart of the 
session, interactions between students and ChatGPT 
unfolded, centering on the definitions and significance of 
Huffman Coding. The instructor adeptly elucidated essen-
tial concepts as students engaged with the tool. To exem-
plify the algorithm’s operation, students were prompted to 
collaborate in pairs, tasking ChatGPT with constructing 
Huffman Coding Trees for diverse strings. Swiftly, stu-
dents were compelled to flag ChatGPT’s errors–some of 
which teetered on the realm of absurdity–bringing them 
to the attention of their partners and instructors. By incor-
porating the Think/Pair/Share technique [45] on Chat-
GPT’s fallibility, students swiftly engaged in discourse 
and contrasted outcomes across pairs. Eventually, two 
groups (owing to logistical constraints) were designated 
to share their prompts and resultant outputs with the entire 
class. During this sharing, all groups adeptly discerned 
the errors, rectified them within the collective setting, and 
subsequently engaged in reflective discussions regarding 
the tool’s accuracy.

The following is a partial preliminary analysis of the 
pre- and post- surveys conducted during an early itera-
tion of the AI-Lab. The analysis of the anonymous pre-
survey data unveiled intriguing insights. Firstly, at least 
54.5% of surveyed students were using GenAI tools for 
homework help. This figure might even be an underesti-
mation, considering potential hesitations in self-report-
ing. Recent literature and news articles suggest that the 
actual number of students using GenAI and the variety of 
their methods might be more extensive than previously 
assumed by educators [5, 15]. Furthermore, when exam-
ining the question about peer usage of GenAI on home-
work, it was revealed that at least 60% of the surveyed 
students were aware of fellow students incorporating 
GenAI tools into their coursework. To elaborate, 2.9% of 
respondents indicated that 100% of their peers employed 
GenAI, 17.1% said 75%-99%, 20% said 50%-74%, 8.6% 
said 25%-49%, 11.4% said 1%-24%, 2.9% said 0%, and 
37.1% expressed “uncertainty". Delving deeper into the 
pre-survey and post-survey findings, a discernible shift in 
students’ perspectives concerning GenAI tool utilization 
for educational purposes emerged. Regarding the question 
on perception of GenAI reliability, the pre-survey results 
per option stood at 0% for 1 (Very unreliable), 41.7% for 
2, 44.6% for 3, 11.1% for 4, and 2.8% for 5 (Very reliable). 
Remarkably, the post-survey outcomes for the same ques-
tion exhibited alterations: 10.3% for 1 (Very unreliable), 
27.6% for 2, 41.4% for 3, 13.8% for 4, and 6.9% for 5 (Very 
reliable). These variations underscore a perceptual shift in 
GenAI’s reliability. Although derived from a controlled 
environment within a limited student population, these 
insights provide a glimpse of achievement in alignment 
with the proposed framework’s objectives.

Discussion and Future Work

The rapid ascent of GenAI tools, mainly since November 
2022, has sparked a wave of disruptions within comput-
ing academic circles, compelling instructors to recalibrate 
their strategies, adapt their approaches, or even adopt new 
stances in response to the evolving landscape [18]. While 
educators and researchers have anticipated the advent of 
AI tools in education, the integration of these diverse AI 
techniques into the intricate fabric of STEM education has 
posed formidable challenges, as underscored by Xu and 
Ouyang, who observed that “the application of AI technol-
ogy in STEM education is confronted with the challenge 
of integrating diverse AI techniques in the complex STEM 
educational system” [46]. Before the resounding impact 
of GenAI and its critical reception, AI tools were regarded 
as relevant but not yet transformative forces in education. 
As articulated by Zhai et al., “[Machine Learning] has 
transformed—but not yet redefined—conventional science 
assessment practice in terms of fundamental purpose, the 
nature of the science assessment, and the relevant assess-
ment challenges” [47].

Nonetheless, drawing from our academic roles and the 
firsthand experience we have gained with GenAI tools, we 
posit that GenAI’s impact mirrors the transformative shifts 
witnessed with the advent of accessible platforms such as 
the Web, Search Engines, and the Internet within house-
holds. GenAI appears to be the latest addition to the toolkit 
available to the Net Generation [48], a generation that 
includes students and instructors, each hailing from the 
same era of digital ubiquity. The allure of GenAI tools in 
the contemporary software development landscape is pal-
pable, naturally enticing students to explore their potential. 
However, the pace of change within the academic realm 
does not match the rapid release of new GenAI tools in the 
tech industry. The inevitable consequence could be stu-
dents appearing to excel in their coursework with appar-
ent ease, giving rise to a situation where “our students 
have changed radically. Today’s students are no longer 
the people our educational system was designed to teach” 
[49]. This dynamic poses intriguing questions about how 
educators must adapt their strategies to accommodate the 
paradigm shift facilitated by GenAI tools.

In this study, we sought to propose a framework for 
answering the question “How can educators guide stu-
dents’ interactions with GenAI to preserve core skill 
development during their foundational academic years?” 
This framework accentuates GenAI’s benefits and poten-
tial as a pedagogical instrument as well as demonstrating 
its failures. The framework equips instructors with tools 
for evaluating students’ progress and understanding and 
seeks to prevent the Junior-Year Wall. This paper serves 
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as the foundational framework for future studies in which 
we are performing rigorous educational studies into the 
effectiveness of the AI-Lab in answering this and other 
research questions.

Given the recent emergence of readily accessible GenAI 
tools, the exploration of their application within academic 
environments is still in its early stages. A pivotal question 
surfaces within the context of integrating Generative AI into 
programming courses: “When instructing students in uti-
lizing GenAI, what facets of pedagogy and subject matter 
remain within the purview of educators?” We contend that, 
especially in courses emphasizing the foundational aspects 
of Computer Science, educators should prioritize cultivat-
ing mathematical reasoning and problem-solving skills over 
mere coding proficiency. Echoing the sentiments of Leslie 
Lamport, coding is akin to the mechanical act of typing in 
the realm of programming, a sentiment well-expressed in 
his observation, “coding is to programming what typing 
is to writing” [50]. This insight highlights the necessity of 
emphasizing broader cognitive skills that transcend specific 
programming languages or tools.

Appendix

GenAI Lab Framework

This lab/lecture aims to introduce generative AI to students. 
It is a lab that focuses on teaching students some of the 
strengths of ChatGPT8 and emphasizes that one cannot 
mindlessly trust the responses from ChatGPT. It ensures 
students understand when to use ChatGPT in their studies.

The lab/lecture will consist of three main parts: 

1.	 Pre-lab: The students must complete this part of the lab 
before they attend the lecture/lab. It focuses on students 
having a basic exposure to ChatGPT to ensure that they 
are ready for the lecture/lab and do not interact with 
ChatGPT for the first time during the lab/lecture.

2.	 Lab: This interactive lab/lecture covers some aspects of 
ChatGPT. It uses ChatGPT as a learning tool where the 
students will learn a topic using it.

3.	 Post-lab: This worksheet is geared towards students 
using ChatGPT for various tasks. It may or may not be 
CS-specific. However, one part of this worksheet should 
focus on problems related to the topic covered in class 
(solving questions, generating new questions, evaluating 
ChatGPT’s topical responses, etc.).

Pre‑lab

Note: At some point, this pre-lab introduces a topic that will 
be taught in the lab using ChatGPT. Choosing this topic 
carefully is imperative as ChatGPT can perform extremely 
well, averagely, or poorly, depending on the topic. Hence, 
the topic will set the tone of the entire lab.

Perspective: The following section is written as if the 
student is reading this as a worksheet. (This is an outline/
example of what a pre-lab should be like. There are parts 
of this lab that refer to topics in computer science. The out-
line will largely be the same for other disciplines, with the 
computer science topics replaced with topics specific to the 
class/course this lab is being offered in.) 

Please make sure that you do the pre-lab survey before 
starting this pre-lab.

Please ensure that you have completed the following steps 
before you attend the lab/lecture:

Step 1: You must have an account to use ChatGPT. If you 
don’t have one already, please sign up for one at https://​chat.​
openai.​com/

Step 2: Once you have signed up for an account, familiar-
ize yourself with the tool by getting comfortable with the 
user interface and by asking the tool a few questions.

For example, start with a general question: “Tell me about 
yourself.” Once the tool responds, continue asking the tool 
some basic questions. You can talk to it as you would to a 
human. Some example questions are:

•	 What places are there to visit in Indiana? Or, does West 
Lafayette/Lafayette, Indiana, have anything to do?

•	 What is a good recipe for chocolate chip cookies?
•	 Help me plan a trip to <a place you want to visit>

Once you are comfortable with these general questions, 
move towards questions more in line with your studies in 
computer science. You can ask questions about topics that 
you have learned in this class and ask them to revisit the 
topic with you or reteach you a topic. Some example ques-
tions are:

•	 What is Big-O?
•	 What is a linked list? Help me visualize a linked list.
•	 What is a left-leaning red-black tree? Give me an exam-

ple of a left leaning red black tree.

Note: If you have a question about one of its responses or it 
uses terminology you are uncomfortable with, try asking it 
follow-up questions. A general tip to any question you ask is 
to be specific. Tell it exactly what you want. Give it context. 
Give as many details as you can. For example, for the ques-
tion - Help me plan a trip to <a place you want to visit>, you 
can tell it details like:8  Or any chosen chat-based generative AI.

https://chat.openai.com/
https://chat.openai.com/
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•	 How much time do you have?
•	 What time of the year do you want to visit that place, or 

are you open to any time during the year?
•	 Is there a specific thing/activity you are interested in at 

that place?
•	 Other relevant details that you might have.

Treat your prompt as if you were giving instructions to a 
personal assistant. They need to know every detail you can 
give them to make the best trip possible for you. The same 
is true of ChatGPT.

Step 3: Finally, let’s introduce the topic that will be 
covered in the lab/lecture. Use (copy) the prompt that we 
give you for this task. We have provided you with an exact 
prompt that you will use for this lab and a version with the 
basic structure of the prompt written out. You only need to 
introduce yourself to the topic. We will be going into the 
details in the lab/lecture.

Prompt to copy: “Act as a professor of computer science 
at a top 10 engineering university who has been trained to 
teach well. I want you to give me a short introduction to 
Huffman Coding. I already know String pattern matching 
and Tries. The learning objectives for this section are as 
follows: 1. Analyze and illustrate the process by which Huff-
man coding compresses data. 2. Decompose and evaluate 
the structure and information presented in a Huffman tree. 3. 
Compute the bit requirement for a specific set of data using 
Huffman coding and validate its efficiency.”

Note the very specific task we assigned: briefly introduc-
ing a particular topic.

Fill-in-the-blank Prompt: “Act as a [insert top-level 
expert in the field you are trying to learn about, with more 
qualifications or titles if necessary]. I want you to introduce 
me to [whatever the topic is] briefly. I already know [list all 
relevant previous topics here]. The learning objectives for 
this section are as follows: [do some work to figure these out 
(see below), or ask the professor].”

Feel free to ask questions or clarifications on the response 
ChatGPT generates. Chat with it like you would to a pro-
fessor and ask for further explanations and examples. You 
can also ask it to help you visualize the topic you are try-
ing to learn. Note that ChatGPT3.5 is not very good at giv-
ing visual examples for Huffman Encoding and some other 
graphical topics, in particular.

Note: You may want to try the sample prompt with a topic 
of your choice. A pro-tip is to use Bloom’s Taxonomy for 
defining the learning objectives. You can define the learn-
ing objectives in your own language and ask ChatGPT to 
rephrase/rewrite them using Bloom’s Taxonomy. More about 
Bloom’s Taxonomy here: https://​cft.​vande​rbilt.​edu/​guides-​
sub-​pages/​blooms-​taxon​omy/

You can use the following prompt to rewrite learning 
objectives using Bloom’s Taxonomy: “Act as a professor of 

engineering education to rephrase the learning objectives 
using Bloom’s taxonomy. The learning objectives are: <List 
the learning objectives you want>.”

You can use this prompt to get learning objectives for 
introducing a topic: “Act as a professor of engineering 
education and computer science. Give me three learning 
objectives using Bloom’s taxonomy for the topic of Huffman 
Encoding for an in-class lecture.”

Lab/Lecture

This part of the lab will focus towards familiarizing students 
with uses of ChatGPT, when should it be used, when should 
it not be used, what it is good at, what might it not be good 
at, etc. This will also have an interactive part where the stu-
dents will teach themselves a new topic. Students should 
have laptops to use ChatGPT in class, as the instructor does 
on the projector.

Start with: what is GenAI? How is it useful in daily life? 
What are some of the more straightforward tasks it can and 
is good at?

•	 Try using GPT.
•	 Make sure to include examples - Some of these have been 

covered in the pre-lab worksheet. A quick recap or live 
demonstration should be good to get everyone on the 
same page.

Then, proceed towards using GenAI in education. When 
should you use it, and when should you not use it?

•	 Have students brainstorm what GenAI is useful for as a 
class for a few minutes. Write down their responses.

•	 Personal tutor for conceptual questions:

–	 It is good to teach oneself one topic.
–	 Good to ask questions on a concept you don’t under-

stand.
–	 It is good to generate practice questions on a topic 

you want to strengthen.
–	 Feel free to give students this list of prompt phrases 

they can use to get better educational benefit out of 
the tools: “We would strongly encourage you to use 
the tools with phrases as follows:

* Help me with X, don’t give me all the answers 
but help lead me to it
* Provide suggestions for how to start without 
solving my problem
* Find my bug but don’t tell me exactly where it 
is, help me discover it for myself
* Only give me a partial solution to my problem, 
don’t give it all away but guide me to the answer

https://cft.vanderbilt.edu/guides-sub-pages/blooms-taxonomy/
https://cft.vanderbilt.edu/guides-sub-pages/blooms-taxonomy/
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* Here’s my problem, help me find the issue by 
asking me guiding questions only

•	 It is good to reword sentences to make them more precise 
and clear. It is also quite creative to add narrative to a 
story or a motivating example for a question or in a dif-
ferent scenario, which requires adding narrative to a story 
or a motivating example.

•	 Asking homework questions or project questions without 
understanding the topics is something that should not be 
done.

•	 A very important point to get across to the students is 
to make sure they know that not only will it (ChatGPT) 
make mistakes, but that it sounds very confident in them. 
Give a specific example here and say we’ll play with this 
idea of mistakes in output to help teach you topics.

•	 It shouldn’t be mindlessly trusted as it makes mistakes 
when solving some of the easiest questions. (something 
we will see later in the lab).

Do the students know how to use GenAI well? Go over how 
to use GenAI. Using the framework saw a drastic improve-
ment in the answers provided by ChatGPT.

GenAI Framework: How Can We Use GenAI Well?

Understanding how to interact with GenAI:

•	 The single most important thing you can get from this 
section is that you must be clear, concise, and specific 
with what you want.

–	 Imagine you are giving instructions to a 4–6 year-old 
child. They are very good at executing exactly what 
you tell them to do, assuming they know how to do 
it, but are not very good at understanding what you 
meant for them to do if it does not align with what 
you told them to do exactly. ChatGPT is like a 4–6 
year-old child trained on the internet instead of just 
4–6 years of human experiences.

–	 Furthermore, you can converse with it (“Chat”) just 
like you would a human. You can say things like “the 
part about X wasn’t very clear, could you explain 
it differently, please?” or any other way you would 
communicate with a human being. It is a language 
model, so understanding what you say to it is what it 
is best at.

•	 Another thing we want to emphasize here is do not expect 
it always to be perfect, and do not give up because it 
didn’t give you what you wanted the first time. Much like 
a Google search, you may have to tailor your search to 
get exactly what you want.

–	 For example, if you ask it to give you 10 things that 
match your requirements, you may get 2–4 decent 
or good responses. From there, you can tell it which 
ones you liked and work with each one individually 
to make it better.

Crafting Your Prompt

There are three parts to crafting your prompt: 

1.	 Set your context. For example, “act as a collegiate pro-
fessor with a PhD in computer Science for a sophomore 
level data structures and algorithms course. Students 
are familiar with Java.”

•	 Always specify at least one expert to act as. You 
could specify multiple (e.g., “act as a computer sci-
ence professor and experienced statistics researcher”) 
or add qualifications as we did in the prelab if those 
qualifications aren’t obvious (e.g., “Act as a profes-
sor of computer science at Purdue University who 
has been trained how to teach well.”)

•	 Tell it what setting that expert is acting in. These 
give it a starting point for what level of help you are 
asking for. For example, “Act as a political science 
professor teaching a summer school for gifted high 
school students” vs. “Act as a political science pro-
fessor teaching a summer school for academically 
advanced high school students” tells two slightly 
different messages.

–	 The first states that the students are smart but 
likely don’t have an introduction to the material 
yet and have likely only experienced high school 
level education before.

–	 The second states that students are smart and 
likely have taken collegiate-level dual-enroll-
ment-style courses, and thus are more accus-
tomed with the speed and density of collegiate-
level material.

–	 In our prompt, we specified “sophomore level” 
class because data structures and algorithms 
courses can be offered at many different lev-
els, so you could get anything from beginner to 
advanced without being more specific.

•	 Lastly, tell it what your audience is specifically 
familiar with when asking it to teach you. This tells 
it what technical lingo is OK to use and what things 
it can assume you know/skip over in explanations.

2.	 Ask it your specific request. For example, “Give me 10 
problems to practice Huffman encoding.”
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•	 It won’t be good on most of them. You may get 2–4 
good problems in a set of 10. Don’t expect it to be 
perfect.

•	 In our request, we did several things of note. Let’s 
break down the prompt:

–	 “give me”: a command, a request, specific and 
directed at it.

–	 “a set of 10 problems”: a specific large number 
so that you have a variation to choose from on a 
specific, actionable thing (a set of problems).

–	 “to practice”: part of your goals, it gives prob-
lems that are more tailored to learning and prac-
ticing the different components of the subject.

–	 “Huffman encoding”: words that clearly identify 
the specific topic you want to practice. You may 
get more or less specific, with varying success 
(likely higher success the more specific you get). 
For example, you could ask for problems about 
“compression trees” in general, which will give 
you more theoretical questions, or about “using 
frequency analysis to create a Huffman Tree,” 
which will give you a set of situations to practice 
that specific task.

3.	 Tell it your goals. This is an optional part of the prompt. 
If your task is simple and short enough, there is likely 
no need to tell it your goals. If you want to craft a long 
set of questions and examples or a detailed itinerary or 
give you ideas or any number of complex tasks, it is best 
to tell it where you generally want to go.

•	 For example, in the prelab, we told it what our learn-
ing objectives were for introducing this topic. From 
there, it knew generally what we wanted you to learn 
and could give a more tailored response.

•	 I asked ChatGPT4.0 what tasks would be best for me 
to specify my goals in the prompt.

Interacting and Dealing with the Response

It’s a chatbot! Use the chat feature! You can tell it to be more 
specific, work with a particular example, give you answers to 
a particular problem it created, or do a large variety of other 
things that tailor responses to exactly what you want. Some 
important things to note: 

1.	 When you are asking it to refine a previous response 
(instead of asking for new content related to previ-
ous responses), make sure you tell it what you liked 
or didn’t like from its response that you want it to 
do more of or change, respectively, before asking it 
to reword. Simply asking it to reword could give you 

many even worse responses. Don’t stop being as specific 
as you can during your conversation.

2.	 When refining particular subsets of lists or specific parts 
of a response, try to separate your queries into one per 
list element or part of a response. It doesn’t do as well 
when you ask it to refine all the questions simultane-
ously. If you think about it, your goals for refining are 
likely a little different for each question.

3.	 If there have been many prompts since you asked it to act 
a particular way or since a response that you keep refer-
encing, try reminding it what you are talking about. 
The LLMs can get confused when the conversation is 
too long without direct reference to certain things. It 
can, for example, forget that you modified code a long 
time ago, so it may be helpful to remind it what code you 
liked by telling it that and copying and pasting the code.

4.	 It can also be helpful just to start a new chat. Espe-
cially when it has gotten a lot of things wrong, it can be 
helpful to give it a fresh start, just like you do when you 
come back to debugging your code after a break (except 
it has to be retaught the context, etc).

Let’s Try it Out!

Proceed towards having students use AI: Use ChatGPT 
to teach students about a topic. Preferably a topic on the 
easier side, something they have heard of but still some-
thing the students haven’t learned about. E.g., stacks and 
queues, hash tables, or Huffman Coding in CS 251.

Based on the lab’s goal - Choose a topic that ChatGPT 
performs well on. Choose a topic on which ChatGPT does 
not perform well. Or maybe choose two topics to show the 
contrast of the performance of GenAI based on different 
topics. An instructor should prepare for these things by 
using GenAI and preparing for the topic they decide to 
teach.

This will continue the pre-lab prompt in which the stu-
dents were introduced to the topic to be taught using Chat-
GPT (e.g., Huffman Coding in the pre-lab above).

Fill-in-the-blank Prompt: “Act as a [insert top-level 
expert in the field you are trying to learn about, with more 
qualifications or titles if necessary]. I want you to introduce 
me to [whatever the topic is] briefly. I already know [list all 
relevant previous topics here]. The learning objectives for 
this section are as follows: [do some work to figure these out 
(see below), or ask the professor].”

Note the very specific task we assigned: briefly introduc-
ing a particular topic.

This lab part should be about the student interacting with 
ChatGPT. Make groups of 2 students to encourage discus-
sion while learning the topic (Think, Pair, Share educational 
framework).
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•	 Help students ask questions to AI and give them enough 
time to go over a topic.

•	 Ideally, a topic should not take more than 20 mins to 
be taught. Provide sample questions or a start like the 
prompt above.

Instructors should consider the following questions in prepa-
ration for the lab.

•	 What should be the prompts provided? What should the 
students do if they have a followup question (in-class) to 
a response from ChatGPT?

•	 Something to think about is whether ChatGPT is good 
with examples of the topic or solving problems related 
to the topic or not. Can ChatGPT provide visual repre-
sentation to make explanation/problem solving easier to 
understand?

•	 Is solving an example by hand necessary? If it is, it is rec-
ommended to have the students go over the topic using 
ChatGPT and then solve an example by hand on the class 
board. Once an example is done by hand, ask students to 
generate more examples using ChatGPT.

At this stage, students should be able to solve the exam-
ple generated by ChatGPT by themselves. Students should 
feel comfortable answering questions and solving examples 
about the topic discussed.

•	 Ask them to evaluate the completeness and correctness 
of the example solved by ChatGPT. Ask two groups to 
discuss and display in front of the class.

•	 Depending on the topic chosen and ChatGPT’s expected 
performance, ask the class if anyone got a correct/wrong 
example solution. Call on groups from both sides to dis-
cuss and display the examples they got from ChatGPT.

•	 Time permits solving the incorrect examples from Chat-
GPT with the help of the class.

•	 While it will be ideal to have the students experience 
chatGPT making mistakes on questions (Topic depend-
ent), having a backup of pictures of instances where 
ChatGPT gave wrong answers (questions on the topics 
they have already learned) is a good idea to share with 
students. You should have run across incorrect examples 
in your preparation for the course.

Post‑Lab

This will be a worksheet geared towards students using Chat-
GPT for various tasks. It may or may not be CS-specific. 
However, one part of this worksheet should focus on prob-
lems related to the topic covered in class (solving questions, 
generating new questions, evaluating ChatGPT’s topical 
responses, etc.).

If the instructor chooses to give tasks unrelated to the 
topic covered in class, they can choose to give tasks related 
to something that may be important or relevant to the class 
but cannot be covered in a lecture setting. For example, a 
task that asks students to teach themselves a topic that will 
benefit them but is not on the list of canonical topics (e.g., 
Web Development, JUnit testing, etc.)

An important task related to the topic that was covered 
in class is to have students generate problem questions or 
examples about the topic they learned using GenAI:

•	 Have them generate questions about a topic (a topic 
that they should be comfortable with and was taught 
recently - the topic they just learned about may be used, 
however having students come up with good learning 
objectives may be hard. Learning objectives should be 
provided however are not necessary if the topic is rela-
tively straightforward and the instructors think that the 
students have a good grasp of it.)

•	 Once they generate questions about a topic they were 
comfortable with (to get them comfortable with gener-
ating and evaluating questions), ask them to generate 
questions about the topic they learned in the lab. Learn-
ing objectives must be provided for this task.

•	 Tell them to give us 2 questions they liked and why they 
liked it. Ask them to solve those two questions using 
ChatGPT and also ask them to solve them on their own. 
Ensure you emphasize why they should solve it using 
ChatGPT after they solve it independently. Some rea-
sons are:

–	 It ensures the student knows if they learned the 
topic.

–	 Gives them a different perspective.
–	 The answer the student gets may or may not match 

what ChatGPT gave, etc.

•	 Ask the students to evaluate the answers that ChatGPT 
gave using these questions:

–	 Is the answer technically correct in everything it 
said?

–	 Does it answer the question asked?
–	 Is it a complete answer? i.e., does it cover everything 

it should about the question?

•	 Based on how much the instructor plans to discuss in 
class, the instructor may or may not provide 1–5 instruc-
tor questions on the topic taught. The task will be again 
to solve it on their own using ChatGPT and analyze the 
answers.

Note: While the students are solving questions using Chat-
GPT, remind them that the tool will likely make mistakes. 
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This will help students realize that they cannot mindlessly 
trust ChatGPT.
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