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Fostering Comprehension in Introductory Programming through
Code Reviews and Verbal Explanations in the Age of Generative
Al: An MSI Case Study

Abstract

Developing effective strategies to support student learning and computational proficiency in
introductory programming courses has long posed a challenge. Prior research underscores the
importance of program comprehension and the ability to clearly articulate one’s understanding as
foundational to developing programming skills. These competencies are crucial not only for
success as students progress through a computing curriculum but also for their long-term
professional growth.

The rapid emergence and increasing accessibility of generative artificial intelligence (GenAl)
tools introduce new complexities for educators and learners alike. While these tools allow
students to use large language model (LLM)-based queries to generate functional programming
solutions with minimal effort, they also raise concerns about overreliance, which may hinder
students’ ability to independently construct and comprehend computational solutions. As GenAl
tools become more pervasive in educational settings, it is essential to ensure that students
continue to develop and retain proficient computational understanding rather than circumventing
it through automated assistance.

This case study examines an instructional intervention implemented in an introductory
programming course at a minority-serving institution (MSI) in the Mid-Atlantic United States
during the Fall 2024 semester. The intervention integrated the use of the GenAl tool, ChatGPT,
within selected take-home assignments and required students to participate in structured code
reviews and verbal think-aloud activities. The objective was to assess students’ ability to apply
their programming skills and concepts while having direct access to a GenAl tool. This approach
also encouraged students to articulate their understanding/comprehension of programming
concepts and explain the reasoning behind their code. Additionally, the study aimed to provide
initial insight on whether students could continue to develop and showcase their programming
skills without becoming overreliant on GenAl tools.

A mixed methods approach was used to evaluate student performance on these selected
assignments, while observing their experiences with ChatGPT. Findings indicated that most
students demonstrated proficiency in interpreting code and articulating their solutions, both in
writing and verbally, even while using ChatGPT. Students also reported that ChatGPT aided their
understanding of programming concepts and supported their development of essential skills in
code review and evaluation. This study examines how such interventions can support students’



development of program comprehension skills in a GenAl-enabled learning environment,
providing insights for educators aiming to adapt instruction while maintaining rigor and depth in
foundational computing education.

1. Introduction

Generative artificial intelligence (GenAl) has become increasingly prevalent in education, with its
influence, use, and integration expanding at a rapid pace. However, in the context of computing
education, tools like ChatGPT also raise significant pedagogical concerns. Educators face
mounting challenges in ensuring that in-class assessments accurately measure students’ genuine
understanding and knowledge acquisition, especially given the ease with which students can use
GenAl to simulate solutions. As a result, it can be difficult to determine whether students are truly
mastering key concepts or simply replicating Al-generated responses.

While GenAl tools like ChatGPT can support students in early programming courses by helping
them generate syntactically correct code and overcome technical barriers, their use also poses
potential risks to students’ cognitive development and understanding of core computational
practices. Relying heavily on such tools may lead students to bypass foundational skills such as
algorithmic thinking, abstraction, and debugging, as they increasingly accept ready-made
Al-generated solutions, often without fully comprehending how or why the code works.

Program comprehension is widely recognized as a critical component of the computational
learning process for novice programmers [1]. Beyond academic settings, this skill is also highly
valued by hiring managers, as students are expected to demonstrate their understanding of code
when seeking internships and job opportunities in the tech industry [2, 3]. As such, early
programming courses have long emphasized the importance of helping students develop the
cognitive models needed to understand structured logic and code behavior [4, 5]. These models
enable students not only to construct coding solutions but also to articulate their grasp of
fundamental programming concepts, an ability that remains essential even in the current era of
accessible GenAl tools.

This article presents an instructional approach designed to address the challenges of fostering
computational learning amid the growing accessibility of generative Al. The model was
implemented in a 17-week introductory Java course at a minority-serving institution in the
Mid-Atlantic United States during the Fall 2024 semester. Rather than prohibiting the use of
ChatGPT, the featured GenAl tool for this initiative, the course purposely integrated it for direct
use into three assignment artifacts completed by 32 students. The aim was to preserve and
promote program comprehension and computational thinking while maintaining academic
accountability. To assess students’ understanding, the assignments incorporated structured
interventions such as code reviews and verbal explanations that required students to articulate
their reasoning and demonstrate a deeper grasp of the course material beyond simply submitting a
written solution for a grade.

The core motivation is to prompt students to actively demonstrate and articulate their
understanding of programming concepts and their written code, while alleviating the potential for
superficial engagement and over-reliance with Al-generated output. This approach seeks to
empower students to become active agents in their learning and not just reliant consumers of



automated solutions. From an educator’s perspective, the outcomes of this work can help
instructors assess students’ authentic understanding by moving beyond written code submissions
and incorporating verbal walk-throughs that demonstrate comprehension, clarity, logic, and
reasoning. When students can effectively articulate how their code works, they demonstrate
learning proficiencies that cannot be manufactured.

The goal of this work is to contribute evidence-based strategies that support and safeguard
authentic computational learning in the presence of GenAl tools. By shifting the focus from
correctness to explanation, this approach safeguards against superficial engagement and
reinforces the students’ ability to take ownership of their solutions and acquired knowledge. In
the age of GenAl, where code can be copied without direct evidence of comprehension and
understanding, these verbal walkthroughs serve as robust indicators of genuine learning. On a
broader scale, this work also seeks to offer an evidence-backed response to the growing
accessibility of GenAl tools in computing education. It promotes student agency, strengthens
conceptual understanding, and redefines assessment practices in a way that is ethically
responsible while maintaining pedagogical soundness.

2. Literature Review
2.1 Program Comprehension

For some time, literature has emphasized the importance of comprehension as a foundational
component of novice programmers’ computational skill development [6, 7, 4]. Researchers have
proposed various approaches to assess and examine programming comprehension, including
pedagogical code reviews [8, 9], mental model evaluations [4, 5], eye-tracking studies

[10, 11, 12], and cognitive learning assessments [13, 14], among others. The literature also
suggests that novice programmers possess a cognitive framework for understanding code that
differs significantly from that of expert programmers [1]. As such, it has been argued that novices
need to develop a more detailed and structured cognitive framework to effectively comprehend
and reason through written programs [15].

Prior to the emergence of GenAl tools such as ChatGPT, comprehension had been firmly
established in the literature as a key method for evaluating students’ ability to read, understand,
and reason through written programs as part of their computational development. However, in the
current landscape, where students can obtain implemented solutions within seconds through
appropriate prompts in ChatGPT (and related GenAl tools), this introduces a potential concern
about reduced engagement in hands-on coding practices. This shift also underscores the need for
new or adapted comprehension methods to ensure that students continue to develop the
computational skills necessary for achieving programming proficiency.

2.2 Code Reviews

One notable comprehension model identified in the literature is the use of pedagogical code
reviews (PCRs), which are structured peer review sessions aimed at deepening students’
understanding of code. A central focus of PCRs is to expose students to essential coding
practices, including code correctness, readability, and functionality. This type of inspection



enables students to recognize poor coding behaviors and habits, with the intent to correct such
tendencies in efforts to employ stronger coding practices to promote efficiency and quality as they
code [16]. Literature also highlights additional skills that students develop through the integration
of PCRs into early computing courses, including communication, teamwork, peer-to-peer
engagement, and interpersonal skills [17, 8]. Such skills are also essential for students to
demonstrate as they seek career opportunities post graduation.

2.3 Verbal Assessments

Verbal assessments, also known as think-aloud assessments, offer another approach to evaluating
students’ comprehensive understanding. This model involves assessing a student’s ability to
articulate their thought process while solving a problem or completing a task [18]. These
assessments are particularly effective in revealing students’ reasoning strategies and
metacognitive awareness. Ericsson and Simon described think-aloud protocols as a window into
short-term memory (STM), emphasizing that only information actively attended to and processed
in STM can be verbalized during task performance [19].

When emphasizing verbal assessments in education, Cowan advocates for the use of concurrent
think-aloud protocols in educational action research. He argues that these methods provide
immediate insight into students’ performance and cognitive understanding, enabling instructors to
better interpret the short-term cognitive operations that influence learning experiences.
Furthermore, Cowan notes that thinking aloud reveals not only whether students rely on

step-by-step reasoning or pattern-matching strategies, but also how they cognitively engage with a
task [20].

In computing education literature, think-aloud assessments have been shown to be effective in
evaluating students’ ability to articulate their computational understanding. Vihavainen, Miller,
and Settle [21], for instance, note that think-aloud assessments expose novice programmers to key
practices such as decomposition, debugging, and conceptual clarification. These assessments
make the learning process more observable to the instructor while facilitating a shared exchange
of knowledge and understanding between student and instructor. Whalley et al. [22] found that
think-aloud verbalization can reveal challenges to effective debugging practices, including
imprecision, a lack of systematic strategies, and incomplete comprehension assessments.

Literature has increasingly examined verbal explanation—based assessments as a means of
addressing unauthorized uses of generative Al, reflecting growing concerns about the reliability
of written work for accurately verifying student understanding [23]. Prior work argues that
traditional oral examinations must be reimagined for undergraduate education, emphasizing that
the unplanned, real-time nature of a viva voce makes it more difficult for students to merely give
the appearance of understanding compared to traditional written assessments [23]. Within
computing and programming education specifically, researchers have begun exploring the
integration of Al alongside oral and verbal explanation—based practices to better gauge student
learning and promote intellectual accountability [24, 25, 26, 27, 28, 29, 30].



2.4 Preserving Academic Integrity in the Era of Generative Al

As GenAl tools continue to emerge and evolve, their increasing accessibility to students presents
new challenges for educators, who must now navigate how to maintain and safeguard the integrity
of learning in the classroom. Literature addressing these concerns is rapidly expanding. In higher
education in particular, there is growing concern that GenAl tools may contribute to academic
dishonesty and cheating. Kumar et al. [31], for instance, argue that GenAl-generated content is
being misused to complete assignments and exams, often evading traditional plagiarism detection
systems due to the sophistication of these tools. Rane et al. [32] highlight current interventions
that universities are implementing to curb Al driven academic misconduct. One such strategy
involves redesigning course assessments to emphasize problem-solving, creativity, and verbal
examinations [32].

In computing education, efforts to protect student learning in the age of GenAl have also received
growing attention. The literature frequently highlights ChatGPT as a prominent GenAl tool used
in classroom-based computational learning settings [33, 34, 35]. In the context of learning to
program, ChatGPT can instantly generate syntactically correct code on demand. This presents a
challenge for educators, especially in determining whether students truly understand the
underlying coding concepts or are merely relying on Al-generated solutions.

Thus, the use of comprehensive strategies such as pedagogical code reviews and verbal
(think-aloud) assessments can serve as critical pedagogical interventions. These approaches
provide instructors with deeper insight into students’ authentic understanding and help safeguard
against superficial engagement with GenAl output. As students verbalize their reasoning,
educators can more effectively evaluate whether learners truly comprehend the logic behind their
coding solutions, rather than merely reproducing or adopting responses generated by Al

tools.

2.5 Conceptual Framework

This work draws upon the well-established and widely recognized framework of Bloom’s
Taxonomy. In the context of curriculum development, the articulation of established learning
objectives, and pedagogical assessment, Bloom’s Taxonomy of Educational Objectives has been
identified as a commonly adopted framework among educators [36, 37]. When emphasizing
programming pedagogy and computational learning, Bloom’s Taxonomy allows for learning
objectives that foster the ability to assess cognitive learning as students engage with mastering
computing protocols and concepts [38]. When examining the six objectives that comprise
Bloom’s Taxonomy in its revised form, remember, understand, apply, analyze, evaluate, and
create [39], each objective can be viewed as an essential element that supports success in
programming pedagogy and computational learning. In introductory programming courses,
students are expected to remember and understand fundamental concepts that can then be applied
in the development of computational solutions. Protocols such as PCRs can be employed to
assess students’ ability to analyze and evaluate developed solutions in terms of correctness,
readability, and functionality. Finally, students’ capacity to create computational solutions serves
as a clear indicator of the effectiveness of their learning and the extent to which knowledge has
been acquired and developed.



Yet, as students gain increasing access to GenAl tools, it is essential that educators recognize this
shift and make appropriate provisions to account for these tools during the learning experience.
Simply prohibiting the use of GenAl in the classroom may be insufficient, as students may still
access such technologies independently. As GenAl continues to evolve in sophistication and
availability, educators must adapt their teaching and assessment strategies to maintain effective
learning objectives and outcomes. Given the rapid advancement of artificial intelligence in
computing, it is becoming more common for students to engage with these tools as they build
their computational skills [33, 34, 35]. Therefore, it is important for assessment methods to move
beyond a direct reliance on written deliverables and instead evaluate deeper indicators of student
understanding and performance. One approach to assess such understanding and performance in
depth are verbal assessments. As discussed in the Literature Review section, verbal assessments
offer direct insight into students’ thought processes [18], active short-term memory, and how they
process and apply acquired information [19]. Moreover, they reveal students’ cognitive reasoning
when working with new material [20]. Verbal assessments also reduce the risk of plagiarism and
address concerns regarding the authenticity of knowledge that may not be genuinely

acquired.

Therefore, this work not only draws upon Bloom’s Taxonomy as its foundational framework but
also emphasizes the importance of capturing the authenticity of students’ computational
knowledge as it is acquired throughout the learning process, particularly in the presence of GenAl
tools. Figure 1 illustrates potential differences between written and verbal explanations of
acquired knowledge, highlighting issues of authenticity within the context of developing
computational skills. A key distinction between these two forms of knowledge reporting lies in
the perceived authenticity of student understanding. While written explanations may introduce
uncertainty regarding the true extent of a student’s computational knowledge, verbal assessments
provide a clearer and more reliable window into authentic understanding and the ability to
demonstrate skills. This framework further illustrates how students engage with a range of
resources, from traditional instructional methods to Al-based tools, as part of their computational
learning process. As students acquire knowledge, it is essential to assess not only the amount of
content retained but also the authenticity of that knowledge. In this regard, written explanations
may leave room for doubt in demonstrating firsthand understanding, whereas verbal explanations
offer a more robust means of gauging the depth and authenticity of student learning.

3. Methods

This initiative implemented two targeted interventions to address the potential impact of the
GenAl tool, ChatGPT, in an introductory programming course: code reviews and verbal
explanations. The objective of this study was to examine students’ ability to effectively use
ChatGPT while completing a set of take-home assignments, involving the application of code
review and/or verbal explanation practices to validate their understanding of targeted course
topics. A mixed-methods approach was used to gather data on students’ performance with
incorporating ChatGPT on selected assignments, drawing on quantitative performance scores and
qualitative comments and feedback provided by the grader. The qualitative comments and
feedback provided by the grader were subjected to thematic analysis [40] to identify patterns and
themes, highlighting the specific challenges and issues that prevented the students from attaining
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Figure 1: Computational Knowledge Processing & Authenticity: Written vs. Verbal Explanations

a perfect score on their deliverables. In addition, pre and post-surveys were administered to the
students to collect quantitative responses reflecting their experiences with ChatGPT, specifically
regarding its perceived impact to enhance their abilities to learn programming, critical thinking
skills, and code review and evaluation skills. These surveys were part of a broader assessment
administered across multiple sections of this introductory Java programming course. Aspects of
this assessment have already been disseminated for publication [41]. The case study represented
in this article reflects student performance from only one section of the course while explicitly
examining their performance with using ChatGPT hands-on. Additionally, the survey data
presented in this article reflect a small subset of questions administered to this targeted section to
exclusively examine such hands-on experiences.

For the assignments and project in this study, students submitted their solutions as .java files,
provided written analyses and reviews of their own or ChatGPT-generated Java solutions as .doc,
.txt, or .pdf files, and/or recorded verbal analyses and reviews in audio or video formats (e.g.,
.mp3, .mp4, .m4a, .mov, or linked URLs) via Blackboard. For each assignment a corresponding
grading rubric was assigned to evaluate the students’ performance. The recorded sessions served
as one of the criterion on the grading rubrics for the third take-home assignment and semester
project.

3.1 Course Context & Design

The course spanned 17 weeks and enrolled 32 students, including 18 freshmen, 11 sophomores,
and 3 juniors. As part of the course requirements, students completed three take-home
programming assignments and one cumulative semester project, all aligned with the course
objectives. Due to the timing of this study’s implementation, the first take-home assignment did
not include any code review or verbal explanation interventions. The incorporation of ChatGPT
began with the second take-home assignment, which required the students to strictly use this Al
tool to generate their programming assignment, and conduct a written code analysis/review on the



Table 1: Descriptive Statistics - Student Performance
Assignment Deliverable Targeted Course Topics Imposed Interventions
Elementary Programming
Take-Home Assignment #1 | Selections None
Mathematical Functions, Characters, and Strings
Conditions
Take-Home Assignment #2 | Loops Code Reviewing
Methods
Single-Dimensional Arrays
Take-Home Assignment #3 | Double-Dimensional Arrays
Classes and Objects

Code Reviewing
Verbal Explanation

Code Reviewing

Semester Project All Topics (Selected Set) Verbal Explanation

Table 2: Grading Description for Second Take-Home Assignment

Criteria Points Distribution Ranges
Initial Conceptualization 0 - 25 points
Generated Java Solution 0 - 25 points
Code Analysis & Correctness 0 - 25 points
Comparative Examination 0 - 25 points
TOTAL POINTS POSSIBLE 100 points

generated solution. More details regarding the protocol used for the ChatGPT-based assignments
and project are discussed in further detail in the next set of paragraphs. Table 1 outlines the
administered take-home assignments, the targeted topics, and the associated interventions.

For the second take-home assignment, students were first required to carefully review the problem
description and associated Java implementation requirements. Rather than immediately coding a
solution, they began by conceptualizing an ideal approach to identify relevant concepts,
paradigms, and data structures needed to solve the problem. Next, students input the Java
implementation requirements into ChatGPT to generate a corresponding solution. They then
reviewed and analyzed the generated code to assess its correctness and understand its functional
behavior. Finally, students completed a reflective assessment in which they compared their initial
conceptualization with the ChatGPT-generated solution, noting both similarities and discrepancies
between the two. Students who did not earn a perfect score on this assignment received feedback
in Blackboard explaining the reasons for the point deductions. Table 2 presents descriptive details
of the criteria used to grade the second take-home assignment. The key concepts and data
structures highlighted in this assignment were conditions, loops, and methods.

For the third take-home assignment, students were instructed to carefully review the problem
description, task overview, and code requirements. Rather than immediately code a solution, they
first conceptualized the problem to identify relevant concepts, paradigms, and data structures
needed for an effective solution. They then were required to develop pseudocode in plain text to
outline their proposed solution. Using a Java editor of their choice, students then implemented
their solution in Java. Afterward, they submitted the task overview and code requirements to



Table 3: Grading Description for Third Take-Home Assignment

Criteria Points Distribution Ranges
Written Conceptualization 0 - 10 points
Written Pseudocode 0 - 10 points
Implemented Java Solution 0 - 30 points
Generated Java Solution 0 - 15 points
Video Recording of Code Examination & Analysis 0 - 10 points
Comparative Examination Between Both Solutions 0 - 25 points
TOTAL POINTS POSSIBLE 100 points

Table 4: Grading Description for Semester Project

Criteria Points Distribution Ranges | Final Score Distribution (%)
Project Report 0 - 100 points 30%
Recorded Explanation (line-by-line) 0 - 100 points 30%
Implemented Solution 0 - 100 points 40%
Bonus: Implemented OOP concepts* 0 - 25 points* <=25pts*
TOTAL POINTS POSSIBLE 100; 125 (with bonus)*

ChatGPT to generate an alternative Java solution. Students then performed a recorded verbal
review and analysis of both their own implementation and the ChatGPT-generated solution,
evaluating each for code correctness and functional behavior. Finally, they completed a reflective
assessment, comparing the two solutions and documenting key similarities and differences.
Students who did not earn a perfect score on this assignment received feedback in Blackboard
explaining the reasons for the point deductions. Table 3 presents descriptive details of the criteria
used to grade the third take-home assignment. The key concepts and data structures highlighted in
this assignment were arrays, classes, and objects.

The semester project was designed to give students an opportunity to apply their acquired
knowledge creatively and independently by developing an original solution to a problem of their
choice, based on topics (concepts and data structures) covered throughout the 17-week course. To
promote originality, each student was required to submit a proposal outlining their project idea
and intended approach. Additionally, they were provided with guidelines specifying the concepts,
paradigms, and data structures that needed to be incorporated into their solution. For the final
submission, students submitted their implemented Java program along with a recorded verbal
review and analysis of their written code. This recording also included a live demonstration of
their solution running in a Java editor of their choice. Students who did not earn a perfect score on
this assignment received feedback in Blackboard explaining the reasons for the point deductions.
Table 4 presents descriptive details of the criteria used to grade the semester project.

4. Results

Through this initiative, there were some notable outcomes reflecting the students’ performance
with programming in the presence of ChatGPT. Table 5 provides descriptive details regarding the
students’ scores on these three assignments (reflecting grading descriptions used as noted Tables



Table 5: Descriptive Statistics - Student Performance

Assignments Take-Home Assignment 2 | Take-Home Assignment 3 | Semester Project
Number of Submissions 32 32 32
Possible Score 100 100 125
Highest Score Achieved 100 100 125

Mean Score 84.78 82.50 109.83
Median Score 97.50 97.50 115
Standard Deviation 30.41 30.67 23.50

# of Students with Possible Score 16 16 14%*

# of Students who Received Point Deductions 16 16 18%*

*denotes possible score (with or without bonus points)
**denotes students who lost points, regardless of whether they attempted the bonus opportunity

2-4).

For Take-Home Assignment 2, students achieved an average score of 84.78, with half of the class
earning a perfect score. For those who did not receive a perfect score, the thematic analysis
revealed the following themes reflecting specific challenges and issues that these students
experienced: Code Analysis & Correctness, Comparative Examination, and Incomplete
Submission. The Code Analysis & Correctness theme captured cases in which students provided
an ChatGPT generated code, demonstrating limited understanding of the code’s syntactical
correctness, readability, and functional behavior. The Comparative Examination theme reflected
difficulties in articulating similarities and differences between the student’s own conceptualization
and the code produced by ChatGPT. The Incomplete Submission theme referred to instances
where students failed to submit some or all required components of the assignment.

For Take-Home Assignment 3, students collectively achieved an average score of 82.50, with half
of the class earning a perfect score. For those who did not receive a perfect score, the thematic
analysis revealed the following themes reflecting specific challenges and issues that these students
experienced: Comparative Examination, Incomplete Submission, Incomplete Submission (No
Video Recording), and Written Conceptualization. The Comparative Examination theme reflected
students’ difficulties in articulating the similarities and differences between their own code
implementation and the code generated by ChatGPT. The Incomplete Submission theme captured
cases in which students failed to submit multiple required components of the assignment. The
Incomplete Submission (No Video Recording) theme specifically highlighted students who did
not submit the required video recording demonstrating their code analysis and comparison.
Lastly, the Written Conceptualization theme encompassed instances where students demonstrated
a limited or inaccurate understanding of the problem, including misconceptions related to key
concepts, paradigms, or data structures necessary for an effective solution.

For the semester project, students achieved an average score of 109.83, with slightly more than
one-third of the class earning a perfect score, regardless of whether they attempted the bonus
portion. Additionally, 8 of the 32 students chose not to attempt the bonus portion of the project,
and 2 of those 8 still earned a perfect score (100). The thematic analysis conducted on the
semester project revealed only one theme: Implemented Solution. The Implemented Solution
theme reflected instances where students demonstrated discrepancies between their intended
solution and its actual implementation. Notably, no issues were identified in students’ verbal
explanations of their code; all students were able to clearly articulate the functionality of their



Table 6: ChatGPT Experience: Likert-Scaled Questions

Likert Questions N | Mean | SD
Enhanced Program Learning 16 | 5.81 | 1.11
Critical Thinking Skill Development 16 | 4.88 | 1.54
Coding Review & Evaluation Skill Development | 16 | 5.44 | 1.55

SD = standard deviation

programs line by line. Given the open-ended nature of the semester project, where students had
full autonomy in selecting the problem they wished to solve, this suggests the possibility of a
stronger overall understanding of their code and an enhanced ability to comprehend and explain
their program’s functionality effectively.

For Take-Home Assignments 2 and 3, approximately half of the students demonstrated a
proficient understanding of reading written code and verbally explaining its syntactical
correctness and functional behavior. Over time, this understanding improved, with the majority of
students exhibiting such comprehension in their semester projects, though some students still
displayed discrepancies in the correctness of their code implementations.

4.1 Survey Results

One question on the pre-survey specifically asked students about their prior experience with
ChatGPT. Of the 26 out of 32 students who completed the pre-survey, 96% reported having at
least some prior experience with ChatGPT. On the post-survey, three key questions (SQ) were
included to assess how students used ChatGPT, particularly in the context of their in-course
learning:

* SQ1: How much has ChatGPT improved the students’ ability to learn how to program?

* SQ2: How much do the students think that ChatGPT has helped them build their critical
thinking skills?

* SQ3: How much do they think that ChatGPT has helped them build their coding
review/evaluation skills?

These three questions were measured using a 7-point Likert scale (1 = ”Absolutely Not”, 7 =
”Absolutely Yes”). Table 6 presents the results, including the means and standard deviations
(SD), to illustrate how students perceived their experiences with ChatGPT while learning to
program.

Among the 16 students who completed this portion of the survey, results indicated moderately
favorable perceptions from the students regarding their experiences with ChatGPT. As shown in
Table 6, students reported a mean score of 5.81/7.00, indicating a belief that ChatGPT supported
the students’ ability to learn programming. They also gave a mean score of 4.88/7.00, reflecting a
moderate belief that Chat-GPT contributed to the development of their critical thinking skills.
Additionally, a mean score of 5.44/7.00 suggested that students found ChatGPT helpful in
reviewing and evaluating code.



Additional statistical analyses were conducted on the three Likert scale questions to determine
whether students gave significantly higher ratings to certain Likert questions over others. A
one-way ANOVA was performed to examine differences among the mean scores for these
questions; however, the results did not reveal any statistically significant differences.

5. Discussion

This work contributes meaningfully to support introductory programming and navigate the impact
of generative Al in computing and engineering education. By integrating code reviews and verbal
explanation assignments, this case study promotes conceptual understanding, academic integrity,
and authentic assessment. The intervention presented here offer a practical, evidence based
strategy that can be adapted across the computing education community, particularly within
computational learning and programming pedagogy.

By requiring students to explain their code and analyze alternative solutions, the interventions
promote the development of computational literacy, the capacity not only to write code but also to
reason about it, compare approaches, and adapt solutions across contexts. This aligns with
ongoing efforts in programming pedagogy that extend beyond code correctness to foster
comprehension, design reasoning, and abstraction skills. The structured comparisons between
student-developed code solutions and ChatGPT-generated code solutions prompted learners to
examine discrepancies, justify decisions, and identify trade-offs, practices at the heart of critical
thinking. These reflection tasks encouraged students to move beyond “what works” and consider
“why it works,” reinforcing their problem-solving frameworks and promoting principled
decision-making in code development.

The availability of ChatGPT introduces complex pedagogical challenges: students can now
submit functional code with little understanding of the underlying logic. This case study
recognizes this reality and, rather than ignoring or prohibiting it, proposes a constructive and
proactive response. By embedding ChatGPT into assignments as a complementary tool rather
than a substitute for student effort, this approach reinforces student reasoning as the core of
assessment. The design of verbal explanation tasks and coding reviews serve as a pedagogical
countermeasure to GenAl over-reliance, ensuring that students can demonstrate genuine learning
even in the age of generative Al. These findings and practices are highly relevant to computing
educators who are navigating both the opportunities and challenges that Al presents in computing
education.

This case study also introduces a novel instructional response to the pedagogical challenges posed
by generative Al tools in programming education. The central innovation lies in the requirement
that students explain their code and reasoning aloud, thereby transforming comprehension from
an invisible process into a measurable performance. Instructors are no longer limited to assessing
correctness alone; they can now evaluate understanding, clarity, logic, and reasoning through
students’ verbal walkthroughs. This shift from product-oriented assessment to process-based
validation is especially important in GenAl contexts, where working code can be easily obtained
without cognitive engagement. Verbal explanations serve as a proxy for comprehension. Students
cannot fake understanding in a recorded walkthrough. The ability to articulate how a piece of
code works, why certain structures were used, or how their implementation compares to an



Al-generated alternative, offers instructors a robust, scalable method for ensuring that students are
learning meaningfully.

6. Limitations

This case study has noteworthy limitations that may pose potential threats to its validity. First, the
study involved only 32 students from a single institution. This limitation highlights the need to
examine the impact of coding reviews and verbal explanations at a larger scale, including multiple
course sections, courses with higher student enrollments, and potentially multiple institutions, to
better support the validity of the findings. Expanding the scope of this work would also address
another limitation by enabling the inclusion of a control group, which could establish a baseline
or allow for systematic comparison with traditional instructional approaches. Additionally, survey
responses were obtained from only 50% of the enrolled students (N = 16). Collecting survey data
from a larger proportion of participants would further strengthen the validity and robustness of the
study’s conclusions.

7. Future Work

The outcomes of this intervention highlight promising directions for future work aimed at
supporting computational learning in the age of GenAl. Building on the current findings, the first
author has implemented additional interventions in two programming courses during the Fall
2025 semester: an introductory information systems course focused on logic and structured
design with Python, and the sequel to the introductory Java course featured in this report. The
goal is to further explore how intervention models can promote student learning by assessing their
understanding of core computational concepts. It is also planned to refine the current strategies,
such as video-based verbal explanations and coding review assignments by incorporating
lower-stakes assessments that integrate both methods. This adjustment aims to increase student
familiarity, accessibility, and comfort with these approaches, making them more effective and
sustainable as part of regular coursework. Aforementioned in the Limitations section, including
additional courses will also increase the pool of participants with hope of strengthening the
validity of this work. Another future work will be to partner with introductory programming
courses at other institutions to study the impact of this approach on a larger scale with the intent
to further strengthen its validity.

8. Conclusion

The emergence of GenAl tools has become increasingly prevalent and accessible for students as
they learn. In the context of computing education and Al in education, this accessibility presents
challenges both for students who are expected to develop computational knowledge and
programming proficiency, and instructors who must design and administer assessments that
accurately gauge the students’ learning and understanding. This intervention was designed to
preserve meaningful computational development while intentionally integrating a GenAl tool like
ChatGPT into the learning process. This approach demonstrated potential in helping students
articulate and showcase their code comprehension skills, even while having direct access to a



GenAl tool during their learning process. Moreover, the post survey revealed positive feedback
on the potential benefits of GenAl tools like ChatGPT in supporting students as they learn to
program and develop computational thinking skills. While these findings are promising, further
work is needed to refine and expand this model, with the broader goal of sustaining effective
computational learning and programming pedagogy in the age of generative Al.
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