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10.1556,/606.2025.01413 This study presents a multilingual system for automatic question generation from source code in Py-
© 2025 The Author(s) thon, C++, Java, and C. Using static code analysis, and template-based methods; it extracts code

structure and generates questions aligned with Bloom’s Taxonomy. A dataset of 456 questions from 19
algorithms and three code complexity levels was used. Current systems are monolingual; this approach
handles four programming languages with a unified framework. The system was evaluated using several
metrics, including the overall quality score. The automatic evaluation shows that C achieved a slightly
higher overall quality score of 0.59, while the other languages scored 0.57. Human evaluation com-
plements the automated evaluation, providing educators’ perspective on question quality.
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1. INTRODUCTION

The manual creation of programming exercises remains time-consuming for educators, often
taking hours to ensure questions align with specific learning objectives and code complexity
levels [1]. This challenge intensifies in multilingual educational settings where instructors
must simultaneously maintain question banks for multiple programming languages. Recent
advances in static analysis frameworks and attribute grammar systems have laid the technical
foundation for Automatic Question Generation (AQG) tools that parse code structures,
extract semantic elements, and populate pedagogical templates [2, 3]. Traditional AQG
systems relied heavily on template-based approaches that limited question diversity and
contextual relevance [4]. Integrating Abstract Syntax Tree (AST) analysis with reference
attribute grammars has enabled more sophisticated code element extraction, particularly for
object-oriented languages like Java and C++ [5-7]. These technological advancements
coincide with growing pedagogical demands for personalized learning pathways and com-
petency-based assessment frameworks in computer science education [8]. Cross-language
question generation introduces unique parsing challenges due to varying syntax rules and
programming paradigms. There is no agreed-upon or standard evaluation metric for code-
based question generation for educational purposes. The current few systems deal with one
programming language (monolingual) without fully automated evaluation [1, 4]. As a result,
this research’s main added value is dealing with multilingual code-based question generation
and automating the evaluation process.
*Corresponding author. This study presents a multilingual code question generator capable of automatically
E-mail: alshboul.jawad@student. producing assessment questions for Python, C++, Java, and C codes. It focuses on code-
uni-miskolc.hu based question generation using static code analysis. It offers pattern-based algorithm
detection, structural analysis, and question templates. Pattern-based algorithm detection is
performed through regex patterns. Structural analysis examines functions, loops, condi-
’j Journals tionals, and variables to generate relevant questions. Question templates involve predefined
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templates for different code elements to create varied
questions. The research objectives of this study are:

1. Developing a multilingual code question generator
capable of automatically producing assessment questions
for Python, C++, Java, and C codes (code-based ques-
tion generation);

2. Developing an approach for automatically evaluating the
proposed system based on a set of evaluation criteria
through experiments on a real-world dataset to demon-
strate its effectiveness in generating questions from pro-
gram codes.

2. LITERATURE REVIEW

Early AQG systems focused primarily on Natural Language
Processing (NLP) techniques applied to programming text-
books and documentation [9]. Most recent research focuses
on generating questions from text, while some research fo-
cuses on generating questions from visuals or images [4].
The article [4] presents a hybrid approach to generate
questions from Python program codes. However, there is a
limitation concerning relying solely on the QuestGen arti-
ficial intelligence framework, which might lead to poorly
phrased questions due to its nature and main purpose of
focusing on generating questions from text.

Integrating of Bloom’s Taxonomy into AQG frameworks
marked a significant advancement in aligning educational
technology with pedagogical objectives. This integration
enables the generation of assessment items systematically
mapped to cognitive skill levels, ensuring that instruction
and evaluation are pedagogically sound and targeted to
desired learning outcomes. Recent AQG systems utilize
Bloom’s Taxonomy to classify and generate questions that
target specific cognitive levels, from basic recall (remem-
bering) to higher-order thinking skills like learners’ cognitive
development and support differentiated instruction [10].
Static code analysis is employed across various domains,
particularly in compiler design and security [11]. Static code
analysis is used to automate checking student programming
assignments. It verifies the correctness of student program-
ming assignments concerning assignment instructions [12].

Most evaluations were conducted based on human
evaluators, as it is illustrated by article [4], which relied
solely on human evaluators in evaluating the generated
questions. The quality assessment of machine-generated
questions requires robust metrics beyond traditional auto-
mated scoring. Bloom’s Taxonomy is a foundational
framework for categorizing questions based on cognitive
complexity [13]. It encompasses remembering, under-
standing, applying, analyzing, evaluating, and creating [13-
15]. This taxonomy helps assess the cognitive skills that the
questions aim to consider. Bloom’s Taxonomy is used to
classify educational learning objectives into levels of
complexity and specificity. The following are the six levels
from the simplest to the most complex:
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1. Remembering: This is the basic level where learners must
recall facts and concepts;

2. Understanding: Learners demonstrate comprehension by
explaining ideas or concepts, summarizing information,
and interpreting meaning;

3. Applying: It involves using knowledge in new situations
to solve problems or complete tasks, demonstrating
practical understanding;

4. Analyzing: Learners break down information into parts
to understand its structure. They can differentiate be-
tween facts and inferences and identify relationships
among various components;

5. Evaluating: Learners make judgments based on criteria
and standards. They can critique ideas, assess the validity
of arguments, and provide justification for their opinions;

6. Creating: This is the highest level of Bloom’s Taxonomy,
where learners combine elements to form a coherent or
functional whole. They can design new products, propose
solutions, or generate original ideas.

These levels are essential for educators to design assess-
ments and questions that target various cognitive skills,
ensuring a comprehensive evaluation of student learning. In
the context of AQG, understanding these levels is crucial for
creating questions that effectively assess students” knowledge
and cognitive abilities.

3. METHODOLOGY

The four programming languages were chosen based on the
up-to-date The Importance Of Being Earnest (TIOBE) In-
dex, which indicates the popularity of programming lan-
guages. Python, C++, Java, and C are the most popular
programming languages worldwide according to the TIOBE
Index as of May 2025 [16]. While the paper [13] primarily
focuses on general educational applications, it is important
to note that modern adaptations of Bloom’s Taxonomy can
be tailored to specific domains, like programming. This
adaptation allows for evaluating cognitive tasks unique to
programming education, ensuring that the generated ques-
tions are relevant and effective for learners in that field. As a
result, the methodology in the current research adopts
Bloom’s Taxonomy evaluation levels: remembering, under-
standing, applying, analyzing, evaluating, and creating.

Figure 1 shows the proposed methodology for a code-
based multi-language question generator. The methodology
behind involves several interconnected components that
analyze code snippets and generate relevant questions. A
detailed explanation of the methodology follows.

3.1. Language-specific parsing

The foundation of the system is a modular parsing that
handles multiple programming languages:

1. Language detection: The system first identifies the pro-
gramming language of the input code using heuristic
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Fig. 1. Methodology for multilingual code-based question
generation

pattern matching. This detection is based on language-
specific keywords, syntax patterns, and structures;

2. Language-specific parsers: Each supported language (Py-
thon, Java, C++, and C) has a dedicated parser that
implements the common code parser interface. This
enables polymorphic handling of different languages
while accounting for their unique characteristics;

3. Python parser implementation: For Python, the system
leverages the AST module to perform deep structural
analysis of the code. This provides detailed information
about functions, loops, conditionals, and variables;

4. Other language parsers: For Java, C++, and C, the system
implements regex-based parsers that identify key struc-
tural elements despite the lack of native AST support in
Python for these languages.

3.2. Code element extraction

After parsing, the system extracts various structural elements
from the code:

1. Function analysis: The system extracts information about
functions, including their names, parameters; return
statements, and recursion patterns;

2. Loop detection: The system identifies different types of
loops (for/while) and extracts information about their
variables and conditions;

3. Conditional statement analysis: For conditional state-
ments (if/else), the system extracts conditions, identifies
branch patterns, and determines nesting levels;

4. Variable tracking: The system extracts variables, their
data types (when possible), initialization values, and
tracks their modifications throughout the code;

5. Algorithm identification: Using a dictionary of algorithm-
specific regex patterns, the system identifies common
algorithms implemented in the code (e.g., binary search,
sorting algorithms, and graph traversals).

3.3. Template-based question generation

The question generation process uses templates customized
for different code elements and difficulty levels, as a sample
is shown in Code 1:

1. Difficulty stratification: Questions are categorized into
three difficulty levels - beginner, intermediate, and
advanced - aligned with increasing cognitive complexity;

2. Element-specific templates: Each code element type
(functions, loops, conditionals, variables, algorithms) has
specific question templates designed to test understand-
ing at different levels;

3. Dynamic template parameters: The system dynamically
fills in template parameters with specific code elements.
For example, function parameter examples are generated
based on parameter names using heuristic rules.

Code 1.  Sample of templates used for code-based question

generation

"loop’: { DifficultyLevel BEGINNER: [
“What is the purpose of the {type} loop on line {line_num}?”,
“How many times will the {type} loop on line {line_num} execute
with typical input?”, “What happens in each iteration of the
{type} loop on line {line_num}?”],

3.4. Cognitive science-based question design

The templates are designed based on principles from cogni-
tive science and educational theory, as it is shown in Code 1:

1. Bloom’s Taxonomy alignment:
a) Beginner questions focus on remembering and under-
standing (e.g., “What is the purpose of function X?”);
b) Intermediate questions target applying and analyzing
(e.g., “Trace the execution of function X with inputs Y”);
¢) Advanced questions emphasize evaluating and creating
(e.g., “How could you optimize function X?”);

2. Contextual relevance: Questions directly reference spe-
cific code elements, line numbers, and variable names
from the input code to create contextually relevant
assessments;

3. Balanced coverage: The system distributes questions
across different code elements to ensure a comprehensive
assessment of the code snippet.
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3.5. Question post-processing

After generating candidate questions, the system applies
several post-processing steps:

1. De-duplication: Eliminates duplicate or highly similar
questions to ensure variety;

2. Shuffling: Randomizes the order of questions to prevent
predictable patterns;

3. Limiting: Controls the number of questions to prevent
overwhelming the user, while maintaining a balance of
difficulty levels;

4. Fallback strategies: If specific elements cannot be
extracted (e.g., due to parsing errors), the system falls
back to more general questions about the code.

3.6. Evaluation approach

The methodology includes an evaluation approach to assess
the quality of the generated questions. The evaluation of the
proposed system is designed around a set of defined criteria.
The methodology involves a structured approach to assess
the quality of the generated questions across several key
dimensions:

1. Bloom’s Taxonomy: The Bloom’s Taxonomy cognitive
level distribution is computed by using Bloom’s Tax-
onomy alignment to assess cognitive level distribution
(remembering, understanding, applying, analyzing,
evaluating, and creating);

2. Difficulty distribution: The questions are analyzed across
three difficulty levels (Beginner, Intermediate,
Advanced) for four programming languages: C, C++,
Java, and Python;

3. Linguistic complexity: This dimension combines word
count, sentence count, Flesch-Kincaid Grade Level, and
average sentence length. All values are normalized to a
0-1 scale, with sentence length capped at 25 words and
grade level capped at 10. The final score is computed
using the formula:

0.6-Normalized Grade Level
+0.4- Normalized Sentence Length;

(1)

4. Code coverage: Measures how comprehensively the
generated questions address different code components.
The score is calculated as:

Linguistic Complexity = {

0.4- Variables Coverage
0.6 Functions Coverage;

Code Coverage = { (2)

5. Precision: Defined as the ratio of relevant or correct
questions to the total number of questions generated by
the system;

6. Recall: Assesses the system’s ability to generate all
relevant or expected questions, using code coverage as a
proxy indicator for recall;

7. Novelty: Measures the originality of the generated
questions using the formula:
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0.4-Bloom Score + 0.3+ Code Elements

+0.3- Advanced Question Types; ®)

Novelty = {

8. Educational alignment: Evaluates how well the questions
align with predefined learning objectives. The score is
computed as:

Educational Alignment
0.7 - Expected Bloom Match 4)
+0.3- Expected Linguistic Complexity Match;

9. Cognitive diversity: Captures the diversity of cognitive
skills involved in answering the questions. The formula
used is:

Cognitive Diversity = 0.4-Bloom Score/6 + 0.6- Entropy,
(5)

Entropy = = p-log(p) /log(6), (6)

and p denotes the proportion of questions at each
Bloom’s level. The weighted values are flexible and open
to future refinement. For instance, future researchers
might introduce additional variables, such as the density
of technical terms, to further improve linguistic
complexity estimation;

10. Question quality score by language and difficulty: The score
is calculated through a multi-step process. First,
computing eight different quality metrics for each question
(linguistic complexity, code coverage, Bloom’s distribution,
precision, recall, novelty, educational alignment, and
cognitive diversity). Second, combining these metrics with
predetermined weights. Third, aggregating the scores by
programming language and difficulty level;

11. Quality score by code complexity: The score is calculated
through a multi-step process. First, computing eight
different quality metrics for each question (linguistic
complexity, code coverage, Bloom’s distribution, preci-
sion, recall, novelty, educational alignment, and cogni-
tive diversity). Second, combining these metrics with
predetermined weights. Third, aggregating the scores by
language and code complexity (simple, moderate, or
complex).

4. RESULTS

The system analyzes code structure using language-specific
parsers and generates questions at varying difficulty levels.
The 114 questions for each programming language are
evaluated based on 19 different algorithms and across three
complexity levels (simple, moderate, and complex). The
dataset of code snippets used is available on GitHub [17].
There are six generated questions for each algorithm in each
programming language: two for beginners, two for in-
termediates, and two for advanced learners. The total
number of generated questions is 456. Established educa-
tional assessment metrics, outlined in section 3.6 of the
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Table 1. A sample transformation from code to question

Original Code

Template

Generated Question

def calculate_area (radius): return
3.14'radiusradius

class Student: def __init__(self, name,
age): self.name = name
self.age = age

try: result = x/y except
ZeroDivisionError: result = 0

“What does the {function_name}
function calculate using {parameter}?”
“What attributes does the {class_name}

class initialize?”

“What happens in this code when
{error_type} occurs?”

“What does the calculate_area function
calculate using radius?”
“What attributes does the Student class
initialize?”

“What happens in this code when
ZeroDivisionError occurs?”

methodology, were used to evaluate the generated questions.
The algorithms used are listed based on their fundamental
categories:

1. Sorting Algorithms (Bubble Sort, Insertion Sort, Selection
Sort, Merge Sort, and Quick Sort);

2. Searching Algorithms (Binary Search, Linear Search, and
Knuth-Morris-Pratt);

3. Graph Traversal Algorithms (Depth-First
Breadth-First Search, and Topological Sort);

4. Shortest Path Algorithms (Dijkstra’s, Floyd-Warshall,
and A" Search);

5. Minimum Spanning Tree Algorithms (Kruskal’s and
Prim’s);

6. Optimization & Problem-Solving Approaches (Dynamic
Programming, Greedy, and Huffman Coding).

Search,

For the collected and prepared dataset, the following
attributes are included:

1. Functions, Loops, Conditionals, and Variables: Each
attribute is binary - 0 means the feature is not present in
the code snippet, while 1 indicates it is present. All
selected code examples include at least one instance of
each of these four elements;

2. Lines: This attribute captures the length of the code,
measured by the number of lines in each snippet;

3. Complexity: This is a categorical attribute with three
levels - simple, moderate, and complex - reflecting the
overall complexity of the code;

4. Generated Questions: The questions are primarily
designed to require explanatory answers rather than
simple yes/no or multiple-choice responses (open-ended
questions). This field contains six automatically diffi-
culty-tiered generated questions based on the input code:
two aimed at beginner-level learners, two at intermediate
level, and two at advanced level.

Table 1 shows a sample transformation from code to
question.

Figure 2 shows the distribution of question difficulty
levels (Advanced, Intermediate, and Beginner) across four
programming languages: C, C++, Java, and Python. The
proportions of difficulty levels are identical across all four
languages. There is no noticeable skew toward a particular
difficulty level for any specific language. In short, the diffi-
culty level distribution is very evenly balanced across these
languages. This deliberate balance ensures that one-third of
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the questions target each difficulty level, providing a well-
rounded assessment experience.

Figure 3 presents Bloom’s Taxonomy coverage. Each

question was first analyzed to detect its cognitive level using
keyword matching, with the level determined based on the
highest number of keyword matches from Bloom’s taxon-
omy. These levels were then mapped to numeric values

(1

-6) and normalized to a 0-1 scale for further analysis. For

example, the system calculated the percentage of questions
falling under each level, resulting in distributions of 16% for
“Remember” and 8% for “Create”. The generated questions

Percentage (%)

Proportion (0-1)

Question Difficulty Distribution by Language

1.0
Difficulty Level
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0.8 BE Intermediate
H Advanced
0.6
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8 o C++ Java Python
Programming Language
Fig. 2. Question difficulty distribution by language
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Fig. 3. Bloom’s Taxonomy coverage across cognitive levels

'mécios Kozpont olvasok | Unauthenticated | Downloaded 07/31/26 11:04 AM UTC



76

Pollack Periodica 21 (2026) 2, 71-79

demonstrated good coverage across cognitive levels, with a
distribution of Remember: 16%, Understand: 24%, Apply:
16%, Analyze: 22%, Evaluate: 14%, and Create: 8%. This
distribution indicates a balanced approach, with room for
improvement in higher-order thinking (Create level).

Figure 4 reveals the question quality score by language
and difficulty level. The scores shown in this visualization
were calculated through a multi-step process. The overall
quality scores cluster around the 0.55-0.60 range, indicating
fairly consistent quality across difficulty levels and lan-
guages. It looks like beginner questions are generally better
crafted or better received - maybe because they are simpler
and easier to generate and validate.

Figure 5 focuses on the question quality score by lan-
guage and code complexity. Across the board, none of the
complexity levels dominate quality scores universally, which
suggests that the quality of a question is not strictly tied to
how simple or complex the code is.

Figure 6 shows the linguistic complexity of different
programming languages across three difficulty levels. Lin-
guistic complexity tends to increase with difficulty. Basic text
metrics - word and sentence counts - were computed for

0.70 Question Quality Score by Language and Difficulty Level
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Fig. 4. Question quality score by language and difficulty level
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each question to analyze sentence structure and length.
Readability metrics, including Flesch-Kincaid Grade Level,
were generated using the Textstat library to assess how
readable and educationally appropriate the questions were.
Average sentence length was also calculated to evaluate
syntactic complexity. All metrics were normalized to a 0-1
scale for comparability, with sentence length capped at 25
words and grade level at 10. A final complexity score was
derived using a weighted formula: 0.6 times the normalized
grade plus 0.4 times the normalized sentence length. Scores
were then aggregated by difficulty - Beginner, Intermediate,
and Advanced - to analyze patterns across tiers.

Figure 7 shows that the average question diversity score
varied by language, from 0.63 for C to 0.55 for C++. These
scores were calculated using a structured, multi-step process
with Shannon entropy to measure how evenly questions
were distributed across templates and types. Unlike cogni-
tive diversity, which reflects Bloom’s taxonomy levels, this
metric captures template usage patterns across algorithms
and averages them per language. Scores were normalized to
a 0-1 scale for cross-language comparison. C elicited the
most diverse questions (0.63), followed by Java (0.59), Py-
thon (0.57), and C++ (0.55). This variation may stem from
structural differences - C’s lower-level constructs likely
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Fig. 7. Average question diversity by programming language



Pollack Periodica 21 (2026) 2, 71-79

77

Table 2. Automatic evaluation results by programming language (N = 456)

Performance Metric C C++ Java Python Statistical Significance
Overall Quality Score 0.59 0.57 0.57 0.57 F(3,452) = 5.01, P < 0.010
Linguistic Complexity 0.35 0.37 0.39 0.44 F(3,452) = 8.73, P < 0.001
Code Coverage 1.00 1.00 1.00 1.00 No significant difference
Precision 0.36 0.35 0.35 0.39 F(3,452) = 6.40, P < 0.001
Recall 1.00 1.00 1.00 1.00 Perfect recall across all languages
F1-Score 0.53 0.52 0.52 0.56 F(3,452) = 5.71, P < 0.001
Novelty Score 0.17 0.14 0.15 0.15 F(3,452) = 3.35, P < 0.050
Educational Alignment 0.48 0.42 0.42 0.42 F(3,452) = 7.91, P < 0.001
Cognitive Diversity 0.53 0.50 0.52 0.50 F(3,452) = 4.61, P < 0.010

enable more varied questioning than C++’s standardized
object-oriented patterns.

Table 2 shows automatic evaluation metrics for code-
based question generation across four programming lan-
guages. C achieved a slightly higher overall quality score of
0.59, while the other languages scored 0.57. C code tends to
be less syntactically ambiguous, allowing the system’s static
analysis and template-matching components to extract
structural elements slightly better.

While the study employs well-defined metrics, the
absence of human evaluation limits the contextual accuracy
of generated questions. As a result, two human evaluators
were used to complement the automatic evaluation. The
manual metrics used are relevance and educational value of
the questions. The human evaluators were allowed to rate
based on their teaching experience. Relevance can cover
code topic match, code context understanding, difficulty
appropriateness, and clarity. Educational value can cover
concept coverage, cognitive challenge, feedback potential,
and engagement. The two evaluators were given the same 40
questions divided evenly between the four programming
languages. Table 3 shows human evaluation metrics for
code-based question generation across four programming
languages. Table 3 shows C leads slightly. Python, Java, and
C++ are tied at 3.45, showing a fairly even performance.
Two tests were conducted to understand whether this slight
difference has statistical significance. First, a paired ¢-test
comparing C versus each of Python, Java, and C++ average
scores as shown in Table 4. Two, one-way ANOVA
comparing average scores across all four languages (F-sta-
tistic: 48.44, P-value: 1.01:10~'? (very low)). The difference
between C and other languages is very slight. Based on the
table of paired t-tests and ANOVA results, the differences
between C and the other languages are statistically signifi-
cant, even if they were very slight.

Table 3. Human evaluation results by programming language

(N = 40)
Metric Python Java C++ C
Relevance 3.80 3.70 3.70 3.80
Educational Value 3.10 3.20 3.20 3.20
Average Score 3.45 3.45 3.45 3.50
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Table 4. Paired t-test results for human evaluation differences

Significant?
Comparison  ¢-statistic P-value (a = 0.05)
C vs. Python 7.22 0.00005000 (very low) Yes
C vs. Java 9.64 0.00000500 (very low) Yes
Cvs. C++ 16.10 0.00000006 (very low) Yes

The human evaluation complements the automated
evaluation by validating key findings while providing edu-
cators’ perspective on question quality. Both approaches
consistently identified C as a better performer, though hu-
man evaluation revealed more balanced performance across
languages than suggested by automated metrics alone. The
convergence between automated educational alignment
scores and human-assessed educational value demonstrates
the validity of computational metrics for educational appli-
cations. However, the human evaluation’s emphasis on
practical teaching utility provides essential context that
purely computational measures cannot capture, highlighting
the importance of multi-faceted evaluation approaches in
educational technology research.

5. DISCUSSION

5.1. Research contributions

This methodology introduces several key contributions to
automated programming question generation. Unlike many
existing systems focusing on a single programming lan-
guage, this approach handles four languages with a unified
framework. It combines AST-based parsing (for Python)
with regex-based parsing (for other languages) to achieve
broad language coverage without sacrificing depth of anal-
ysis. It implements a pattern-based approach to identify
common algorithms in code, enabling algorithm-specific
questions. It systematically categorizes questions into
different difficulty levels based on cognitive complexity
rather than arbitrary designations. It generates example
parameters for function calls based on parameter names,
creating more realistic and contextually appropriate ques-
tions. Finally, it ensures questions cover multiple aspects of
programming knowledge.
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5.2. Limitations

While this study’s results are promising, it is important to
acknowledge certain limitations. The current methodology
has several limitations that suggest directions for future
research. The regex-based parsing for Java, C++, and C is
less precise than AST-based one, which may affect question
quality. The current approach relies on static code analysis
and does not include dynamic runtime behavior analysis.
The system recognizes structural patterns but has limited
understanding of the semantic purpose of the code. Finally,
the fixed templates may become predictable with
extended use.

5.3. Future directions

Future improvements could include using language-specific
parsers for each supported language, incorporating machine
learning for more adaptive question generation, adding dy-
namic code execution analysis, implementing more sophis-
ticated algorithm detection, developing context-aware
template generation, and investigating the educational
effectiveness of automatically generated questions through
student performance analysis.

6. CONCLUSION

This research developed and evaluated a template-based
approach using static code analysis for automated question
generation from source code. By leveraging Abstract Syntax
Trees (ASTs) and predefined templates, the system effec-
tively generated contextually relevant questions across
multiple programming languages, addressing a core chal-
lenge in programming education. Experimental results
showed consistent quality across C (0.59), Java (0.57), Py-
thon (0.57), and C++ (0.57). Expert evaluations rated the
system’s utility between 3.45 and 3.50 across languages, with
significant statistical support (F = 48.44, P = 1.01:10~ %),
confirming its practical applicability. The generated ques-
tions spanned all six Bloom’s taxonomy levels - 16%
Remember, 24% Understand, 16% Apply, 22% Analyze, 14%
Evaluate, and 8% Create - maintaining an identical distri-
bution across all languages. This balanced cognitive coverage
underscores the system’s ability to support comprehensive
learning assessments. This work offers a multilingual code
question generator capable of automatically producing
assessment questions for Python, C++, Java, and C codes
and an approach for automatically evaluating the proposed
system based on a set of evaluation criteria complemented
by human evaluation metrics. Current diversity and quality
scores highlight room for improvement. Future work should
expand template libraries, improve the question-generation
filtering process to increase precision, incorporate machine
learning to enhance quality, and conduct longitudinal
studies to assess learning outcomes over time. The proposed
system provides a validated foundation for scalable, auto-
mated assessment in programming education. With good
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quantitative support (quality: 0.59-0.57; cognitive diversity:
0.50-0.53; expert rating: 3.45-3.50), it offers a practical,
adaptable tool for educators. In summary, this work marks a
promising early-stage (baseline) system toward intelligent,
scalable multilingual assessment systems - bridging static
analysis and educational theory to meet the evolving de-
mands of computer science education.
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