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Abstract

In the context of educational digitalization and the rapid advancement of artificial intelligence
(AI), the development of students’ logical thinking has become a central goal of modern
mathematics education. Beyond procedural skills, students must be able to analyze, justify, and
construct reasoned solutions independently. Particular importance is given to Natural Language
Processing (NLP) and Al-based automated analysis and evaluation systems, which enable the
examination of students’ reasoning expressed in natural language. NLP can analyze written and
verbal explanations, identify logical structures, detect misconceptions, and provide meaningful
feedback, while automated evaluation systems offer objective and timely assessment of problem-
solving strategies and argumentation quality. Thus, this study aims to provide a scientific and
methodological justification for the effective use of these Al tools to support the development of
logical thinking in mathematics education within a digital learning environment.

Keywords: Artificial intelligence, logical thinking, mathematics education, natural language
processing, automated analysis, automated evaluation, Al-based assessment, mathematical
reasoning.

Introduction

Artificial intelligence (Al) refers to computational systems capable of performing tasks associated with
human cognition. In education, Al technologies are rapidly integrating into all stages of the learning
process, creating new opportunities for developing students’ logical, analytical, and reflective thinking
(3, 4].

Three main modes of Al use in education are distinguished: learning with Al (as supportive tools),
learning through Al (Al providing analysis and guidance), and Al-integrated learning (Al embedded in
adaptive instructional environments). In mathematics education, this shifts AI’s role from solving
routine problems to supporting reasoning, proof construction, and justified conclusions.

This study focuses on the potential of Natural Language Processing (NLP) and Al-based automated
analysis and evaluation systems to enhance logical thinking. NLP enables the analysis of students’
explanations and arguments in natural language, while automated systems provide objective assessment
of solutions and reasoning quality. Together, they create an Al-supported environment where artificial
intelligence functions as an intellectual assistant.
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The research aims to clarify the scientific and methodological foundations of using Al to develop logical
and analytical thinking in mathematics education [7]. Logical thinking is understood as a set of
intellectual operations leading to justified conclusions, while algorithmic thinking refers to the ability to
design and apply ordered sequences of actions to solve problems.

Research Methods

In this study, artificial intelligence technologies were systematized according to two key criteria:

— by pedagogical functions (Natural Language Processing (NLP), Al-based automated analysis and
evaluation systems);

— by cognitive objectives focused on the development of logical and analytical thinking.

Based on this systematization, two functional categories of Al technologies were identified and
examined in terms of their contribution to the development of students’ logical reasoning. Particular
attention is given to how NLP enables the analysis of students’ explanations and argumentation in natural
language, while automated analysis and evaluation systems provide objective assessment of solution
strategies and the coherence of reasoning. A detailed analysis and the corresponding results are presented
in Section 2.

2. The Role of Artificial Intelligence in Teaching and Learning Mathematics

2.1. Natural Language Processing (NLP) and the Development of Logical Thinking

Natural Language Processing (NLP) technology enables computer systems to understand human
language. Although this approach was initially applied effectively in foreign language instruction, in
recent years it has also been recognized as an efficient means of fostering logical thinking in mathematics
education.

Through NLP technologies, artificial intelligence can analyze mathematical texts — such as problem
statements, theorems, or proofs — by identifying key concepts, causal relationships, and chains of
reasoning. This process assists students in consciously performing logical operations, including analysis,
synthesis, and the formulation of conclusions.

For example, an Al system based on NLP — that is, a natural language processing model built on artificial
intelligence technologies — can analyze a mathematical problem and apply a personalized approach in
the following ways:

« automatically identifies mathematical objects in the text (functions, variables, parameters);

+ determines logical relationships between given conditions and the requirements of the task;

« generates Al-based questions that guide the student toward a solution.

Such a method automates the traditional pedagogical “question-answer” technique while preserving its
logic-oriented instructional function. For instance, Al-generated prompts such as “Why is this equation
symmetric?” or “Can the value of the function be less than zero?” stimulate and activate students’ logical
reasoning [8].

Related studies, such as the work of Chinkina et al. [2], demonstrate that the quality of automatically
generated Al questions is comparable to those formulated by human instructors. This finding is
particularly significant for mathematics education, as logically structured questions produced by Al
substantially enhance students’ abilities to reason, construct proofs, and draw conclusions [12].
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In the research conducted by Perez-Paredes et al. [10], teachers’ experiences with NLP technologies
were examined. The results indicated that, despite limited technical familiarity, most educators
expressed a positive attitude toward their application. This observation is likewise important for
mathematics education, highlighting the need for instructors to become more aware of the advantages
of Al and NLP tools in cultivating students’ logical thinking.

Thus, natural language processing technologies contribute to the development of logical thinking in
mathematics by enabling the analysis of problem statements, the generation of logically oriented
questions, and the stimulation of reflective reasoning among learners. Such an approach may serve as a
strong foundation for establishing a cognitively informed pedagogical environment grounded in artificial
intelligence technologies.

To illustrate the role of Natural Language Processing (NLP) in developing logical thinking, consider a
case from algebra involving the solution of a word problem that requires formal reasoning and
justification.

Case Task. A student is given the following problem: “The sum of two consecutive integers is 41. Find
the integers and justify your reasoning.”

Unlike routine computational exercises, this task requires the student to translate natural language into
mathematical form, construct a logical argument, and present a coherent explanation.

Student Response (Natural Language Form).

“Let the first number be x. Then the next consecutive number is x + 1. Their sum is 41, so x +
(x + 1) = 41. Solving gives 2x + 1 = 41, so 2x = 40, hence x = 20. Therefore, the integers are 20
and 21.”

NLP-Based Analysis of Logical Reasoning

An NLP-enabled educational system processes this response at several levels:

1. Semantic Parsing

The system identifies mathematical entities (“consecutive integers,” “sum,” variables) and maps them
to formal expressions.

2. Logical Structure Detection
The response is recognized as a valid deductive sequence:

J Definition of variable

o Model construction

o Equation formulation

o Algebraic transformation
o Conclusion

3. Error Detection (if present)
If a student incorrectly wrote x + x + 1 = 42, NLP tools could detect inconsistency between the
problem statement and the constructed model.
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4. Quality of Argumentation
The system evaluates whether the conclusion follows logically from the steps and whether justification
is explicit.

Contribution to Logical Thinking Development

This interaction supports several components of logical thinking:

Formalization skills — converting verbal information into symbolic form

Sequential reasoning — constructing step-by-step arguments

Justification ability — explaining why each step is valid

Reflective thinking — revising reasoning after feedback

Unlike traditional automatic grading, NLP focuses not only on the final answer but on the reasoning
process expressed in language.

Pedagogical Significance

Such NLP-based analysis transforms assessment into a formative process. The Al system acts as an
intellectual assistant that:

o identifies reasoning patterns,

o provides targeted feedback,

highlights logical gaps,

o encourages explicit justification.

As aresult, students engage in deeper cognitive activity, moving from procedural execution to structured
mathematical reasoning.

2.2. Al-Based Automated Analysis and Evaluation Systems

In mathematics education, Automated Evaluation Systems (AES) based on artificial intelligence
technologies provide in-depth analysis of students’ reasoning and foster the development of reflective
thinking. These systems assess not only the final answer to a problem but also the logical chain of
reasoning, the sequence of arguments, and the overall structure of a proof.

Similar to how Automatic Writing Evaluation (AWE) tools analyze written texts in language education,
AES platforms in mathematics measure the logical coherence of a student’s problem-solving process
[14]. For example, an Al system may generate analytical feedback addressing questions such as:

1. Whether the logical sequence of steps in a proof has been preserved;

2. Whether intermediate results are consistent with the underlying theorem;

3. Whether incorrect assumptions have led to invalid conclusions.

As emphasized by Kamrood [6] and Liu et al. [9], studies in language education indicate that the
combination of instructor analysis and automated system analysis yields the most effective outcomes. A
comparable pattern is observed in mathematics instruction: the “Al + teacher” model proves particularly
productive, as the Al system automatically identifies primary logical errors while the instructor provides
deeper cognitive and conceptual explanations.

Research by Han and Sari [5] shows that dual assessment (Al combined with teacher evaluation)
strengthens reflective thinking because students no longer perceive mistakes merely as “right” or
“wrong,” but begin to examine the causal relationships underlying their reasoning processes.
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Moreover, Al-based assessment modules introduce several cognitive affordances into mathematics
education:

1. Automated reasoning analysis — algorithmic examination of the sequence of arguments within a
proof;

2. Logical consistency verification — evaluation of how each step relates to preceding ones;

3. Cognitive feedback — provision of targeted recommendations such as “This step contradicts Theorem
2” or “This conclusion is based on an invalid assumption”;

4. Reflection stimulation — prompting learners to reconsider their reasoning pathway, thereby
promoting higher levels of logical thinking.

As demonstrated in the studies of Barrot [1] and Wang et al. [13], automated analytical tools effectively
support self-directed learning. In mathematics education, this is manifested in the emergence of students’
logical autonomy — the ability to independently identify and analyze their own errors with the assistance
of AI[11].

In addition, experiments conducted by Liu and Yu [9] indicate that accurate and individualized error
analysis increases student motivation. On this basis, Al systems can be applied in mathematics
instruction in the following ways [15]:

— the student’s solution process is analyzed as a multi-step proof structure;

— the system evaluates the completeness and coherence of logical reasoning at each stage;

— when an error is detected, the system provides feedback in the form of a corrective “roadmap.”

Such an approach creates an Al-supported reflective assessment environment in which each mistake is
interpreted not as failure but as an opportunity for learning.

Consequently, Al-based automated analysis and evaluation systems in mathematics education:

— establish a reflective mechanism that promotes the development of logical thinking;

— enhance analytical reasoning skills and proof construction abilities;

— orient instructors toward diagnostic and methodological analysis.

As a result, Al-driven assessment systems make it possible to evaluate not only a student’s level of
knowledge but also their style of thinking, culture of reasoning, and depth of mathematical
understanding.

To demonstrate the role of Al-based automated analysis and evaluation systems in developing advanced
logical thinking, consider a classical yet highly nontrivial problem from number theory — a Pell-type
Diophantine equation.

Case Task. Solve the Diophantine equation and describe all integer solutions:
x% 4+ 61 y2=1.

The task requires not only finding a solution but also:

o determining the fundamental solution,

. applying the continued fraction method,

o proving the structure of all solutions.

Student Solution.

1. Compute the continued fraction expansion of v61.
Since the period leads to a solvable Pell equation, a fundamental solution exists.
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2. The fundamental solution is:

x; = 1766319049, y, = 226153980.

3. By the theory of Pell equations, all solutions are generated by powers of the fundamental unit:
X, + ypV61 = (1766319049 + 226153980v61)",n = 1,2,3, ....

Automated AI-Based Analysis

An Al-based evaluation system analyzes this solution at multiple levels.

1. Verification of Mathematical Correctness

Using symbolic computation, the system substitutes the proposed solution into the equation:
17663190492 — 61 - 2261539802 = 1.

This confirms the correctness of the fundamental solution.

2. Methodological Assessment
The system evaluates whether the student:

o correctly identified the problem as a Pell equation,
o applied the continued fraction method appropriately,
o justified the existence of a fundamental solution.

3. Logical Structure of the Proof
The Al detects the deductive reasoning chain:

o problem classification,

° selection of theoretical tools,

o computation of the fundamental solution,
o generalization to all solutions.

4. Level of Generalization

It is essential to characterize the entire solution set. The system checks whether the student:
o demonstrated that infinitely many solutions exist,

J expressed solutions via powers of the fundamental unit,

o connected the result to the unit group of the quadratic field Q(v/61).

Contribution to Logical Thinking Development
Such problems foster high-level cognitive abilities, including:

o abstract logical reasoning,

. strategic selection of mathematical methods,
o construction of rigorous proofs,

o structural and algebraic generalization,

. integration of theory and computation.

Al-based systems evaluate not only the final answer but also the depth and coherence of the reasoning
process.
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Pedagogical Significance
Al-based automated analysis and evaluation systems transform assessment into an intellectually
meaningful process. They:

J provide objective evaluation of complex solutions,
o identify reasoning strategies,

o detect conceptual gaps,

o generate targeted feedback,

o support research-level mathematical thinking.

Thus, artificial intelligence functions not merely as an automated grader but as an intelligent assistant
capable of supporting advanced mathematical reasoning and scholarly problem solving.

Conclusion

Artificial intelligence technologies are being progressively integrated into mathematics education,
creating new pedagogical opportunities for enhancing students’ logical thinking. In particular, Natural
Language Processing (NLP) and Al-based automated analysis and evaluation systems expand the digital
learning environment and support the purposeful development of reasoning skills.

The use of these technologies transforms the format of instructional interaction — from one-directional
knowledge transmission to an adaptive, diagnostically informed, and interactive learning process. They
enable the analysis of students’ written explanations, the identification of argumentative structures, and
the automated detection of logical inconsistencies and errors.

Analytical results indicate that Al-based tools increase cognitive engagement, promote the formation of
logical-analytical operations, and contribute to the personalization and adaptability of mathematics
education. At the same time, they serve as methodological support for instructors by facilitating more
accurate diagnosis of learning difficulties and enabling the design of effective instructional trajectories.
Overall, the integration of NLP and automated analysis and evaluation systems into mathematics
instruction establishes a foundation for a contemporary didactic model based on the coordinated
interaction of “feacher — artificial intelligence — student,” oriented toward the systematic development
of logical thinking within a digital educational environment.

References

1. Barrot, J. S. (2023). Using automated written corrective feedback in the writing classrooms: Effects
on L2 writing accuracy. Computer Assisted Language Learning, 36(4), 584 - 607.

2. Chinkina, M., Ruiz, S., & Meurers, D. (2020). Crowdsourcing evaluation of the quality of
automatically generated questions for supporting computer-assisted language teaching. ReCALL, 32(2),
145 - 161.

3. Gao, S. (2020). Innovative teaching of integration of artificial intelligence and university mathematics
in big data environment. IOP Conference Series: Materials Science and Engineering, 750(1), 012137.
https://doi.org/10.1088/1757-899X/750/1/012137

4. Gulynina, E. V. (2024). Artificial intelligence and personalized learning: Prospects and challenges in
the context of teaching mathematics. World of Pedagogy and Psychology (in Russian).

w
=




5. Han, T., Sari, E. (2022). An investigation on the use of automated feedback in Turkish EFL students’
writing classes. Computer Assisted Language Learning. Advance online publication.
https://doi.org/10.1080/09588221.2022.2067179.

6. Kamrood, A. M., Davoudi, M., Ghaniabadi, S., Amirian, S. M. R. (2021). Diagnosing L2 learners’
development through online computerized dynamic assessment. Computer Assisted Language Learning,
34(7), 868 - 897.

7. Kolobaev, V. K., Morozova, 1. K. (2024). Opportunities for using artificial intelligence in teaching
mathematics. World of Pedagogy and Psychology, No. 8 (97) (in Russian).

8. Kuzmenko, M. V. (2025). Artificial intelligence in school mathematics education: Awareness,
readiness, and use by mathematics teachers. Psychological Science and Education, 30(3), 125-139 (in
Russian).

9. Liu, S., Yu, G. (2022). L2 learners’ engagement with automated feedback: An eye-tracking study.
Language Learning & Technology, 26(2), 78 - 105.

10. Pérez-Paredes, P. (2022). A systematic review of the uses and spread of corpora and data-driven
learning in CALL research during 2011 - 2015. Computer Assisted Language Learning, 35(1 - 2), 36 -
61.

11. Prokhorov, D. 1., Brovka, N. V. (2025). Application of artificial intelligence technologies in the
process of professional development and self-education of mathematics teachers. Bulletin of the
Krasnoyarsk State Pedagogical University named after V. P. Astafyev, No. 1 (71) (in Russian).

12. Rojano, T., Garcia-Campos, M. (2017). Teaching mathematics with intelligent support in natural
language. Tertiary education students working with parametrized modelling activities. Teaching
Mathematics and its Applications: An International Journal of the IMA, 36(1), 18-30.
https://doi.org/10.1093/teamat/hrw009

13. Wang, X., Pang, H., Wallace, M. P., Wang, Q., Chen, W. (2022). Learners’ perceived Al presences
in Al-supported language learning: A study of Al as a humanized agent from community of inquiry.
Computer Assisted Language Learning. Advance publication.
https://doi.org/10.1080/09588221.2022.2056203.

14. Wu, R. (2021). Visualization of basic mathematics teaching based on artificial intelligence. Journal
of Physics: Conference Series, 1992(1), 042042. https://doi.org/10.1088/1742-6596/1992/4/042042

15. Zhong, B., Xia, L. (2020). A systematic review on exploring the potential of educational robotics in
mathematics education. International Journal of Science and Mathematics Education, 18(1), 79-101.
https://doi.org/10.1007/s10763-018-09939-y.

4
-
Q
&
Q.

O
Q
>
)

-

©
-
g
(Vp
&
-
®

Y
Q

nd
-
®

=
O
>
@
-
-

Y
®
O
-
(-
-
®

-
&
-
-

d=
.
()
o

(V)

w
N




