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Abstract— Programming education is becoming more essential due to the increasing demands on coding skills and computer
literacy. Consequently, many professional schools and universities are providing programming courses to train future programming
engineers. However, making quizzes and practice questions for diverse programming topics can be time-consuming for the teachers,
reducing the time they can spend on teaching, such as guiding students and providing personalized feedback. In this paper, we
propose an Al-driven question generation using ChatGPT to support Python programming education. We developed an automated
program that can generate three types of questions to cover basic programming concepts: Code Understanding Questions, Output
Prediction Questions, and Code Completion Questions by using ChatGPT’s language model (LM). For evaluations, we have prepared
28 python source codes and applied 140 generated questions to our Language Understanding lab members in online setting. The
examination was conducted as an unsupervised, open-book assessment, allowing participants to reference materials while answering
the questions. This setup aimed to simulate a realistic self-learning environment, reflecting how students typically engage with
Al-generated questions outside of formal classroom settings. The application results confirm the validity of the proposal and our
initial findings indicate that AI-generated questions are effective in supporting both educators and students for Python programming

education.

Index Terms—Programming education, Python, ChatGPT in Education, Question generation, Teaching Assistance Tools

1. INTRODUCTION

ROGRAMMING education is crucial in fostering critical

thinking, problem-solving abilities, and creativity of stu-
dents. These skills empower them to explore a broad range
of career paths after graduations. Consequently, computer
programming has become a pivotal subject in universities
and professional schools. As a result, many universities and
professional schools are offering programming courses to train
future programming engineers.

Python is an ideal starting language for students, who
are new to programming due to its straightforward syntax
and readability, making it easy for beginners to understand
code and self-study. Its simplicity allows students to quickly
grasp core programming concepts without being overwhelmed
by complex syntax. Learning Python not only builds essen-
tial programming skills but also prepares students for real-
world tech jobs, as Python is highly valued in the industry
[1]. Python programming education plays a critical role in
preparing students for advanced fields like data science, ma-
chine learning, and artificial intelligence. Python’s powerful
libraries and frameworks—such as Pandas, NumPy, and Ten-
sorFlow—allow students and researchers to conduct in-depth
analyses, develop predictive models, and perform complex
data processing. By using Python in both introductory and
advanced courses, universities prepare for the students to have
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strong foundation in programming, readying them for data-
focused careers in today’s tech-driven world.

Teachers/educators use and prepare various materials to
effectively engage students and enhance learning outcomes.
Quizzes and questions play a vital role in student learning by
reinforcing key concepts, testing comprehension, and encour-
aging active participation with the materials. Regular quizzes
help students retain knowledge and identify areas where they
may need additional support.

However, creating diverse quizzes and practice questions
across programming topics can be time-consuming for teach-
ers, limiting the time they can spend on interactive teaching
activities, such as guiding students and providing personalized
feedback.

In this paper, we implement an Al-driven program that uses
ChatGPT’s language model to automate question generation
for Python programming education. The program reads pre-
prepared Python source codes at three introductory courses:
Introduction to Python, Intermediate Python, and Intermediate
Python for Data Science. By analyzing each code snippet, the
program can generate three types of questions:

1) Code Understanding Question: This question type as-
sesses students’ comprehension of Python code by focus-
ing on the logic, structure, and purpose of code segments.
Students are asked to interpret code snippets, explain
what a given piece of code does, or identify errors,
helping to reinforce fundamental programming concepts.

2) Output Prediction Question: This question type requires
students to predict the output of a given Python code snip-
pet. By analyzing code execution step-by-step, students
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practice understanding program flow and debugging, de-
veloping skills to anticipate how code will behave when
run.

3) Code Completion Question: In this question type, stu-
dents are given incomplete code and asked to fill in
the missing parts, such as keywords, function names, or
parameters. This type of question strengthens students’
understanding of syntax, function use, and logic, support-
ing them in writing correct and working code.

These questions are formatted as multiple-choice (MCQ)
and trueffalse for code understanding and output prediction
question types and short-answer fill-in-the-blank for code
completion question type. This approach reduces the time
and effort required for quiz preparation, allowing educators
to focus more on interactive teaching and feedback, while
providing students with effective, targeted practice in Python
programming skills.

The rest of this paper is organized as follows: Section
discusses related works in literature. Section presents
our study on Al-driven question generating using chatGPT’s
API. Section [[V] evaluates the proposal. Finally, Section [V]
concludes this paper with future works.

II. RELATED WORKS

In this section, we discuss related works in literature.

In [2f], the authors presented a rule-based question genera-
tion system that uses linguistic templates and syntactic struc-
tures to generate factual questions from text. It highlighted
the limitations of rule-based methods, especially in terms of
flexibility and adaptability, compared to more recent machine
learning approaches.

In [3], the authors explored a template-based approach to
automatically generate multiple-choice questions, using prede-
fined patterns to create questions that test specific knowledge
areas. This paper pointed out limitations in adaptability and
the difficulty of producing diverse question types.

In [4], the authors examined how Codex, as an Al-powered
coding assistant, can support students with instant code gen-
eration, debugging, and comprehension, making it a valuable
tool for beginners. The authors also highlighted both the
advantages of Codex—such as providing immediate feedback
and freeing educators to focus on higher-level concepts—and
the risks, like the possibility of students becoming overly
reliant on the tool without fully understanding fundamental
coding principles.

In [5]], the authors introduced GPT-3, a large language
model capable of generating context-specific questions without
extensive training data. The model demonstrated the abil-
ity to adapt to different cognitive tasks, including question
generation, by leveraging few-shot learning techniques. This
work represented a major advancement in Al-driven systems
and their ability to generate questions that cater to diverse
educational needs.

In [6]], the authors explored the potential applications and
implications of artificial general intelligence (AGI) within ed-
ucational settings. This paper discussed how AGI could trans-
form education by providing highly adaptive, personalized

learning experiences and automating complex instructional
tasks that go beyond current Al capabilities. The authors also
addressed challenges, including ethical concerns, technical
limitations, and the need for policies that ensure AGI’s safe
and effective integration into educational environments

In [7]], the authors discussed potential issues such as privacy,
data security, and the risk of over-reliance on Al-driven in-
teractions, which may affect students’ learning independence.
Kooli also explores solutions to mitigate these risks, includ-
ing implementing robust data protection measures, ensuring
transparency in chatbot usage, and establishing guidelines to
balance Al support with human oversight. The study highlights
the need for thoughtful integration of chatbots to maximize
educational benefits while addressing ethical challenges.

In 8], the authors introduced an Al-based system designed
to support beginners in learning programming. The system
functioned as a virtual coach, providing real-time feedback,
hints, and tailored guidance as students work through coding
tasks. This paper discussed how this Al system helps reduce
common challenges novice programmers face, such as debug-
ging and understanding complex syntax, by offering instant,
adaptive assistance.

In [9], the authors explored the use of large language
models (LLMs) to create educational content for computer
science students. The authors examined how LLMs can gen-
erate diverse learning materials, such as explanations, practice
questions, and feedback, to support student learning. Their
findings indicated that while LLMs can produce valuable
educational resources, challenges remain in ensuring accuracy
and relevance. The paper highlighted both the potential and
limitations of LLMs in automating content creation for CS
education.

III. AI-DriveN QUESTION GENERATION USING CHATGPT

In this section, we present our study of an Al-driven
program that uses ChatGPT to automate question generation
for Python programming education.

A. Conceptual Workflow of Question Generation

The conceptual flow for how the Al-driven question gener-
ation program operates is as follows.

1) Source Code Preparation: The system begins by reading
a collection of pre-prepared Python source codes by the
teachers, organized into three main categories: Introduc-
tion to Python, Intermediate Python, and Intermediate
Python for Data Science. These categories ensure that
questions are tailored to the appropriate skill level and
cover relevant basic Python programming concepts.

2) Source Code Analysis: The source code is loaded into the
program within Google Colab, where each code snippet
is processed to extract key features and concepts, such
as specific functions, loops, data types, and common
programming patterns. This step allows the system to
determine which elements will be the focus of each
question.

3) Question Generation with ChatGPT: The question gener-
ation process also continues in Google Colab, where the
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ChatGPT API is called to generate questions based on

the analyzed source code. Using the ChatGPT language

model, the system automatically generates questions

based on the analyzed source code. ChatGPT designs

each question type to test different parts of programming

knowledge:

« For code understanding questions, the model asks
students to interpret code structure or logic.

«» For output prediction questions, the model generates
questions that require students to predict code outputs.

« For code completion questions, the model creates ques-
tions with missing code parts, prompting students to
recall specific syntax or functions.

4) Question Formatting: The generated questions are for-
matted appropriately for the learning environment. Code
understanding and output prediction questions are set up
as multiple-choice (MCQ) or trueffalse questions, while
code completion questions are formatted as short-answer
fill-in-the-blanks responses, where students must directly
input missing code elements.

5) Output and Review: Finally, the system compiles the
questions into a usable format for educators, who can
review and adjust them as needed. This organized output
enables teachers to incorporate the questions into quizzes,
assignments, or practice materials for Python program-
ming education.

To provide a clear understanding of how our program
operates, we present the overall architecture of the Al-driven
question generation process in Figure [}

Course Materials/
Source Codes

Prepare Prompt
—_— P —_—

ChatGPT
API

Verify

Feedback
Discussions
w"/
Questions

Fig. 1: Overall architecture of Al-driven question generation
process.

/

Questions with
answers

B. Prompt Design for Effective Question Generation

As effective prompt design is crucial for obtaining high-
quality, context-specific questions that align with the educa-
tional goals of each topic, the prompt design strategies used to
guide ChatGPT in generating relevant and structured questions
from Python code snippets will be discussed in this section.

« Contextual Introduction in the Prompt: This sets the
scenario for ChatGPT, positioning it as an educational
tool and guiding it to produce questions aligned with a
teaching goal, thus keeping the model focused on creating
educationally relevant questions. The prompt example for
contextual introduction can be seen in Figure 2]

I am a teacher and want to generate exactly
one {question_type} question for my students
based on the following Python code.

Fig. 2: Prompt example for contextual introduction.

Detailed Specification for Each Question Type: Specific
instructions for each question type have been outlined,
which is crucial in guiding ChatGPT to produce distinct
question formats. By instructing ChatGPT to “Ensure
the answers are concise and without any repetition,”
the prompt aims to maintain the quality and uniqueness
of each generated question. The prompt example for
detailed specification for each question type can be seen
in Figure 3]

If {question_type} is **Code Understanding**
- Provide exactly one MCQ with 3 choices
and the correct answer.

- Provide exactly one True/False question
with the correct answer.

If {question_type} is **Qutput Prediction®**:
- Provide exactly one MCQ predicting the
output with 3 choices and the correct
answer.

- Provide exactly one True/False question
based on a part of the output.

If {question_type} is **Code Completion**:
- Provide exactly one fill-in-the-blank
question by removing a key part of the code
- Provide the correct answer for the blank.

Please generate only the requested question
type: {question_type}. Ensure the answers are
concise and without any repetition.

Fig. 3: Prompt example for detailed specification.

C. Automated Question Generation Process and Its Educa-
tional Value

This section describes our step-by-step Al-driven approach
to generate structured questions from Python code using Chat-
GPT’s API, emphasizing how this automation can improve
Python education by saving educators time and ensuring a
consistent question quality.

1) API Initialization: The program begins by configuring the
OpenAl API key, which provides authorized access to
ChatGPT’s question generation capabilities.

2) Duplicate Filtering: A filtering function in our program
removes redundant or repeated content in the gener-
ated questions, ensuring each question remains clear and
unique. This step enhances readability and ensures the
content is concise.

3) Targeted Question Generation: For each Python code
snippet, the system uses ChatGPT’s LM to generate
questions across three main types:
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» Code understanding questions are crafted as MCQs or
true/false questions that assess students’ comprehen-
sion of code logic and structure.

« Output prediction questions involve MCQs or true/false
questions that ask students to predict code outcomes,
helping them develop strong analytical and debugging
skills.

« Code completion questions omit critical code elements,
prompting students to fill in missing parts. This encour-
ages accurate syntax recall and procedural memory in
coding.

4) Batch Processing of Code Files: The program processes
each Python source code files in a designated folder
iteratively, reading the code snippet and running the
question generation function to create questions in all
three types. These questions are grouped by file and type
for easy review.

5) Output Formatting: The generated questions are saved
in an organized output file, segmented by Python file
and question type, providing educators with a structured,
ready-to-use resource for student assessments.

D. Examples of Question Types

To illustrate the types of questions generated, we will
examine a sample Python code snippet as shown in Figure
[] that introduces basic variables and data types. This snippet
includes a string, integer, float, and boolean, along with print
statements that display these values in simple sentences. By
analyzing this code, the Al-driven question generation system
creates various questions aimed at testing different aspects
of Python knowledge, such as code understanding, output
prediction, and code completion.

name = "Alice"
age = 25
height = 5.6

is_student = True

print(H"ello, my name is", name)
print(I" am", age, "years old.")
print(M"y height is", height, "feet.")

print(A"m I a student?", is_student)

Fig. 4: Python source code for variables and data types.

1) Code Understanding Questions: assess students’ ability to
interpret a given Python code snippet, focusing on logic,
structure, and purpose. These questions help students gain
foundational understanding of programming concepts.

Listing 1: Generated questions with answers for code
understanding.

**Code understanding Questions:**

**Multiple Choice Question (MCQ):**

What data type is used to represent
whether someone is a student or not in the
code?

A) String

B) Integer

C) Boolean
**Correct Answer:** C) Boolean

**True/False Question:**

The variable “height” represents the
height in meters.

**Correct Answer:** False

(It represents the height in feet.)

2) Output Prediction Questions: ask students to predict the
output of a given code snippet. These questions help de-
velop students’ ability to trace code execution, understand
variable states, and anticipate program behavior.

Listing 2: Generated questions with answers for output
prediction.

**Qutput prediction Questions:**

**Multiple Choice Question (MCQ):**

What will be the output of the following
code?

**Choices:**

A.

Hello, my name is Alice

I am 25 years old.

My height is 5.6 feet.

Am I a student? True

B.

I am 25

My height is 5.6
C.

I am years old.

My height is feet.

Am I a student?
**Correct Answer:** A

**True/False Question:**
The output "Am I a student? True"
appear in the console.

**Correct Answer:** True

will

3) Code Completion Questions: ask students to complete
missing parts of a code snippet, such as keywords,
functions, or parameters. This type of question empha-
sizes knowledge of syntax, function usage, and logical
structure, helping students to reinforce accurate coding
practices.

Listing 3: Generated questions with answers for code
completion.

**Code Completion Question:*¥*

Fill in the blank in the following line of
code to correctly print the statement
about the age.

" “python
print(I" am", ___ , "years old.")
**Correct Answer:*¥*
“age”

IV. EvarLuatioN
A. Assignments

In this paper, 28 Python source codes were carefully col-
lected from university course materials, online Python tuto-
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rials, and real-world coding exercises, covering fundamental
and intermediate programming concepts in three introductory
courses: Introduction to Python, Intermediate Python, and
Intermediate Python for Data Science. Each code snippet was
reviewed by Python educators to ensure its clarity, correctness,
and alignment with learning objectives. Table [I| shows courses
and the key topics covered for each course for evaluations.

TABLE I: Assignments for evaluations.

Course ID | Topic
1 Variables and Data Types
2 Arithmetic Operations
3 Conditional Statements
Introduction 4 LOOPS.
to Python 5 anctlons
6 Lists
7 Dictionaries
8 Loops with Lists
9 | Error Handling
10 | File Handling
11 | List Comprehensions
12 | Lambda Functions and Higher-Order Functions
13 | Classes and Objects
Intermediate 14 | Exception Handling
Python 15 | Working with External Libraries
16 | Generators
17 | Decorators
18 | Working with JSON Data
19 | List Sorting with Custom Keys
20 | Matplotlib
21 | Dictionaries and Pandas
22 | Logic, Control Flow, and Filtering
Intermediate 23 | Loops with Matrix Data
Python for 24 | Mean, Median, and Standard Deviation
Data Science 25 | Histogram
26 | Logic Filtering with Pandas
27 | Nested Loops
28 | Correlation

B. Performance Analysis of Question Generation Methods

This subsection examines the effectiveness of different
prompting methods: 1) Zero-shot, 2) One-shot, and 3) Few-
shot—in generating quality questions for each question type
(Code Understanding, Output Prediction, and Code Comple-
tion). Table [l] summarizes the results across each question
type and prompt method.

TABLE II: Accuracy of generated questions by prompt
method and question type.

Prompt Code Understanding | Output Prediction Code Completion

Method MCQ T/F MCQ T/F Fill-in-Blank
Zero-shot | 96.3% 21.1% 96.3% 17.8% 53.7%
One-shot 100% 100% 100% 100% 100%
Few-shot 100% 100% 100% 100% 100%

In the zero-shot approach, where no example is provided
in the prompt, results were mixed. The system showed high
accuracy in generating MCQs for both code understanding
and output prediction questions, with accuracies of 96.30%.
However, true/false question accuracy was significantly lower,
at 21.11% for code understanding and 17.78% for output
prediction. The code completion questions achieved moderate
accuracy (53.70%), indicating that zero-shot prompts might

lack the contextual grounding needed for more precise ques-
tion formats.

While the one-shot method (providing a single example in
the prompt) resulted in 100% accuracy across all question
types, it exhibited some practical limitations. We observed
that one-shot prompts often generated duplicate questions
and, in some cases, omitted answers for certain questions.
This inconsistency suggests that while one-shot prompting
can technically produce the required questions, it may lack
the robustness needed for consistent, high-quality outputs in a
real-world educational setting.

The few-shot approach, which includes multiple examples
(such as giving few instructions for three question types)
in the prompt, achieved 100% accuracy across all question
types without the issues observed in one-shot prompting. Few-
shot prompts provided a more stable generation of unique
and fully answered questions, indicating that this approach
is more reliable for educational applications where clarity and
completeness are essential.

These findings highlight the advantages of using exam-
ples in prompts to improve question quality. While zero-shot
prompting is effective for generating simpler question types
(like MCQs), one-shot prompting may introduce inconsisten-
cies such as duplicate questions and missing answers. Few-
shot prompting, on the other hand, provides both accuracy
and reliability, making it the preferred choice for generating
diverse, complete, and well-structured questions.

Given the observed limitations of zero-shot and one-shot
prompting, we ultimately selected questions generated using
the few-shot prompting method for application with students.
The few-shot approach provided consistent, high-quality ques-
tions that were free from duplicates and included complete
answer information, ensuring that each question met our
educational standards. By using few-shot generated questions,
we aimed to deliver a reliable and comprehensive assessment
experience that effectively supported students’ learning and
evaluation.

C. Student Solution Results

This section presents an analysis of student solution results
on three types of assignments.

Figure [ shows the average correct rate (%) for each
student across three types of assignments. Most of the stu-
dents achieved over 80% in code understanding and output
prediction assignments. This indicates that the generated ques-
tions for these assignments are effective in helping students
understand and predict code behavior, which is essential for
foundational programming knowledge.
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Fig. 5: Solution results for individual students.

In contrast, some students could not reach above 80%
in code completion assignment. This indicates that students
generally find this type of assignment more challenging, as
they are requested to answer missing code parts. They may
need more practice or guidance in coding tasks that require
practical application.

To better interpret these results, we collected information
on students’ programming knowledge levels. The participants
had diverse learning backgrounds in Python, including self-
study, where they independently explored Python concepts
using online resources and coding platforms; online courses,
where they followed structured learning paths with guided
instruction and assignments; and classroom-based learning,
where they were formally taught Python as part of a university
curriculum.

This variation in learning methods may have influenced
individual performance, particularly in Code Completion tasks,
which require a deeper understanding of syntax and logical
structuring. Students with classroom-based instruction may
have had more exposure to structured problem-solving tech-
niques, while self-taught learners might have developed a more
hands-on, trial-and-error approach. Additionally, those who
completed online courses may have benefited from structured
content but lacked direct instructor feedback. Understanding
these differences is crucial for refining Al-generated questions
to better accommodate learners with varying levels of experi-
ence and support their progression in Python programming.

TABLE III: Number of students and results in each

assignment.
assignment # of # of ave. ave. correct
group students | questions | score rate (%)
Code Understanding 9 56 50.89 90.87
Output Prediction 8 56 51.25 91.52
Code Completion 8 28 24.25 86.61

Table [ provides an overview of student performance
across three assignment types, showing average scores and
correct rates. These results not only show the students’ com-
prehension and skill levels but also provide evidence for the
effectiveness of generated questions in classroom setting.

While code understanding and output prediction show high
average correct rates (90.87% and 91.52%, respectively), in-
dicating the student’s proficiency in analyzing and predicting
code behavior, code completion presents more of a challenge,
with a lower average correct rate of 86.61%. This suggests
that while the generated questions are effective in reinforcing
comprehension and analysis skills, students may benefit from
additional practice and support in practical coding tasks.

V. CONCLUSION

This paper present an Al-driven program that uses ChatGPT
to automate question generation for Python programming
education. The program reads pre-prepared Python source
code at three introductory courses: Introduction to Python, In-
termediate Python, and Intermediate Python for Data Science.
By analyzing each code snippet, the program can generate
three types of questions with multiple choice, true/false and
fill-in-blanks with answers for code understanding, output
prediction and code completion questions, covering key pro-
gramming concepts tailored to the students’ skill levels. We
evaluated the system using three prompting methods: zero-
shot, one-shot, and few-shot. Among these, only questions
generated using the few-shot prompting method consistently
met the quality standards for accuracy and clarity, making
them suitable for use in Python education. Student solution
results also showed that the questions generated using few-shot
prompting effectively assessed students’ understanding, with
high accuracy in correct responses across all question types.
Future improvements include expanding to more advanced
topics, incorporating additional programming languages, and
exploring adaptive learning features. We also would like to
apply to university classrooms for real-world evaluation.
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