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Abstract: We present an automatic approach for generating learning problems for teaching
introductory programming in different programming languages. The current implementa-
tion allows input and output in the three most popular programming languages for teaching
introductory programming courses: C++ , Java, and Python. The generator stores learning
problems using the “meaning tree”, a language-independent representation of a syntax
tree. During this study, we generated a bank of 1,428,899 learning problems focused on the
order of expression evaluation. They were generated in about 16 h. The learning problems
were classified for further use with the used concepts, possible domain-rule violations, and
required skills; they covered a wide range of difficulties and topics. The problems were
validated by automatically solving them in an intelligent tutoring system that recorded the
actual skills used and violations made. The generated problems were favorably assessed
by 10 experts: teachers and teaching assistants in introductory programming courses. They
noted that the problems are ready for use without further manual improvement and that
the classification system is flexible enough to receive problems with desirable properties.
The proposed approach combines the advantages of different state-of-the-art methods. It
combines the diversity of learning problems generated by restricted randomization and
large language models with full correctness and a natural look of template-based problems,
which makes it a good fit for large-scale learning problem generation.

Keywords: learning problem generation; introductory programming learning; artificial
intelligence; programming languages; expressions

1. Introduction

Various programming languages are used in introductory programming courses to
teach future computer science professionals. According to the results of different studies,
Java, Python, and C++ remain popular languages for teaching beginner programmers [1,2].
Teachers choose a programming language according to their features. For example, Python
is valued for relative easiness and readability, Java is valued for emphasizing the object-
oriented approach, and learning C++ allows users to foster an understanding of managing
memory and resource usage [3].

During introductory programming courses, the student needs to develop their under-
standing of the basic concepts of programming, for example, evaluation of expressions,
control flow structures, variable scope, and so on. That requires a lot of training that
involves solving relatively simple learning problems that demonstrate each concept while
receiving feedback on the correctness of their actions. The large sizes of the student co-
horts and the lack of teacher time prevent individual work with a teacher at that stage.
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An intelligent tutoring system (ITS) can be used to facilitate solving that kind of learning
problem [4,5]. ITSs are designed to imitate intelligent behavior of human teachers in select-
ing learning problems to solve, verifying solutions, providing feedback, and demonstrating
worked examples [6]. An ITS can adapt to a particular student; it can take into account
the actual level of their knowledge, provide suitable programming learning problems
for developing skills and reducing knowledge gaps, and provide personalized feedback
according to the student’s actions. This is especially effective during the initial stages of
programming learning, when basic skills are developed because generating meaningful
feedback is much easier for learning problems that require the development of basic skills.
The use of ITS can reduce the workload of the teaching staff, improve the quality of learn-
ing by allowing students to solve simple learning problems until mastery, and allow the
teachers to concentrate on more creative tasks when working with students.

However, that requires a large and diverse problem bank. The problem bank should
contain a large number of learning problems; this allows the verification of students’
knowledge of various concepts and rules of the subject domain. Individual training until
mastery for groups of students requires different learning problems: from simple problems
requiring only one rule to solve to complex problems requiring in-depth knowledge of the
subject domain and combining all the relevant knowledge. A particular student may need
several learning problems with a particular configuration of required skills to master them.
Also, when students are learning in groups, it is good to give each student a unique set of
learning problems to avoid sharing solutions among the students. That requires creating a
large, diversified bank of learning problems that contains many learning problems for each
combination of taught skills and each difficulty level.

Most of the programming-related ITSs are devoted to a single programming lan-
guage [7-9], but some support several languages (for example, [10]). For example, PyKi-
netic is intended only for learning Python and has seven difficulty levels, where for each
problem there are several test cases and one predefined hint [11]. Some ITSs use problem
banks with a limited set of learning problems, manually divided into difficulty levels. That
limits their usage in large classes and during training to mastery and makes adding support
for new programming languages very costly.

Developing problem banks for multi-language ITSs is particularly challenging because,
while many features of programming languages are common, each language has unique
features that require learning [12-14]. Typically, this problem is solved by developing a
problem bank for every language separately, but that significantly increases the workload
for authoring learning problems. The alternative approach is converting learning problems
of the same type between programming languages with separate classifications of learning
problems by required skills and complexity. Most of the differences between programming
languages are syntactic; something that is carried out in one of the languages can be
achieved in others because they all can be reduced to a Turing machine.

Creating large and diversified problem banks requires automatizing learning-problem
generation. In this study, we leverage the previously described techniques of generating
learning problems for programming ITSs from open source code to generate a big, diversi-
fied learning-problem bank for an ITS teaching determining the order of evaluation of a
programming-language expression. The ITS supports the C++ (standard C++ 11 and above),
Java (version 11 and above), and Python (version 3.8 and above) programming languages,
and the learning-problem generator should support conversion of expressions between
those languages to increase the number of available learning problems for every language.
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The contributions of this article are as follows:

* it describes a method for learning problem generation in the programming domain
that uses existing open-source code to minimize human labor and allows conversion of
learning problems between programming languages and generating multi-language
problem banks;

* it presents a large learning-problem bank for the ITS CompPrehension on teaching
programming-language expressions generated using the proposed method;

* it describes validation procedures necessary for generating large problem banks that
cannot be validated manually, including simulation of different user behavior and
gathering data on the results of their grading in the ITS core;

* it provides the results of selective evaluation of generated learning problems by expert
teachers, who were given a way to select any kind of learning problems according to
the classification by the generator.

The rest of the article is organized as follows: Section 2 describes related work on
learning-problem generation. Section 3 describes the proposed method of generating
learning problems in the programming domain based on open-source code. Section 4
describes the generated problem bank, its validation, and evaluation. Section 5 discusses
our findings. Section 6 lists threats to the study’s validity. Section 7 provides conclusions.

2. Related Work

One of the main questions in automatizing the generation of learning problems is the
amount of manual work required to use the generated problems. It dramatically affects
the scalability of the generator: the less manual work per generated problem is required,
the more usable learning problems you can generate. Ideally, the amount of manual work
must be zero.

There are two stages at which manual labor can be used during learning-problem
generation: preparation and verification. Template-based methods use manual labor in the
preparation stage: the human author creates problem templates, which are then used to
generate many learning problems. This allows us to precisely control the kinds of problems
the problem bank receives, but also limits their diversity; that method puts the complex,
creative work on the human author. This method is also vulnerable to errors introduced by
the human template author. A viable alternative is generating as many diverse problem
sets as possible and controlling the kinds of used problems at the problem selection level
instead, which allows for the use of the kinds of problems that were not envisaged by the
human problem author.

Manual verification is usually used in methods using random generation or machine-
learning models (including LLMs). This is caused by the unreliability of the methods:
some of the generated learning problems are wrong and cannot be used. Even with a
high percentage of usable problems, it requires manual verification of the entire generated
bank to weed out wrong learning problems, which significantly limits the scalability of
the problem-generation process. Methods that guarantee the correctness of all generated
problems allow for large-scale problem generation.

One of the approaches to problem generation is the manual creation of problem
templates, which are then used to create a variety of problem instances. Sadigh et al. [15]
use a template-based approach to problem generation. A learning problem is formalized
during the generation process to produce the basis of the template, which is then mutated to
generate new problems. Okonkwo and Ade-Ibijola et al. use context-free grammars to build
templates for synthesizing short Python programs with loops [16] and expressions [17] to
teach programming. A context-free grammar is used to formally describe the syntax of
nested loop problems. The product rules allow teachers to define templates for generating
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nested loops of different depths, including recursive structures. However, the reported
implementation of this synthesis method only supports the Python programming language.

Gulwani et al. [18] offer an example-based generation of learning problems. To solve a
problem, the Satisfiability Modulo Theory is actively used for effective exploration of the
program search space and Version Space Algebra for manipulation and concise represen-
tation of the problem data. This method allows the generation of bit-vector algorithms,
spreadsheet macros that solve a specific set of problems, and mathematical terms.

There is a problem-generation approach based on using Answer Set Programming
(ASP). ASP uses a model based on “if-then” production rules; ASP programs consist of a
set of facts and rules that describe problems and their constraints; its most powerful feature
for learning-problem generation is using variables that receive random values. ASP has
been used by Polozov et al. to generate word math problems [19], and by O'Rourke et al. to
generate problems for the intelligent algebra tutor [20]. The disadvantage of those problems
is that they look artificial. That can be acceptable in algebra but not acceptable in much
more complex expressions of programming languages.

Some approaches involve defining sets of constraints that a generated problem must
satisfy. In the SQL Tutor developed by Martin and Mitrovic [9], the construction of an
SQL statement for a problem begins with one or more constraints, which expand as the
statement is formed. This approach requires human involvement and cannot be considered
fully automatic. Martin and Mitrovich report that it took 3 h of human effort to create
200 problems, which does not allow problem generation to be scaled to large problem banks.

A growing trend in learning problem generation is the usage of Large Language
Models (LLM). Unfortunately, those models have an unpredictable tendency to hallucinate,
which significantly affects the accuracy of their results [21]. Therefore, when using an LLM
to generate learning problems, human evaluation is necessary to verify the correctness of
the generated problems, which significantly affects the performance of the generator.

For example, Austin et al. [22] describe a method for generating program code using a
single language model with different parameter sizes. To confirm the quality of the work,
benchmarks were used that included code synthesis tasks using basic programming skills
and mathematical problems in the datasets. However, the authors note that the model has
low performance, and it is often not possible to achieve correct problem generation at the
first attempt. Similar problems arise with the Codex model described by Chen [23]: unit
testing results of the dataset revealed frequent issues in the generated code, with the pass
rate for most tested parameters below 50%. AlphaCode, a model designed to generate code
for competitive programming tasks, has similar results [24]. So using LLMs to generate
learning problems in programming-related tasks is usually not a good idea.

Xue et al. [25] describe a more complex approach to LLM-based code generation,
using an approach that iteratively improves the code, exploiting the strengths of different
programming languages and reducing the number of bugs. The code is first generated by
an LLM in the main programming language (Python was used in the experiment), then,
in case of failure, in other languages (Java & C++ claimed), and then translated back to
the main language using the same LLM. The code obtained at each iteration was tested
against test cases. Reported accuracy reaches 96% on one of the two benchmarks and
increases the baseline by 18%. No human intervention is required; the process is fully
automatic. However, in that study, multi-language generation is only used to improve the
implementation in the main language.
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The literature on using LLMs to generate learning problems in well-defined domains
like programming is in its infancy, but there are recent works on using LLMs to conduct
one step of the method proposed in this article: translating program code from one pro-
gramming language to another. Those solutions are not reliable and tend to produce
errors. For example, Pan et al. 2024 [26] conducted a big study on bugs introduced when
translating code between programming languages by using LLMs; they note a high error
rate. The most common errors are incorrect translation of operators, which is critical for the
learning problems this study considers, and the usage of syntax of the source programming
language in the translated code. LLMs can include in the translated code logic that was not
present in the source code, or use a library API of the target language that does not match
the behavior of the source language. The study’s authors conclude that LLMs currently
lack the capability to translate the code of real-world projects effectively. They also note
that solutions based on translation without LLMs are deterministic and predictable, which
supports the choice made during this study. There are studies on creating an LLM-based
code conversion solution where the authors try to reduce errors introduced by an LLM. In a
study by Eniser et al. [27], a solution was created for translating code to Rust from other
programming languages, which uses zero-shot prompting and a strategy of differential
fuzzing and feedback strategies to fix errors in the translated program code. However,
their approach, in conjunction with various LLM models, gave the maximum success rate
of approximately 50%. In another project, InterTrans, the authors were able to achieve
computational accuracy from 87% to 95% [28]. InterTrans performs several intermediate
code transformations into different languages, which form the tree of translation paths.
The system searches for the best translation among these paths. This solution is computa-
tionally expensive, particularly as the number of intermediate code translations decreases,
resulting in a decline in translation quality. The research results show that the current
precision of code translation by LLM models is too low to be used for generating learning
problems. Researchers find that wrong or low-quality learning problems can contribute to
student dissatisfaction, anxiety, and emotional exhaustion. Even though faculty support
can mitigate some of those negative effects, the problem quality is a critical factor in stu-
dent satisfaction [29]. This emphasizes the need for quality and precision in generating
learning problems.

There are approaches that use templates and constraints. Amruth Kumar in his
study [30] recommends using the template generation of learning problems to determine
the order of expression evaluation. Together with the problem formulation data, “learning
objects” are created, which act as metadata for searching problems and adapting them to
the student.

While many researchers use different approaches to generate learning problems for
programming assignments, they usually were only oriented on one programming language
and often required human work either at the beginning (creating problem templates) or
in the end (verifying generated problems), which limited the method scalability and the
amount of generated problems. In our research, we aim to close this gap and propose a
method of generating learning problems spanning several programming languages without
human participation that should dramatically increase the output of the problem generator.

One of the effective approaches combining the natural look of the learning problems
generated by the template-based method with the diversity and robustness of random
learning-problem generation is to mine existing data for problem templates [31]. In the
programming domain, this can be done by mining open-source software repositories. That
method was successfully used to generate expression evaluation learning problems in the
C++ language [32]. However, not every programming language has a large number of open-
source repositories with code suitable for learning-problem generation. So, a large-scale
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problem generator for an ITS supporting multiple languages should be able to perform
the conversion of generated problems from one programming language to the others. It
should also support problem classification to determine the knowledge and skills that are
needed to solve each problem because there is no human author of a template to provide
that information. This study is devoted to solving these problems.

3. Learning Problem Generation
3.1. Method

The method of learning-problem generation that we propose is based on the method of
generating expression-related learning problems described in [32]. However, that method
supported problem generation only in the source programming language, which is un-
suitable for multi-language tutoring systems because there may be little code base for
generating learning problems in some programming languages, especially when it comes
to specific kinds of problems requiring code with rarely-used properties. So we improved
that method to allow for conversion of the program code that the learning problem is
based on.

We propose the following method of generating learning problems in the programming
domain from source code:

1.  Find and download source code in one of the supported programming languages
from open-source repositories.

2. Parse the source code and collect suitable pieces of code for generating learning
problems.

3. Convert those pieces of code into language-independent syntax tree representation
called “meaning tree”.

4.  For each supported programming language do the following steps:

(@) Perform extended tokenization of the language-independent expression tree
for the programming language to calculate metadata.

(b) Use the tree to generate run-time information that affects the problem solution
in the given language. This allows the creation of multiple problems from the
same templates in the form of syntax trees.

(c) Calculate metadata necessary to find and use the learning problem according
to the pedagogical needs by using the converted tree and extended tokens.

5. Create a learning problem from the meaning tree and related metadata for problem
variants in different programming languages;

6.  Store the generated problems in a problem bank for later use. At this stage, filtering is
used to avoid saving too many similar learning problems or too many similar steps in
one problem.

Algorithm 1 shows the proposed method in the formal form.

That method was used to generate learning problems for the ITS teaching programming-
language expressions. So the necessary pieces of code, in this case, were expressions,
and the run-time information generated at stage 4 (b) includes the values of operands of the
operators like logical AND and logical OR that do not always calculate all their operands.



Big Data Cogn. Comput. 2025, 9, 57

7 of 28

Algorithm 1 Learning Problem Generation

Require: S: source code repository
Require: L: set of supported languages
Ensure: P: problem set

1: C + Download(S)

2: Cyst ¢ Parse(C)

3: E < FindComplexExpressions(C457)

4: foreache € E do

> Download source code from the repository

> Parse the source code into AST

> Find expressions with more than two operators

> Iterate over complex expressions

5 M <« ConvertToMeaningTree(e) > Convert expression into a Meaning Tree
6 foreachL € L do > Iterate supported languages
7: Tp + Tokenize(M, L) > Tokenize the Meaning Tree for language L
8 D < ComputeMetadata(M, Tr) > Compute metadata for L
9: Ry < GenerateRuntimelnfo(M, L, Dy ) > Generate runtime data for L
10: Ry < FilterRuntimeData(R) > Filter redundant runtime data

11: Tr <+ {TL+R|ReR.} > Generate multiple instances with runtime data
12: end for

13: P, + GenerateProblems(M, {T;, Dy }1cr)
14:  Store(P)

15: end for

> Generate learning problems
> Store problems in the problem bank

The generated learning problems are supplied with metadata that is used to determine

the conditions of their pedagogical usage. The chief categories of metadata are as follows:

1.

the number of steps to solve the problem: how many operators must be pressed in a

certain order for the student to successfully solve the problem;

the difficulty coefficient: a value between 0 and 1, which summarizes its relative

difficulty compared to other problems according to the method described in [32];

(see Table 1);

Table 3).

Table 1. Concepts distribution in the generated bank

the domain concepts used (e.g. types of operators) and necessary to understand it

the skills a student must master to solve the problem (see Table 2);
the typical errors (violations) that a student can make when solving the problem (see

Concept Problem Count
Common
Assignment operator 302,201
i’%smgnment expression operator in Python 145,901
Arithmetic operators 476,156
Binary operators
Add (+) 214,337
Subtract 134,737
Multiply 103,577
Divide 41,776
Unary Plus 282
Unary Minus 8145
Floor Division > 922
Prefix Increment 1240
Prefix Decrement 579
Postfix Increment 7506
Postfix Decrement 347
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Table 1. Cont.

Concept Problem Count

Augmented assignments

Add (+=) 15,819
Subtract 2272
Division 128
Bitwise And 2945
Bitwise Or 5674
Left bitwise shift 85
Right bitwise shift 55
Logical operators
Logical NOT Operator 78,466
Logical AND Operator 103,310
Logical OR Operator 78,857
Comparisons
Equal 182,256
Not Equal 81,843
Less than 43,746
Greater Than 35,416
Less or Equal 14,529
Greater or Equal 22,844
Bitwise operators
NOT operator 11,551
AND operator 78,267
OR operator 40,647
XOR operator 5841
Right Shift Bitwise Operator 35,863
Left Shift Bitwise Operator 41,772
Other
Member Access Operator 883,215
Subscript Operator 414,095
Indirection operator 57,630
Function call 771,602
Ternary Conditional Operator 47,643
Cast operator 172,364
Size-of operator 28,500
Comma operator 140,703

1 Assignment expression operator in Python (:=). 2 These floor division cases were identified without inferring
the types of operands. They were either taken from Python programs or contained explicit type cast.

In many programming languages, the process of expression evaluation is not static.
There are operators that choose whether some of their operands will be evaluated based
on the values of other operands. For example, the ternary conditional operator evaluates
only two of three operands: the condition is evaluated first, and then, depending on its
value, one of the two remaining operands is evaluated. Another common example can
be seen in logical operators: the and operator evaluates its right operand only if the value
of the left operand is true, and the or operator evaluates its right operand only if the
left operand is false. This affects the correct answer, the number of steps to solve the
problem, and necessary skills and possible errors because it can “turn off” some parts of
the expression.
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Table 2. Skills distribution in the generated bank.

Skill Pr(él())lszl
Student can determine if the operator has a central operand between its tokens 1,393,101
Student can determine whether the central operand of the current operator has been evaluated 1,062,830
Student can determine if the operator has left and right operands 1,151,385
Student can determine if there is a competing (unevaluated) operator to the left or to the right of the 1,378,257
given operator

Student can determine that the selected operator is enclosed in an unevaluated operator 731,481
Student can determine the order of evaluation based on the operators enclosed by parentheses 306,375
Student can determine the order of evaluation based on the operators’ precedence 1,114,576
Student can determine the order of evaluation based on the operator associativity for unary operators 949,923
Student can determine the order of evaluation based on the operator associativity for binary operators 929,213
Student can determine the presence of operators with the strict order of evaluating their operands 990,798
Student can determine whether the currently selected operator has a strict order of evaluation of 437,952
operands

Student knows which operand is evaluated first 205,590
Student can determine whether the first operand of a strict-order operator is fully evaluated or not 205,590
Student can determine the strict order operators in which all operands are evaluated ! 456,252
Student can determine whether some operands of the strict-order operator are not evaluated 362,116
Student can determine that in a programming language, the central operands of operators will have a 492,538
strict order of evaluation 2

Student can determine that the current operator is not placed inside an operator that can have more 198,217
than one central operand

Student understands that a function has only one argument. 308,082
Student can determine whether the previous central operands of an enclosing operator are evaluated 190,436

! The comma operator in C++ is a strict order operator, but it always calculates both its operands, while other strict-
order operators can omit the evaluation of the right operand. 2 In some languages, such as Java, the specification
guarantees a strict order of evaluation of arguments when calling a procedure.

Table 3. Violations distribution in the generated bank.

Violation Problem

Count
The student made a mistake by choosing the left operator with a lower precedence 790,579
The student made a mistake by choosing the right operator with a lower precedence 890,271
The student pressed “Everything is evaluated” when there were still operators waiting to be evaluated 1,428,750
The student made a mistake regarding the effect of parentheses on the order of evaluation 1,041,322
The student tried to evaluate an enclosing operator without evaluating all the enclosed operators first 731,481
The student tried to evaluate first the left of two subsequent right-associative operators 97,808
The student tried to evaluate first the right of two subsequent left-associative operators 1,201,334

The student did not take into account the strict order of operand evaluation of some operators 395,208




Big Data Cogn. Comput. 2025, 9, 57

10 of 28

The data about values of the control operands are not present in the source code; there-
fore, the learning-problem generator generates different sets of values for them, creating 2N
learning problems from the same template expression, where N is the number of control
operands. Then the metadata for the resulting set of problems are calculated, and the
problems are sorted according to the required skills and possible errors. To avoid storing
a large number of similar problems, only one problem with each unique set of skills and
possible errors is saved to the problem bank.

Some of the expressions used for generating learning problems can be very large:
crawling open-source repositories, we found expressions with more than 100 operators.
Doing too many similar steps is impractical for training; it becomes routine work without
learning anything new. It was decided to avoid storing learning problems that have more
than 4 steps requiring the same set of skills to solve. This allows some big learning problems
that are various; it requires many different skills to solve but blocks even relatively small
problems that are repetitive.

Storing learning problems for a multiple-language ITS also required careful consider-
ation. By simply copying every learning problem for each language, we will enlarge the
database significantly with little gain. The technique of using the Meaning Tree, described
in the next section, allowed us not just to convert learning problems from one language
to another, but also to store them in a universal form that should only be carried out once.
However, the metadata (required skills, possible violations) of the same expression can
vary in different languages, so it is not possible to store the generated problem in a single
record either. It was decided to store the universal Meaning Tree, which is the biggest
component of the learning problem, in a single record and transform it to the required
language on the fly when the learning problem is used; however, the problem metadata are
stored separately for each language. This allows us to combine the flexibility of problem
search with storing as little data as possible.

3.2. Meaning Tree

To facilitate the development of multi-language systems for generating learning prob-
lems, we have developed a solution called a meaning tree, which can represent code in a
supported programming language in the form of an abstract syntax tree that can store parts
of the program independently of the syntax rules of a particular programming language,
but relies only on the semantics of the stored fragment. The abstract syntax tree formed
by the meaning tree can be translated into a syntactically correct string in any supported
programming language that supports the used programming features. For this study,
we developed the engine for building meaning trees from expressions in the C++, Java,
and Python languages and generating new strings in the same three languages.

Figure 1 shows the general idea of the meaning tree as a universal intermediary rep-
resentation of expressions in different programming languages. It takes expressions in
different programming languages as input and can produce output in all the languages
the expression’s features are supported in. The process is shown in more detail in Figure 2.
An expression in the C++ language is first parsed, then converted into the meaning tree
where the operators are presented in their abstract form. As a result, the generated expres-
sions in all the languages have the pointer expressions of array element access converted to
the square brackets syntax (if desirable for learning, the pointer access operator can remain
in the C++ version); the Python version has changed parentheses to reflect the difference in
the operator precedence between the languages. The system recognized a typical pattern
for compound comparisons and correctly generated them for the Python language. So
it produces expressions on all the target languages without losing the semantics of the
original expression, which can be used to generate learning problems.
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Python

expri1_py
expr2_py
expr3_py

Java

expri
——Python———>|

expr2 expri_java
= Java—>| Meaning Tree

A\ 4

expr3 expr2_java

expr3_java

C++

expri_cpp
expr2_cpp

expr3_cpp

Figure 1. The concept of meaning tree.

Many programming languages have unique features [12] that cannot be easily trans-
lated to many other languages; for example, the C++ language has a feature of direct
working with memory through pointers and the comma operator; Python has the matrix
multiplication operator and so on. So it is important to map possible features of each lan-
guage and store the features used in each meaning tree to determine if the conversion to the
desired target language is possible. Table 4 lists features that are supported in the Meaning
Tree software and their support in different programming languages. An expression is
converted if it does not contain any feature that is unsupported in the target language.
The list of features can be easily extended when adding support for more programming
languages to the system.

Table 4. Meaning Tree features and their support by programming language viewers of the Meaning

Tree Library

Feature C++ Python Java Feature C++ Python Java
Basic Arithmetic Operators + + + Subscript Operator ([ 1) + + +
Basic Comparison Operators + + + Array item access with pointer arithmetic + +1 +
Compound Comparison + + + Pointer Member Access + + +
Floor Division + + + Pointer Indirection Operator + - -
Exponentiation (*x) +1 + + Pointer Address-of Operator + - -
Logical Operators + + + Assigning a value to a pointer + =+ +
Bitwise Operators + + + Object Member Access + + +
Assignment (=) + +3 + Function Call + + +
Augmented Assignments (+=) + +3 + Method Call + + +
Increment/Decrement Operators + +3 + New Object Expression + + +
Comma Operator + - - New Array Expression + + +
Matrix Multiplication (@) - + - Delete Dynamic Object Expression + - -
Membership Test Operator (in) - + - Size-of Operator + - -
Identifiers + + + Type Cast + + +
Integer, Float, Boolean Literals + + + Reference Equality Operator + + +
String Literals + + + Instance Checking Operator + + +
Interpolated String Literals - + + Ternary Conditional Operator + + +
Collection Literals + + + Three-way Comparison Operator (<=>) 2 + - -
Collection Comprehensions - + - Lambda Expressions completely unsupported
Collection Slice Expression - + - Yield Expression completely unsupported

Await Expression completely unsupported

“+” means: the feature is supported. “—” means: the feature is not supported. ! “+” means: this language does

not support the feature natively and a workaround is used when converting from another language. > Available
since C++20. 3 Python expression assignment (“walrus” operator) may be used.
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Different programming languages can give different orders of precedence for the
same operators. So converting expressions sometimes requires adjusting parentheses.
The meaning tree representation stores the exact order of expression evaluation, so it does
not need parentheses; instead, the parentheses are generated when converting the meaning
tree to a string in a particular language. You can see an example in Figure 2. The Python
representation of the input expression requires additional parentheses around z ==
because the bitwise operator & in Python has precedence over the equality operator.

Let us consider some examples of features of the supported programming languages
and conversions between them. For example, the Python programming language sup-
ports the compound comparison feature—special representations of comparisons in the
mathematical style that is not supported by other languages. For example, the following
Python expression:

a<bandb <dandm > d (1)

can be converted to
a<b<m<d, (2)

which makes it shorter and easier to read, which makes compound comparisons popular.
Our meaning tree representation supports transformations of these comparisons in both
directions, which is not trivial. This transformation is achieved by constructing a directed
acyclic graph (DAG) for each binary comparison operand, with the edge direction reflecting
the kind of comparison, and separating weakly connected graph components from it to
convert it into a chain. An example of this transformation is shown in Figure 3. The reverse
transformation from Python is achieved by adding a special common node representing
several binary comparisons, which are combined by the operator and.

Another feature of Python is that it considers assignment a statement, unlike Java and
C++, in which assignment is an operator. Python 3.8 introduced the assignment operator :=
(also called the “Walrus operator”), which cannot be used as a separate statement. So when
converting Python assignment statements to other languages, the assignment statement
can be converted to the assignment operator. When converting expressions from the C++
and Java languages to Python, the meaning tree converts the root assignment as a statement
while other assignments become Walrus operators (see Table 5).

Another example of a language-specific feature is working with pointers in the C and
C++ languages. Java and Python languages do not directly support pointers, but objects
and arrays are stored and passed by reference. Therefore, it is important to ensure the
correctness of the conversion of pointers from the C++ code so that the semantics of
the expression are not lost. Although pointers cannot be converted directly to Java or
Python, many typical usages of them can. For example, the C++ language allows access to
array items using pointer arithmetic, which can be converted into the indexing operator
(see Figure 2). Passing the address of an object to a function can be converted from
the C++ language as passing the reference, memory allocation as the “new” operator,
and field (method) access through a pointer as a regular member access in the Java and
Python languages.
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Figure 2. Example of Meaning Tree conversion process.
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a<bandd>candb < candm > k

a<b<c<dandm>k

Figure 3. Example of transformation of a Python expression with compound comparison using
Directed Acyclic Graph.

Some of the non-trivial conversions are shown in Table 5. For example, unlike Python,
the Java and C++ languages do not have a built-in operator for exponentiating numbers.
This operator is replaced by a call to the relevant function of the standard library. Floor
division can be implemented by converting the result of the division operator to the integer
type. Since Python supports list literals and dictionaries, it is necessary to represent them
in other languages; this feature can also be implemented using standard libraries.

Table 5. Examples of some non-trivial conversions.

Feature Python Java C++
Exponentiation a *x b Math.pow(a, b) pow(a, b)
Floor Division a//b (int)(a / b) (int)a // b
Assignment a=>5 a = b5; a =5;
func(a := 5) func(a = 5) func(a = 5)
Reference Equality Comparison ais b a == b (both a and b have reference types) &a == &b
Instance Checking Expression isinstance(a, int) a instanceof Integer dynamic_cast<int>(a)
!= nullptr
Dynamic Collection (List) [1, 3, 4, 5] new ArrayList<>( {1, 3, 4, 5};
List.of(1, 3, 4, 5)! (needs casting to std: : vector)
)
Map (Dictionary) {"a": b, "x": y} new TreeMap<String, Object>() {{"a", b}, {"x", y}};
{{put("a", b);put("x", y);}}; (needs casting to std::map)

1 “List.of”: supported since Java 9.

Some of the language features are not supported by the meaning tree representation
because they are not interesting for the currently generated learning problems, and their
conversion between programming languages is problematic. Pointer operations in the C
and C++ languages cannot generally be expressed in other languages that do not support
pointers, but some of their usages (e.g., dynamic arrays and storing objects by references)
can. Examples of unsupported features are Lambda expressions, list comprehensions,
and function pointers: even if they are present in each of the supported languages, their
correct mutual mapping is beyond the scope of this study.

The developed meaning tree model allows us to increase the number of generated
learning problems by converting expressions from different languages so that a diverse
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set of learning problems for each learning situation in every language can be generated,

making problem banks for each language more balanced.

3.3. Implementation
The system that was developed for generating learning problems consists of three

modules: the learning problem generator itself, the problem bank to store the generated
problems and relevant metadata, and the Meaning Tree library that is used to convert pieces
of code between the supported programming languages. The overall problem generation

is performed according to this diagram in Figure 4.

Learning Problem Generator MeaningTree
GitHub Search .
Module Meaning Tree
Builder
supported source J‘\
code from repository language-
odependent
Source Code UasT
Parser
source . |
codefJ\ suitable expression in
AST supported
programming languape meaning
Tree-sitter parser tree
I
f(\

o]
Expression

Collection Module

Partially Evaluated
Operator Value
Generator

@ Language Code
Viewer

extended tokens of expression

meaning tree for each in target programming language

compinations of boolean value: (f

Learning Problem
Classifer Module

1
Problem Bank

metadata of problem
for each|supported
programming language

Problem Language
N
Oo—— Metadata
Repository
problem
meaning
tree
-
(|> Problem Description
Repository

Figure 4. Component Diagram of the Learning Problem Generator.
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The learning problem generation begins with downloading and parsing source code
described in [32] with adjustments necessary to support different input languages. The first
step is to analyze popular GitHub repositories in Python, Java, and C/C++ using the
GitHub Search API. Popular repositories are selected as follows: the first 1000 repositories
are selected based on the number of “stars” in GitHub, which characterizes their popularity,
and the following repositories are selected based on the last update in the repository.
The number of repositories was limited based on the number of problems needed for the
problem bank. The repository data is downloaded to the local machine using the GitHub
Search module.

After the repository is downloaded, the parser runs on each source code file. The pro-
gramming language and grammar used are determined by the file extension. To standardize
parsing of different programming languages, we used the Tree-sitter incremental parser,
which supports a large number of programming languages [33]. The input program code
is first fed to Tree Sitter, configured with a grammar of the given programming language; it
creates a language-specific AST. Then subtrees are extracted from that AST according to
the kind of learning problems we need to generate—for this study, those were expressions.
Extracted subtrees are passed to the Meaning Tree library if all the language features used in
that expression are supported. If the analyzed file contains syntax errors, its correct content
will be analyzed because Tree-sitter can recover from syntax errors, and the relevant expres-
sions will be processed. A depth-first traversal of the AST obtained from the Tree-sitter is
performed to create language-independent nodes of the meaning tree. The resulting nodes
preserve the meaning of the parsed expression and the order of its evaluation.

Meaning Tree is a modular library and command-line utility that can be easily inte-
grated into other projects requiring the conversion of simple parts of the program between
programming languages. The library provides the following interfaces that should be
implemented to support new programming languages:

* language parser: translates the code in a supported programming language to a
meaning tree (language-independent AST);

¢ language code viewer: generates code in the supported programming language from
a meaning tree;

*  tokenizer: generates a stream of tokens in the supported programming language from
a meaning tree.

Developers can implement these interfaces for a programming language they need and
thus expand the support of programming languages in the Meaning Tree library. For this
study, we developed modules for three programming languages that are most often used
in introductory programming courses: Java, C++, and Python. The Meaning Tree Builder
module uses an implementation of individual languages to build a language-independent
meaning tree.

The meaning tree is serialized in the RDF Turtle 1.1 format, which, after parsing the
repositories, will be used in the generator and stored in the problem bank. Language code
viewer modules are used to translate the meaning tree to each supporting language and
create language-dependent data that can be used to precisely classify the learning problem
and show the problem formulation to the tutor users. In this step, all expressions are
deserialized and tokenized to each supported language.

Static data are not enough to determine the order of evaluation of some expressions.
So in the next step, run-time values are generated for the necessary operators to determine
which parts of the expression are evaluated if necessary for the given expression. This
allows for the creation of several learning problems from the same template (expression).
Each of the generated problems is classified according to the used concepts, subject-domain
laws, and required skills, which can be different because parts of the expression may be
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omitted. For each problem template, only one problem from each set of problems with the
same concepts, laws, and skills is saved; that allows avoiding having too similar learning
problems. Finally, the metadata for each problem are stored in the metadata repository in
the problem bank, and the relevant meaning tree with attributed run-time values is stored
in the problem repository. The meaning tree (or language-dependent syntax tree) takes
a lot more disk space than the metadata, so it is stored once for each source expression;
the representation in the specific language is generated on the fly when the online tutor
requests a learning problem.

4. Evaluation
4.1. Sample

We performed a massive generation of learning problems concerning the order of
evaluation of operators of programming-language expressions. The generated learning
problems can be used in the ITSs CompPrehension [34] and HowlItWorks. Figures 5 and 6
show examples of the generated learning problems solved in the user interface.

Press the operators in the expression in the order they are evaluated

3

+ (pass !=null)
. " ] #3

argc = 5 + copy + replace + (user || pass 2 1 : 0) + (user!=null)

#10

everything is evaluated

operator + at pos 3 was calculated
operateor + at pos 5 was calculated

operator || at pos 10 was calculated

operator ? at pos 12 was calculated — false

operator + at pos 7 was calculated

operator != at pos 20 was calculated
operator = at pos 17 was calculated
operator != at pos 26 was calculated

operator + at pos 23 was calculated

operator = at pos 1 was calculated

Solved

Figure 5. Example of solving a problem with Java/C++ expression in the ITS. The underlined symbols
are expression operators that the learner must press in the order of their evaluations. The numbers
above are the positions of the expression operators, and the numbers below prefixed with the # sign
are the order of evaluation of the operators that has already been pressed by the learner.

The learning-problem generation process ran unsupervised for about 16 h; 1360 open-
source projects were used, which resulted in generating 1,428,750 learning problems. Out
of them, 34.47% of learning problems were generated in the C++ language, 32.84% in the
Java language, and 32.69% in the Python language.

Table 6 shows descriptive statistics of the generated problem bank. Learning-problem
difficulty was calculated using the method described in [32]. You can see that the mean
difficulty, which was normalized to the range from 0 to 1, is rather high, but the mean
number of solution steps, required skills, and possible subject-domain rules violations is
near the middle of relevant ranges. Overall, the generated bank contains learning problems
with a wide range of difficulties, used concepts, and required skills. However, the mean
concept count is relatively low, which shows that most of the generated learning problems
use similar operators. Given the overall number of learning problems in the generated bank,
this is insignificant because there are many problems with a high skill count in the bank.
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Press the operators in the expression in the order they are evaluated

arge =5+ co)py + repiace + E1' if us:ar or paﬁs eI;e 0) + (,us.ér is‘not Néimeﬂ + Epacss is not Nc;ne.)f

everything is evaluated

operator + at pos 3 was calculated

operator + at pos 5 was calculated

operator or at pes 12 was calculated
operator if at pos 10 was calculated — false

operator + at pes 7 was calculated

operator is net at pos 20 was calculated

operator + at pos 17 was calculated
operator is not at pos 26 was calculated

operator + at pos 23 was calculated

Solved

Figure 6. Example of solving a problem with Python expression in the ITS. The underlines and
numbers play the same role as in the previous figure.

Table 6. Descriptive statistics on the generated problems.

Property Minimum Mean Sg{?ggﬁl Maximum
Difficulty 0.22 0.68 0.16 1.00
Solution steps 3 6.04 1.78 17
Skill count 3 10.95 2.82 21
Concept count 1 3.82 1.42 16
Violation count 2 7.75 1.85 14

Table 1 shows the number of learning problems that contain different kinds of opera-
tors. Most of the operators are present in tens of thousands (or more) of learning problems,
except rare operators like assignments augmented by division and bitwise shifts, unary
plus (that does not do anything in 2 of the 3 source languages), and decrement operators.

Table 3 shows the amount of generated learning problems, where different kinds of
domain-rules violations are possible. Table 2 shows the number of learning problems that
require each skill developed in the tutor in the order of evaluation. The lowest number
of learning problems were generated for checking the operators with right associativity
(which are few), but almost 98 thousand problems is more than enough to conduct learning
in any reasonable group of students. Regarding the necessary skills, which give finer
granularity than violations because they take into account different causes why the answer
was correct, the only small number is for the skill regarding a strict-order operator that
always evaluates all its operands. There is only one such operator— the comma operator
in the C++ language, which is used very rarely.

We also gathered the data on the distribution of the number of concepts, violations,
and skills in learning problems; you can see them in Figures 7-9. The unusual distribution
of problems with different numbers of skills can be explained by the fact that some skills are
often present together, so problems requiring very low numbers of skills are few. Problem-
solving is a complex activity that cannot be covered by 1-2 basic skills per problem.
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Figure 7. Distribution of learning problems per number of concepts.
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Figure 8. Distribution of learning problems per violations of subject-domain rules.
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Figure 9. Distribution of learning problems per number of required skills.

4.2. Testing and Validation

Big data software places particular emphasis on testing software and validating the
data because it cannot be done manually, and researchers must rely on the results of
automatic procedures.

The chief new piece of software developed for this research was the Meaning Tree
library, which performs the complex task of converting parts of the program from one
programming language to another. Currently, there are many machine-learning-based
solutions for this task, but their accuracy remains insufficient for the mass generation
of learning problems that can be used without further human inspection [25]. So we
developed a set of 417 unit tests for the Meaning Tree library, covering the operators used
in all the supported languages. Each test contains an expression in a certain programming
language as a text string. It is converted to the two other supported languages using
the tested library and then compared with the expected output. 158 unit tests were also
reversed to verify that the conversion was symmetric. This testing allowed us to ensure the
correctness of the conversion in the Meaning Tree library.

Another important validation problem was ensuring accurate classification of the
generated learning problems. This cannot be made solely through unit tests because
covering all the different situations possible in the learning problems by manually written
(or verified) tests is practically impossible. Instead, automated testing was used.

We wrote program code that imitates the user’s actions in the ITS to model all the
possible solution paths and gather information on the violations of subject-domain rules
that happened and the skills used by the ITS core to solve the problem. Both correct and
incorrect paths were explored, with the ITS limitations that two chained errors in one
solution are impossible because erroneous steps are not added to the solution but trigger
immediate feedback. That validation allowed us to verify the classification system and to be
sure that there were no bugs in the problem classification of the big dataset. The validation
process of 1.4+ million learning problems took about 2.5 h.
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4.3. Evaluation by Teachers

We asked 10 experts, who were teachers and teaching assistants in introductory
programming courses, to evaluate the quality of the generated problems in teaching intro-
ductory programming courses. They were given the ability to request learning problems by
setting the programming language with the tags subsystem, problem difficulty, and desired
(target), allowed, and denied concepts, skills, and domain-rule violations, which were
called “laws” for better usability (see Figure 10). Then they could try the found learning
problems to evaluate how well their requests were satisfied. The experts could try as many
combinations as they wanted. Then they had to complete a short survey, with most of the
questions using a Likert scale from 1 to 5. They were also given a free text field to write
their thoughts on the generated learning problems.

Tags

O Java
Oc++
Python

Stage

Stage #1 Questions in bank: 28536 (28525)
Number of questions

10

Question difficulty

Concepts

Denied m Taget  Arithmetic operators

Denied | Allowsd Array and collection literals
A 2t Comparison operators

Denied m Target  [ncrement and decrement

B T SV TV o N Y S Ve S S Y S AR Y AT L SV L sV S R S P S AV NP PSP P S L Y S S e
Violations
Denied | allowed JUERER | eft-associative binary operators

Left-associative binary operators

Right-asseociative binary operators (assignment)

R YT vy S A SV e N S S SV S W R SV S S VS S sV Sy S
Skills
Understand that multiple central arguments (function arguments, array
Denied Taget  elements) are evaluated strictly from left to right in the current programming
language

Denied Taget  Distinguish between binary and unary operators

T a4 & T e W o T e e Y T oY AN SV S N LS W S NS S e S VO W o S PV Y SO e
v \ N % ey . L O T T T S T WY A, L O T i
Question examples

not_(o2_=_pch_find(o,_start,_None))_or_not_o2.values[0].isnum_python1496109156_v

(not_demo_compatibility_and_not_mbf_features_and_not_prboom_comp_python193041196

1 v

gb.debug_active_=_not_gb.debug_disable_and_(gb.debug_stopped_or__python-
2124895434 v

(info.attrs[WGDEVICE_A_LISTEN_PORT] or_info.attrs[WGDEVICE_A_FWM_python460128
949 _v

Add stage

Figure 10. Overview of problem-selection settings.
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Most of the questions were formulated so that answer 5 was positive, but two of them
(Questions 7 and 8) were inverted to ensure the consistency of the obtained data. Question
5 had a neutral scale; its goal was to study which kind of classification of learning problems
the domain experts prefer: violations of rules of the subject domain or skills. The survey

results are presented in Table 7.

Table 7. Survey of experts.

Survey Question Boundaries on 5-Point Scale Avg. Std.

Dev.
Do the learning problems presented help develop skills in (1) Don’t contribute at all 45 05
determining the order of evaluation of operators in an ex- (5) Contribute to the full extent
pression?
To what extent do changes in the difficulty of the problems (1) Does not match 41 094
correspond to changes in the difficulty settings? (5) Matches exactly
Is the learning problem classification used flexible enough (1) Not flexible at all 42 098
to allow you to select learning problems with any desired (5) Very flexible
properties?
Do the Skills and Violations list all the necessary options for (1) Many are missing 46 049
the topic “The Order of Evaluation of Expressions”? (5) For all occasions
What do you think is preferable for selecting learning prob- (1) Violations are much more 3.7 1.1
lems: Violations or Skills? convenient

(5) Skills are much more conve-
nient

To what extent do the concept settings allow you to avoid (1) Never 37 1.0
receiving learning problems with operators that students are  (5) Always
not required to know?
How much do the problems generated by the program differ (1) Indistinguishable 26 111
in appearance from those compiled by a human? (5) Very different
How often did you see learning problems that use expres- (1) Very rarely 20 1.0
sions that are atypical for the requested programming lan- (5) Very often
guage — the learning problem that you would like to avoid?
Are the problems ready to be given to students? (1) Require manual selection 41 114

(5) Fully suitable

The experts evaluated the generated bank positively. They strongly agreed that the
generated learning problems help to develop skills in determining the order of expression
evaluation and that the provided classification lists all the necessary options to select
learning problems with any desired properties. They agreed with many other statements,
and the average ratings of the two “inverted” questions were below 3. The “lowest”
ratings were received in the questions about how different the generated problems were
from human-authored ones (with the experts slightly favoring the “indistinguishable”
options) and the concept classification that was intended to prevent students from receiving
expressions with operators they did not know, which may indicate that the list of concepts
needs improvement. Between violations and skills as methods of classifying learning
problems, more experts chose skills than violations, but the result is close to the average,
so it is better to keep both classifications to let particular teachers use the methods they
like best.

In the free-text responses, the experts noted that the system of skills was too complex
and required a more thorough explanation, including warning teachers about the skill
setting combinations that are impossible to satisfy (that is, if any learning problem that
requires Skill 1 also requires Skill 2, it is not desirable to make Skill 1 target and make Skill 2
denied). Their opinion about the estimation of the difficulty of problems was different:
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some experts found the problems with difficulty below 0.5 too similar to each other, while
other experts found the problems with difficulty above 0.5 too similar to each other.

5. Discussion

During this study, a bank consisting of more than 1 million learning problems related
to the order of expression evaluation from open-source projects was generated. The gen-
eration of such a vast number of problems was made possible by the implementation of
Meaning Tree, a library that can translate pieces of code from one programming language
to another. This allowed us both to use more repositories of open-source code as input for
generating learning problems and to generate more problems from each repository. This
let us overcome the limitations of existing works on learning-problem generation. Unlike
other researchers, we did not rely on teacher-created templates that limit the diversity of
generated learning problems, nor did we rely on random generation, which often produces
artificial-looking code. Using parts of real, human-authored program code allowed us to
both maintain a high diversity of generated problems and make them look natural.

Other researchers also stressed the need to classify learning problems during their gen-
eration. Kumar [30] classified the generated learning problems according to the 40 “learning
objectives” he defined. They describe possible errors in understanding the semantics and
syntax of a programming language, which is similar to the “violations” used in this study.
However, we do not limit ourselves to possible errors but also suggest that teachers classify
problems according to the skills required to solve the problem, which takes into account
different ways of being right, not only different ways of being wrong as Kumar’s learning
objectives do. So the findings of Kumar were improved. In the CompPrehension ITS [34],
the verification of learning problems is based on the formal description of the verification
process in the form of a Thought Process Tree or Graph [35] and can be defined objec-
tively according to the subject-domain rules, instead of being selected subjectively by a
teacher. This is one of the new features of our approach compared to the approaches of
other researchers.

Okonkwo et al. [16] and Ade-Ibijola [17] used a problem-generation method based on
template modification based on context-free grammars. The Okonkwo study generated
120,330 problems, and the Ade-Ibijola study generated 500,000 problems, which is smaller
but comparable to our results. However, the learning problems generated by their approach
look artificial (especially variable names) and have low diversity because they are based
on the randomization of a few templates. Our approach generates more diverse learning
problems because it is based on human-authored code, which is an improvement over the
works of other researchers. To assess the diversity of the generated bank, we calculated
the number of unique kinds of problems in the generated bank. The learning problem
was considered unique if it had 122,202 unique combinations of used concepts, possible
domain-rule violations, and required skills. This is a very high diversity that is practically
impossible to achieve by template-based methods because it requires human authoring of
more than 120 thousand templates.

In other studies that contained information about the number of learning problems
generated, it did not exceed 1000. For example, Kumar [30] noted that only 50 learning
problems were evaluated during the study. Martin and Mitrovic [9] generated less than
200 learning problems. They noted that generating that amount of problems required 3 h
of human time. The generation process was not fully automated, which did not allow them
to scale it to the level of generating large banks of learning problems as the method we
propose does.
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The amount of the learning problems generated during this study can look very high
and impractical. However, several moments must be taken into account when analyzing it.
First, the bank is generated in three programming languages that are most often used for
teaching introductory programming courses; the amount of learning problems generated in
each language is less than 500,000. Second, intelligent tutoring systems can use fine-grained
measures of learning problems, taking into account used concepts (that are useful for
filtering the problems containing operators that the learners are not expected to know),
domain-rule violations, and required skills (needed to measure the learners’ mastery and
adapt the sequence of problems to each learner’s situation). Analyzing the generated bank,
122,202 unique combinations of concepts, violations, and skills, which gives us on average
only 11.76 learning problems per combination. That shows that the learning bank is diverse,
not just big. Also, as we are presenting a new method of learning problem generation, we
were interested in evaluating its scalability, which required generating a bigger learning
problem bank that may be necessary in particular situations.

The size of the problem bank also allowed us to include some rare kinds of problems.
For example, to verify the skill if the learner can determine the existence of a central operand,
the expression must contain at least one operator without a central operand. There are only
35,649 of such problems in the bank of 1.4 million, which comprises about 2.5% of the bank.
Another example is the skill to determine if the competing operator to the left or to the
right of the given operator exists; the competing operators are almost always absent for the
leftmost and rightmost operators in the expression. The only exception is the expression
that starts from a prefix operator (that do not have a left operand) and ends with a postfix
operator or square brackets (that does not have a right operand) because the previously
used skill is enough for them. Our generator created 50,493 learning problems of that rare
kind, which comprises 3.5% of the problems in the bank. Note that while the number of
problems that do not require a single skill is relatively high, we should take into account
the problem diversity concerning other required skills and used programming languages,
which severely limits the number of problems with a particular skill combination. In smaller
banks, the number of those problems for each language might be too small, which can
cause repetitions of the same problems for the same group of learners, or, worse, for the
same learner.

The generated bank of learning problems can be filtered to create smaller banks for
particular courses, limiting learning problems by the programming language, studied
topics, and so on. The amount of generated problems allows us to implement the idea
“never repeat the same problem in the same year” that prevents such forms of cheating
as remembering a solution to the problem the learner encountered before or sharing
solutions among the learners. It can also be used in Massive Open Online Courses (MOOCs)
that can attract large cohorts of students. For example, Burd et al. report that about
3500 students attended the MIT MOOC on introductory programming in just two semesters
in 2016-2017 year [36]. Similarly, Duran et al. write about 3900 students participating in a
Finnish MOOC on introductory programming [37]. Courses with thousands of students
that can freely communicate online require larger banks of learning problems both to avoid
cheating and to individualize the learning process, giving everyone a set of problems
adapted to their unique situation.
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6. Threats to Validity

Automatic generation of big datasets is the kind of research that cannot be fully
verified manually because of the huge amount of effort that is required. So studies like that
have to rely on manual validation of a randomly selected subset of problems and automatic
validation of the entire dataset by two independent algorithms with the analysis of every
case of differences. In our case, we implemented the algorithm for learning-problem
classification and used the ITS code to validate it. An ITS based on thought process graphs
can report the exact kind of domain rule violations and skills used for that validation. We
analyzed all possible sequence actions of learners for each learning problem and compared
the violations that happened and skills used to the learning-problem classification. This
proves that the classification on violations and skills was performed correctly. Still, it is
possible that some errors might have remained unnoticed, which poses a threat to the
study’s validity. For example, the problem difficulty was calculated using the approximate
function developed according to teachers’ difficulty scores as described in [32] for a smaller
bank of similar problems. Further work can improve the precision of difficulty estimation
on large problems banks, like the one presented here.

Another threat to the study’s validity comes from the relatively small evaluation
performed by human experts. It is better to evaluate the properties of the generated
learning problems with students during actual learning, but this can only happen at certain
times of the year when the students study the relevant topic and the number of participants
is limited. Full evaluation with students for a problem bank of this size may take several
years. It will be one of the focuses of our further studies. Still, by employing experts
from different universities, we partially mitigated that threat; the experts used different
programming languages in their courses, which contributed to gathering diverse opinions.

The survey of experts used the Likert scale that can be subject to biases. The survey
was balanced by including “inverted” questions (where the higher rate means a worse
opinion) to avoid acquiescence bias; the results show that the answers of experts were free
from the acquiescence bias.

7. Conclusions

We presented an enhanced method of generating learning problems for the computer
science domain that takes into account differences between programming languages using
the language-independent representation of program elements that we called the “meaning
tree”. The method allows fully automatic generation of learning problems that can be
classified and given to learners without the need for further verification or improvement
by humans, which makes the method scalable to the big data field of study.

Using it, we performed large-scale learning-problem generation by generating a prob-
lem bank of 1,428,899 learning problems in the field of the order of evaluation of expressions
in three programming languages that are most used in introductory programming courses:
C++, Java, and Python. It took only about 16 h. The problems were classified according to
the used concepts (kinds of operators), required skills, violations of subject-domain rules
that are possible during problem-solving, difficulty, and the number of steps required to
complete the problem. To the best of our knowledge, this is the first learning-problem
generation of that scale for multi-language intelligent tutoring systems (ITS). The generated
learning problems can be used in the ITSs: HowltWorks and CompPrehension. The learning
problems were diverse: from small, easy learning problems requiring only 3 skills to solve
to complex learning problems with 17 solution steps requiring 19 different skills to solve.
Unlike some randomization methods that have been used for large-scale learning problem
generation, the problems generated by our method look natural and human-written.
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The results of our research are made open to the scientific community. The gen-
erated dataset was too big to attach it to the article; it is available at the public folder:
https:/ /drive.google.com/drive/folders/1BBC7gzaFfSpEaE2DA AhunSDjVsWiATI2 (ac-
cessed on 27 February 2025). The Meaning Tree library developed during this study is
available at https:/ /github.com/bardoor/meaning_tree/tree/expr-stable (accessed on 27
February 2025). The learning-problem generator is available as a part of the CompPre-
hension project: https:/ /github.com/CompPrehension/CompPrehension/tree/shashkov/
meaning-tree-integration (accessed on 27 February 2025).

Generating such large banks of learning problems requires automatic validation
techniques to avoid errors in problem generation and verification. To validate the problem
bank, we tried every possible path for solving each problem and created sets of factual
skills used and subject-domain rule violations that occurred, which were compared with
the results of our problem classifier to ensure its accuracy. The learning problem bank
proved to be fully valid.

The surveyed experts (teachers and teaching assistants in introductory programming
courses of two universities) agreed that the generated problems allow the development
of topic-related skills and are ready to be given to students without further filtration
or changes. The classification system was deemed flexible enough, but it requires more
documentation and fine-tuning of the user interface to avoid creating contradictory problem
requests that cannot be satisfied.

While the method of learning-problem generation from open-source code requires sig-
nificantly more effort to develop the generator for each kind of learning problem than large
language models (LLMs), the resulting learning problems are generated precisely and ready
to use. That allows for generating large problem banks that cannot be filtered manually.

The results presented here close the gap in literature concerning the automatic gener-
ation of learning problems in the programming domain spanning several programming
languages so that it can be used by different educational organizations in introductory
programming courses. The generated problems do not require any selection or modifi-
cation by humans and can be directly given to the learners. This advances the field of
learning problem generation. The results can be used not only in the programming domain
but also in other domains by using digital twins of subject-domain entities instead of
open-source code.

Our further work includes evaluating the generated learning problems with students
of introductory programming courses and expanding the Meaning Tree library to support
control-flow statements, functions, and other common elements of programming languages.
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