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Abstract

Three years ago, Bekkering and Harrington (2023) reported on the ability of generative AI (GenAlI) to
generate computer code. As the gold standard, the textbook solutions were used to compare the
solutions generated with ChatGPT-4 plugged into the Bing search engine. The results showed that while
the book solutions were not perfect at meeting 90.8% of exercise requirements, generative Al still fell
short with meeting 78.9% of requirements. Since that time, generative Al has undergone significant
changes and advancements. This study repeats the Spring 2023 research with Copilot, the successor in
the Edge browser. The Spring 2026 results show that generative AI now surpasses solutions provided
by the textbook authors (90.8%) with 99.3%. Implications and recommendations are discussed.
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1. INTRODUCTION

Generative Al has been used in programming courses in higher education for only a few years. Early
on, one of the major concerns about using Al was its ability to generate good computer code. Bekkering
and Harrington (2023) compared computer programming exercise solutions provided by textbook
authors with solutions provided by ChatGPT. Since this study from Spring 2023, the perception of using
generative AI in programming education has changed significantly. Using GenAl is no longer
experimental or controversial. It is now institutionalized; widely researched; and actively reshapes
assessment, curriculum design, and student performance (Gordon et al., 2026). Universities now teach
explicit AI literacy, redesign programming assessments to account for Al assistance, and observe
measurable shifts in student performance and skill distribution. These changes are documented in
educator surveys, longitudinal syllabus analyses, and empirical studies of student outcomes.

1.1 AI literacy and responsible use

Institutions no longer treat Al as an optional tool. Al literacy and responsible use are now formal
curriculum components. Programming courses increasingly include (Gordon et al., 2026):

e Explicit instruction on using Al coding tools appropriately

e Ethical guidelines and academic integrity policies

e Assignments requiring students to explain or critique Al-generated code

e Training in prompt design and debugging AI output
This is a direct response to widespread educator concerns about student overreliance on Al and the
need to preserve conceptual understanding (Kohen-Vacs et al., 2025; Kucera et al., 2025; Terroso &
Pinto, 2025).

1.2 Redesigned programming exercises

Instructors worldwide have shifted toward code comprehension exams rather than pure code writing,
in-person or oral assessments to verify individual understanding, Al-aware rubrics that distinguish
human reasoning from Al-generated syntax, and assignments requiring students to justify design
choices or annotate Al output (Barari et al., 2026; Gordon et al., 2026; Prather et al., 2025; Terroso &
Pinto, 2025).

1.3 Student performance

Generative Al acts as a “procedural equalizer” in programming course work. Scores increased across
the board after AI became widely available, and lower-performing students improved the most. Score
distributions compressed, with many students clustering near the top which created a ceiling effect
(Barari et al., 2026; Viswanathan et al., 2026).

1.4 Formal AI policies

The field has now recognized the “importance of establishing clear institutional policies” (Yalwa et al.,
2026). A longitudinal analysis from 2024 to 2026 showed that institutions now publish formal AI policies
in syllabi (Bui & Dong, 2026). Explicit GenAl policies are rapidly adopted, the use of AI has moved from
blanket bans in 2023 to regulated use in 2026, disclosure of AI use is required, and Al tools are
integrated into assignments, labs, and debugging workflows. This marks a shift from ad-hoc instructor
decisions in the early days to institutional governance at present (Giugliano, 2026).

1.5 Standard use of AI coding tools
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In 2023, typical CS1 courses focused on novices writing many small programs to master basic constructs
like loops and selection structures (Becker et al., 2023). Assighments emphasized the manual
“translation of logical intent into rigid syntactic structures” (Lee et al., 2026). Writing many small
programs was the primary approach to learning (Hahnel et al., 2026). By 2026, universities increasingly
treat using Al coding tools like Copilot, CodeCompose, and Gemini as essential workplace skills. The
ACM task force notes that courses now teach how to evaluate Al-generated code, how to integrate Al
into professional workflows, using Al for scaffolding, debugging, and test generation (Gordon et al.,
2026). This is a major shift from 2023, when faculty were still debating whether the use of Al should be
allowed at all.

1.6 From syntax to reasoning

Before the use of GenAl, introductory programming courses focused on writing simple programs to teach
basic coding principles. Becker et al. (2023) note that LLMs demonstrate the ability to produce
“syntactically and logically correct code from natural language prompts that rival the performance of
high-performing introductory programming students”. Now that GenAl can generate this low-level code,
programming courses now emphasize problem decomposition, algorithmic thinking, testing and
verification, understanding constraints and specifications, and explaining why code works - not just
producing code.

1.7 New challenges and opportunities

Educators now face issues that were not visible in 2023. GenAlI can still hallucinate in code explanations.
One manual analysis of buggy student solutions showed that while 93% of Al-generated explanations
identified at least one error, 50% contained at least one incorrect statement (Franklin et al., 2025).
Students bypass conceptual struggles when AI generates working code in moments and students skip
the “desirable difficulties” for deep learning (Fowles et al., 2026; Hahnel et al., 2026). Assignments and
tests have to be developed to measure reasoning rather than syntax, leading to a move to oral exams,
in-person mastery checks, and “explain in plain English” tasks to verify true understanding (Franklin et
al., 2025; Gordon et al., 2026; Lee et al., 2026). Access to the most capable models often requires a
paid subscription, creating equity concerns (Prather et al., 2025). However, these concerns are balanced
by opportunities like focusing on deeper conceptual learning by offloading syntax, shifting from
computer programming to software engineering (Hahnel et al., 2026). Students have earlier exposure
to refactoring and testing, using personalized adaptive learning, and working with more complex
programs early on (Becker et al., 2023; Deriba et al., 2024; Hahnel et al., 2026)

The structure of this paper is as follows. The next section covers the literature review, followed by a
description of how the original study was updated, an analysis of the results, and finally conclusions and
recommendations.

2. LITERATURE REVIEW

GenAl can now do more than just generate code, and we see it increasingly used in different ways to
help students learn.

2.1 Prompt engineering for code generation

As noted by Bekkering and Harrington (2023), writing specific inputs for GenAl is important. Major
software companies like Google, Microsoft, and OpenAl publish online materials to help users generate
better prompts (Google Career Certificates, 2024; Microsoft, 2023/2026; OpenAl, 2026). Students need
to learn to construct natural language prompts precise enough to generate code that meets strict
specifications. This helps them to develop requirement specification, edge-case identification, and
technical communication (Denny et al., 2023; Padurean et al., 2025). Prompt engineering also requires
a conceptual understanding of coding principles in general, so that these can be used in the
specifications. Prather et al. (2025) cite developers who advise learners to “learn enough domain
knowledge that lets you adequately explain your needs to an AI”.
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2.2 Tutoring and conceptual scaffolding

When students learn abstract CS concepts like recursion, pointers, or array indexing, GenAl can provide
tailored analogies based on student interests (Becker et al., 2023; Franklin et al., 2025). This can include
the traditional explanation of stack frames using a stack of cafeteria trays, but also non-traditional
analogies like video game save states. Once simple code examples are used to illustrate the concepts,
line-by-line code walkthroughs explain existing book code at customizable experience levels, helping
students to develop reading skills before writing skills (Deriba et al., 2024).

Progressing to creating code, GenAl can be used as a Socratic tutor ("Teach me how to write a program
that xxxx. Do not write any code but tell me step by step what to write and give me feedback after each
step”) (Gordon et al., 2026; Groher et al., 2026; Viswanathan et al., 2026). This forces students to
apply basic programming steps in sequence and helps them develop planning of larger structures. When
they make mistakes, compiler error statements like “IndexError: list index out of range” can be
translated into plain, approachable English with explanations of why the code does not compile.

Finally, GenAl feedback of code reviews and style acts as an automated code reviewer that evaluates
student work against instructor requirements (Crandall et al., 2023) or style guides (Woodrow et al.,
2024), such as PEP 8 in Python , variable naming best practices, modularity, choice of structures, and
comment clarity. Feedback is increasingly accurate, with Franklin et al. (2025) reporting correctly
assessing syntax for 89% and conceptual understanding for 92%.

2.3 Instructor-facing design and assessment

On one hand, GenAl creates the problem of directly copying solutions based on existing exercises
associated with educational materials. In the past, students might find or purchase instructor solutions
online. With GenAl, basic programming tasks may be trained on “countless examples of solutions to
these tasks” that are “widely available on the internet” (Franklin et al., 2025). However, faculty can
now use the same tool to generate multiple variations of core programming tasks (e.g. nested loops)
set in different real-world contexts (sports statistics, digital music playlists, climate data) to increase
student engagement and deter copying (Becker et al., 2023; Franklin et al., 2025).

Beyond mere variation of contexts, faculty can easily create realistic code snippets containing
intentional syntax, semantic, or logic errors. Students can use these to trace, debug, and write unit
tests (Kohen-Vacs et al., 2025; Viswanathan et al., 2026). In addition to GenAl tools, faculty can use
dedicated tools like Edugator (Diaz et al., 2025) to create customized problems in multiple languages,
validating them against auto-generated solutions before releasing them to students.

Finally, faculty can automatically create comprehensive lists of tests (including boundary conditions
like empty lists, negative numbers, or non-standard input) for use in grading rubrics and classroom
demonstrations. According to Alkafaween et al. (2025), LLM-generated test suites for introductory
programming are not only accurate but are “in many cases, as comprehensive as instructor-created
test suites”.

2.4 Novel pedagogical paradigms

Teaching students to use GenAl properly also includes exploring the limits and pitfalls of using these
tools (Becker et al., 2023; Prather et al., 2025). Sometimes GenAl creates hallucinations, and
students need to review Al-generated code that contains logic errors or inefficient algorithms. This is
especially problematic in complex or unfamiliar contexts (Hilario et al., 2024) or in advanced
programming courses (Yalwa et al., 2026). The focus shifts from writing code to critical evaluation
using the basic coding principles at scale to audit, test, and correct the output (Mahon et al., 2024).

One of the mainstays of programming courses is program tracing (Hertz & Jump, 2013; Pozzan et al.,
2025). Students step through a program line by line, traditionally with paper and pencil, later by using
breakpoints and stepping through or over, and now using automated tools like C++ Tutor (Python
Tutor, 2026). Faculty can now easily create “mystery code” snippets where students must predict the
output or draw execution trace tables, which helps to develop strong mental models of programming
language runtime.
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2.5 GenAlI tools for introductory programming classes

Since the original study, GenAl tools suitable for use in programming classes have proliferated.
Students have a plethora of choices between free and paid models. These currently include, but are
not limited to:
e General-purpose web models
o ChatGPT (OpenAl): the baseline tool for code generation, step-by-step logic tracing,
and custom explanations.
o Claude (Anthropic): highly favored for code auditing and detailed explanations due to
its strong performance in technical writing, code reading, and error analysis.
o Google Gemini: widely used for explaining concepts, generating visual flowcharts/
markdown, and analyzing code.
o Copilot (Microsoft): high accessibility due to integration with Microsoft systems,
including the Microsoft Office suite.
e Integrated with code editors
o Github Copilot: the most widely cited IDE assistant in CS education.
o Cursor: an Al-native code editor
o Replit Al: browser-based IDE popular in high school and introductory courses
e Interactive learning and textbook platforms
o Zybooks AI/ Codecademy AI: provides real-time hint generation when students get
stuck
e Custom and guardrailed “Socratic” Educational Al
o CS50.AI: built specifically for Harvard’s introductory computer science course.
o Khanmigo (Khan Academy): educational assistant built on GPT models that challenges
students without completing tasks

2.6 Accuracy, reliability, and security of AI-generated code

Beyond higher education, there exists a significant distrust of Al-generated code. This is supported both
by industry publications and peer-reviewed research. Ninety-six percent of developers do not fully trust
that it is functionally correct, and 61% agree that Al often produces code that “looks correct but isn’t
reliable” (Sonar, 2026). Song et al. (2023) classify errors as semantic (logical misunderstanding of
instructions) and syntactic (structural misconceptions), and find that most semantic errors are “garbage
code” where models lose track of long-term dependencies and generate meaningless snippets or
comments-only output. Results do depend on the language used. For instance, Python has higher
vulnerability rates than Rust with its memory-safe design patterns (Schreiber & Tippe, 2026). Results
also depend on the model used. In a study of the exploitability of Al code, seven models had a mean
vulnerability rate of 55.8% ranging from 48.4% for Gemini 2.5 to 62.4% for GPT-40 (Blain & Noiseux,
2026). After integration into real-world software projects, 15% of commits introduce at least one quality
issue and 22.7% of these issues survive long-term, creating a “hidden maintenance tax” (Liu et al.,
2026). Even when code looks like high quality code, production incidents occur in 78% of organizations
because the code fails in the real world (Introducing the State of AI Coding 2026, 2026). Finally, Al
coding assistants may increase the number of pull requests filled, but organizational limitations limit the
implementation and improvement in business outcomes. This is the Al productivity paradox in software
development (Faros, 2025)

3. METHODOLOGY, SAMPLE, AND DATA COLLECTION

Consistent with the previous study of Bekkering and Harrington (2023), the textbook instructions for
the then-current CS1 textbook were used. The original book instructions and the C++ adapted prompts
are available at the original link AppendixA.docx (Bekkering & Harrington, 2023). As noted before, some
textbook solutions were not available and those exercises were omitted.

In the original study, the free version of ChatGPT-4 integrated with the Bing search engine was used
because it was freely available and was trained on all current information from the internet. The current
version of Microsoft’s Al tool is Copilot, which is both available in the Edge browser (Figure 1) and as a
stand-alone tool (Figure 2).
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Figure 2 - Copilot stand-alone

Even though Claude is generally considered to be the best tool for coding and software development
(Abid, 2026) and Copilot in VS Code for integrated development (FindSkill Team, 2026), Copilot in the
Edge browser was used to maximize strength of comparison. The same 152 prompts as for the original
study were copied in the Copilot interface, and the code copied and pasted to VS Code to check whether
(yes/no) all requirements in the instructions were met. Since the textbook solutions had already been
checked, this only needed to be done for the GenAl solutions. The book data for 2023 were simply
carried forward.

4. ANALYSIS AND FINDINGS

In contrast to the original study, GenAl performed better than the textbook solutions. Originally, the
success percentage of ChatGPT was 78.9% compared with 90.8% of textbook solutions. The success
rate of GenAl has now risen to 99.3%. The only exercise where ChatGPT failed, was one exercise with
the instruction “Demonstrate the function in a program that lets the user experiment with different
values for the formula’s terms” and the program did not include a while loop. Since the book solutions
were statistically significantly better than the GenAl solutions in the past with a p-value of 0.00198, the
percentages were again compared with a Z-test in Excel. The null hypothesis for the one-tailed test with
proportion for ChatGPT (pc) higher than the proportion for the book (py) was

Ho: pc <= pb
and the alternative hypothesis

Ha: pc > po
The p-value was calculated as follows: the book proportion py is 0.908; the ChatGPT proportion pc is
0.993. Both sample sizes sy and sc are 152. The pooled sample proportion ps

Ps = (Pc * Sc + pb * sb)/ (Sb + Sc) =
(0.993 * 152 + 0.908 * 152) / (152 + 152) = 0.95066
The test statistic z:
z=(pc=pv)/ Vps* (1-ps) * [ (1/ sb) + (1/ sc)]
= (0.993 - 0.908) / v 0. 95066* (1- 0.95066) * [ (1/ 152) + (1/ 152)]

= 3.44259.

The p-value can be found on a Z table or calculated with the Excel formula
p = 1 - NORM.S.DIST(z,true) = 0.00029

At a value of 0.00029, the null hypothesis is rejected and the alternative hypothesis of the ChatGPT
success percentage being greater than textbook solutions, is supported. Appendix A provides a detailed
comparison for the 2023 and 2026 data.

5. CONCLUSIONS AND RECOMMENDATIONS

GenAl, as represented by Copilot, has progressed to being more accurate than the old gold standard,
solutions by the textbook authors. This has significant implications for programming courses, especially
introductory programming courses. If Al can solve 99.3% of textbook problems on the first try, the
“human bottleneck” needs to shift to higher-level content like requirement specification, testing, and
documentation. No longer should faculty rely on using author-provided solutions but work on developing
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course materials and assessments with frequent variations using GenAl tools. In fact, considering the
availability of tools like NotebookLM which can integrate multiple sources, we should anticipate using
reference sources like C++ references at https://cppreference.com/ , Python documentation at
https://docs.python.org/3/, and the C# language references at https://learn.microsoft.com/en-
us/dotnet/csharp/language-reference/ to generate course materials. Using selected course content from
these reference sources will enable faculty to more seamlessly integrate higher-level content such as
prompt engineering, testing, and documentation, which now take a backseat to coding syntax, into
programming courses. Important basic skills like reading “mystery code” snippets and program tracing
can be streamlined by generating more and more varied practice materials with GenAl. Since good
specification is so important, instruction in prompt engineering should be included in an early stage.

This study has several limitations. The results are only valid for one textbook, and other textbooks could
conceivably have perfect instructor resources. Results for GenAl are generated with one-shot prompting
analogous to one-time exercise instructions in textbooks. More advanced prompting techniques like role-
based prompting, few-shot examples, chain-of-thought prompting, and tree-of-thought prompting may
produce different results.

The measurement of performance is narrow, as in the original study. Since GenAl generates code based
on exercise instructions in programming textbooks, and is compared with the author solutions, the only
success measure is whether the requirements in the exercise are met or not (yes/no). This leads to a
potential artificially high completion rate of 99.3%, and does not address quality, security, and
maintainability. A single rater was used, but again, due to the simplicity of the task, this should not be
a major issue.

Furthermore, even though I compared two Microsoft products, the comparison is not completely apples
to apples due to the progress in technology. In 2023, Bing’s integration of ChatGPT-4 provided users
with a conversational interface built largely around the raw GPT-4 model, supplemented by Bing search,
and protected by early-stage safety mechanisms. The system lacked awareness of user context and
user workflow, resulting in code generation that relied primarily on model memory. In 2026, Copilot in
Edge is still powered by GPT-4 models but connects to open applications and the user’s established
coding patterns. Better tools like Claude exist nhow too, but this makes the better performance of Copilot
even more relevant.

Most importantly for limitations, the level of programming is introductory, and results will currently not
reflect higher levels of software development. The concerns about accuracy, reliability, and security of
Al-generated code have been discussed earlier. Based on these sources, generative Al should still be
seen as a teaching tool in higher education, and a tool for providing a starting point for professional
software development. Further studies could test complex algorithms and investigate how GenAl
performs on non-deterministic problems, as well as address the concept of explainability.

In conclusion, using GenAl in introductory programming classes has great potential to improve
education in Computer Science, as long as we shift from basic coding exercises to higher-level skills.
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APPENDIX A
Comparison book solutions and generative AI solutions
(original data available upon request)
2023
Exercise |ChatGPT| book |Exercise| ChatGPT | book |Exercise|ChatGPT|book|Exercise |ChatGPT| book |Exercise |ChatGPT|book |Exercise|ChatGPT |book|Exercise|ChatGPT |book
2-1 yes no 3-1 yes yes 4-1 yes yes 5-1 yes yes 6-1 yes yes 7-1 no yes 8-1 yes yes
2-2 yes no 3-2 yes yes 4-2 yes yes 5-2 no yes 6-2 yes yes 7-2 yes yes 8-2 yes yes
2-3 yes no 3-3 yes yes 4-3 yes yes 5-3 yes yes 6-3 yes yes 7-3 yes yes 8-3 yes yes
2-4 yes yes 3-4 yes yes 4-4 yes yes 5-4 yes yes 6-4 yes yes 7-4 yes yes 8-4 yes yes
2-5 yes yes 3-5 yes yes 4-5 yes yes 5-5 yes no 6-5 yes yes 7-5 no yes 8-5 yes no
2-6 yes yes 3-6 yes yes 4-6 yes yes 5-6 yes yes 6-6 yes yes 7-6 yes yes 8-6 no yes
2-7 yes yes 3-7 yes yes 4-7 no yes 5-7 yes yes 6-7 yes yes 7-7 no yes 8-7 no yes
2-8 yes yes 3-8 yes yes 4-8 yes yes 5-8 no yes 6-8 no yes 7-8 yes yes 8-8 yes yes
2-9 yes yes 39 no yes 4-9 yes yes 5-9 yes yes 6-9 no yes 7-9 yes no 8-9 yes yes
2-10 yes yes 3-10 yes yes 4-10 yes yes | 5-10 yes yes 6-10 yes yes | 7-10 no yes | 8-10 yes yes
2-11 yes yes 3-11 yes yes 4-11 no yes | 5-11 yes yes 6-11 no yes | 7-11 yes no 8-11 yes yes
2-12 yes no 3-12 yes yes 4-12 yes no 5-12 yes yes 6-12 no yes | 7-12 yes yes | 8-12 * *
2-13 yes yes 3-13 yes yes 4-13 yes yes 5-13 yes yes 6-13 yes yes 7-13 yes no
2-14 yes yes 3-14 yes yes 4-14 yes yes 5-14 yes yes 6-14 no yes 7-14 yes yes
2-15 yes yes 3-15 yes yes 4-15 yes yes 5-15 yes yes 6-15 no yes 7-15 yes yes
2-16 yes yes 3-16 yes yes 4-16 yes yes | 5-16 no yes 6-16 yes yes | 7-16 no yes
2-17 yes yes 3-17 no yes 4-17 yes yes | 5-17 yes yes 6-17 yes no 7-17 yes yes
2-18 yes yes 3-18 yes yes 4-18 yes yes | 5-18 no yes 6-18 no yes | 7-18 yes yes
2-19 yes yes 3-19 yes yes 4-19 yes yes | 5-19 yes yes 6-19 no yes | 7-19 * *
2-20 no no 3-20 yes yes 4-20 yes no 5-20 yes yes 6-20 no yes | 7-20 * *
3-21 yes yes 4-21 yes yes | 5-21 yes yes 6-21 yes yes | 7-21 yes yes
3-22 yes yes 4-22 yes yes 5-22 yes yes 6-22 no yes
3-23 yes yes 4-23 yes yes 5-23 yes yes 6-23 yes yes
3-24 yes yes 4-24 no yes 5-24 yes yes 6-24 no yes
3-25 no yes 4-25 yes no 5-25 no yes
4-26 yes yes | 5-26 * *
4-27 no yes | 5-27 * *
4-28 no yes
ch02 ch03 ch04 ch05 ch06 ch07 ch08
ChatGPT 19|95.0% |ChatGPT 22(88.0% |ChatGPT 23|82.1% |ChatGPT 20(80.0% |ChatGPT 13|54.2% |ChatGPT 14/73.7% |ChatGPT 9(81.8%
book 15|75.0% book 25[100.0% book 25(89.3% book 24(96.0% book 23|95.8% book 16/84.2% book 10/90.9%
count 20 count 25 count 28 count|25 count 24 count|19 count|11
‘ * ‘no solution in the book solution bank ChatGPT total:| 120] ChatGPT %: ‘78.9%‘
book total:| 138 book %‘ 90.8%‘ Legend
count total:| 152 yes requirements met
no requirements not met
Two sample -test (one-tailed)
book proportion 0.908
book sample size 152
ChatGPT proportion 0.789
ChatGPT sample size 152
Pooled sample proportion 0.84868
Test statistic 2.88085
p-value 0.00198
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2026
Exercise|ChatGPT| book |Exercise| ChatGPT | book |Exercise|ChatGPT| book |Exercise|ChatGPT| book |Exercise|ChatGPT|book|Exercise|ChatGPT| book |Exercise |ChatGPT| book
2-1 yes no 3-1 yes yes 4-1 yes yes 5-1 yes yes 6-1 yes yes 7-1 yes yes 8-1 yes yes
2-2 yes no 3-2 yes yes 4-2 yes yes 5-2 yes yes 6-2 yes yes 7-2 yes yes 8-2 yes yes
2-3 yes no 3-3 yes yes 4-3 yes yes 5-3 yes yes 6-3 yes yes 7-3 yes yes 8-3 yes yes
2-4 yes yes 3-4 yes yes 4-4 yes yes 5-4 yes yes 6-4 yes yes 7-4 yes yes 8-4 yes yes
2-5 yes yes 3-5 yes yes 4-5 yes yes 5-5 yes no 6-5 yes yes 7-5 yes yes 8-5 yes no
2-6 yes yes 3-6 yes yes 4-6 yes yes 5-6 yes yes 6-6 yes yes 7-6 yes yes 8-6 yes yes
2-7 yes yes 3-7 yes yes 4-7 yes yes 5-7 yes yes 6-7 yes yes 7-7 yes yes 8-7 yes yes
2-8 yes yes 3-8 yes yes 4-8 yes yes 5-8 yes yes 6-8 yes yes 7-8 yes yes 8-8 yes yes
2-9 yes yes 3-9 yes yes 4-9 yes yes 5-9 yes yes 6-9 no yes 7-9 yes no 8-9 yes yes
2-10 yes yes 3-10 yes yes 4-10 yes yes 5-10 yes yes 6-10 yes yes | 7-10 yes yes 8-10 yes yes
2-11 yes yes 3-11 yes yes 4-11 yes yes 5-11 yes yes 6-11 yes yes 7-11 yes no 8-11 yes yes
2-12 yes no 3-12 yes yes 4-12 yes no 5-12 yes yes 6-12 yes yes 7-12 yes yes 8-12 * *
2-13 yes yes 3-13 yes yes 4-13 yes yes 5-13 yes yes 6-13 yes yes 7-13 yes no
2-14 yes yes 3-14 yes yes 4-14 yes yes 5-14 yes yes 6-14 yes yes 7-14 yes yes
2-15 yes yes 3-15 yes yes 4-15 yes yes 5-15 yes yes 6-15 yes yes 7-15 yes yes
2-16 yes yes 3-16 yes yes 4-16 yes yes 5-16 yes yes 6-16 yes yes 7-16 yes yes
2-17 yes yes 3-17 yes yes 4-17 yes yes 5-17 yes yes 6-17 yes no 7-17 yes yes
2-18 yes yes 3-18 yes yes 4-18 yes yes 5-18 yes yes 6-18 yes yes | 7-18 yes yes
2-19 yes yes 3-19 yes yes 4-19 yes yes 5-19 yes yes 6-19 yes yes | 7-19 * *
2-20 yes no 3-20 yes yes 4-20 yes no 5-20 yes yes 6-20 yes yes | 7-20 * *
3-21 yes yes 4-21 yes yes 5-21 yes yes 6-21 yes yes | 7-21 yes yes
3-22 yes yes 4-22 yes yes 5-22 yes yes 6-22 yes yes
3-23 yes yes 4-23 yes yes 5-23 yes yes 6-23 yes yes
3-24 yes yes 4-24 yes yes 5-24 yes yes 6-24 yes yes
3-25 yes yes 4-25 yes no 5-25 yes yes
4-26 yes yes 5-26 * *
4-27 yes yes 5-27 * *
4-28 yes yes
ch02 cho3 cho4 ch05 cho6 ch07 ch08
ChatGPT 20/100.0% |ChatGPT 25[100.0% [ChatGPT 28|100.0% |ChatGPT 25/100.0% [ChatGPT 23|95.8% [ChatGPT 19/100.0% [ChatGPT 11{100.0%
book 15(75.0% book 25[100.0% |  book 25(89.3% book 24(96.0% book 23/95.8% | book 16(84.2% book 10{90.9% \
count 20 count 25 count 28 count|25 count 24 count|19 count|11
‘ * |no solution in the book solution bank ChatGPT total:| 151 ChatGPT %: ‘99.3%‘
book total:| 138 book %‘90.8%‘ Legend
count total: 152 yes requirements met
no requirements not met
Two sample -test (one-tailed)
book proportion 0.908
book sample size 152
ChatGPT proportion 0.993
ChatGPT sample size 152
Pooled sample proportion 0.95066
Test statistic 3.44259
p-value 0.00029
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