Tsang et al. Research and Practice in Technology Enhanced Learning (2027) 22:27 Research and Practice in
https://doi.org/10.58459/rptel.2027.22027 Tech nOlOgy E n ha nced Lea m | ng

RESEARCH Free and Open Access

Understanding the role of large language models
in supporting mathematics education

Henry Pak Yeung Tsang, Dichen Wang, Philip Leung Ho Yu*

*Correspondence: Abstract
plhyu@eduhk.hk

Department of Mathematics and

Information Technology, The Large Language Models (LLMs) are redefining mathematics education, including not

Education University of Hong only student-facing tutors but also educator-centered tools that automate
Kong, 10 Lo Ping Road, New instructional tasks and support professional development. This systematic review
Territories, Hong Kong synthesizes findings from 131 empirical and technical studies published between

Full list of author information is
available at the end of the article

January 2022 and February 2025. Guided by PRISMA protocols and BERTopic
modeling, we investigated three key questions: (1) How do LLMs perform on
mathematical tasks across varying levels of difficulty? (2) In what ways are LLMs being
used to support mathematics educators? (3) What are the limitations and concerns
of applying LLMs in mathematics education?

BERTopic identified four dominant themes: (a) evaluation of LLM mathematical
reasoning, (b) LLM-supported mathematics education, (c) automation of
mathematics educational tasks, and (d) LLM capability in mathematical word
problems. Across benchmarks (e.g., GSM8K, SVAMP, MATH), LLM performance is
strong on many primary and secondary tasks, especially when combined with
remediation approaches such as prompt engineering, fine-tuning, and tool/code-
based verification, but reliability decreases as problems require abstract reasoning,
multi-step  planning, or domain-specific formalisms (notably calculus,
statistics/probability, geometry/spatial reasoning, and some non-English settings).
Synthesizing findings through an Intelligent Tutoring Systems (ITS) lens, we argue that
LLMs are most defensible as generative components within systems that provide
instructional control, verification, and student-model inference, rather than as
autonomous authorities for mathematical correctness or pedagogy. Key risks include
hallucination, limited pedagogical sensitivity, uneven multilingual robustness, and
over-reliance that may weaken learners’ independent reasoning. We conclude with
implications for evaluation and adoption, emphasizing verifiability, process-sensitive
assessment, and educator-centered governance.
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Introduction

Artificial Intelligence (Al) is reshaping education by transforming how students learn,
educators teach, and institutions manage academic processes. From intelligent tutoring
systems (ITS) to adaptive learning platforms, chatbots, and automated assessment tools,
Al applications collectively referred to as Artificial Intelligence in Education (AIED) have
shown the potential to enhance student engagement, optimize teaching practices, and
improve administrative efficiency. Among the most transformative innovations in AIED
are Large Language Models (LLMSs), such as ChatGPT, which have garnered widespread
attention for their ability to generate human-like responses, solve problems, and provide
real-time feedback. Unlike earlier Al systems, which were limited to domain-specific tasks,
LLMs possess the flexibility to support a wide range of educational activities, including
generating lesson plans, facilitating collaborative discussions, and automating grading (Lo,
2023; Fu et al., 2025). These models have been rapidly adopted in both PreK-12 and higher
education settings, driven by their scalability, accessibility, and versatility. For instance,
ChatGPT has been used as a virtual tutor to assist students in understanding complex
concepts and as a teacher assistant to streamline instructional design and administrative
tasks.

At the same time, evaluating LLMs in mathematics education requires clarity about
what “effective teaching” entails. In the Intelligent Tutoring Systems (ITS) literature, a
widely cited framing characterizes ITS as an integration of interacting components: an
expert (domain) module representing target knowledge and solution strategies; a student
model module representing what the learner currently knows, often implemented via an
overlay model that treats the learner’s knowledge state as a subset of expert knowledge; a
tutoring (pedagogical) module that uses information about both the domain and the learner
to select instructional actions (e.g., hints, feedback, practice tasks); and a user interface
module that mediates communication and enables the system to collect evidence from
learner interactions (Nwana, 1990). Recent work suggests that LLMs can be incorporated
within this architecture to support adaptive, dialogue-based instruction rather than
functioning solely as answer generators. For example, Latif etal. (2026) highlight the
growing integration of Al techniques, including LLMs, in tutoring systems to enable more
responsive interaction, real-time feedback, and personalization, with many studies
reporting improved learning outcomes; similarly, Junpeng (2026) indicates that
individualized scaffolding and feedback can promote learning. Accordingly, we use the
ITS framework in later sections to evaluate LLM applications in mathematics education
and to surface the design conditions and challenges that shape their instructional value.
LLMs may also offer practical benefits for educators and students. For educators, they can
automate time-intensive tasks such as drafting assessments or generating feedback,

potentially freeing time for higher-value instructional interactions (Wang et al., 2024). For
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students, LLMs can provide on-demand explanations and opportunities for guided practice.
In some domains, including economics and programming, LLMs have demonstrated strong
performance on benchmark assessments and can generate stepwise explanations that
support higher-order thinking (Lo, 2023).

Despite their promise, LLMs face significant challenges that raise questions about their
broader suitability in education. One critical concern is their susceptibility to hallucination,
where models confidently generate incorrect or irrelevant information. Furthermore, LLMs
may provide inconsistent adaptive feedback or personalized support, which are key
elements of effective teaching. These limitations are compounded by reduced adaptability
in non-English contexts and concerns about overreliance on Al tools. For example, Bastani
et al. (2025) demonstrated that while students using GPT-4-based tutors performed better
on assisted tasks, they struggled significantly on unassisted exams, suggesting that reliance
on direct solutions from LLMs discourages deeper engagement with mathematical
concepts. Similarly, Lee et al. (2025) found that professional knowledge workers relying
on Al tools experienced diminished critical thinking, as cognitive effort shifted from task
execution to oversight.

These complexities underscore the need for a nuanced evaluation of LLMs’ role in
mathematics education, where both the opportunities and limitations of these tools are
particularly pronounced. Mathematics, as a discipline, demands logical precision, multi-
step reasoning, and problem-solving skills, areas where LLMs face significant challenges.
While LLMs may be useful for generating practice problems, explanations, or draft
feedback, their accuracy declines in higher-order mathematical domains like calculus,
symbolic reasoning, and spatial problem-solving. Consequently, the use of LLMs in
mathematics raises critical questions about how Al can support, rather than supplant,
human instruction, and how these tools can align with long-term educational goals.

This systematic review aims to address these questions by analyzing 131 articles published
between January 2022 and February 2025, focusing on the performance, applications, and
limitations of LLMs in mathematics education. Specifically, it seeks to answer the
following research questions:

1. How do LLMs perform on mathematical tasks across different levels of difficulty?

2. In what ways are LLMs being applied to support mathematics educators?

3. What limitations and concerns arise when implementing LLMs in mathematics

education?
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Method

This systematic review was conducted following the PRISMA (Preferred Reporting Items
for Systematic Reviews and Meta-Analyses) guidelines (Page et al., 2021) to ensure
transparency, reproducibility, and rigor in the selection and analysis of studies. The review
aimed to evaluate the performance, applications, and impact of Large Language Models
(LLMs) in mathematics education by addressing three key research questions.

Data sources and search strategies
To capture a comprehensive range of studies, we searched four major electronic databases:
ERIC, Academic Search Ultimate, Education Source (all from the EBSCOhost database),
and Scopus. The search was conducted from November 2022 to February 2025, with
January 2022 selected as the starting point to coincide with the public launch of ChatGPT-
3.5, which marked a significant milestone in the adoption of LLMSs in education.
The search terms used were designed to capture studies related to LLMs and their
applications in mathematics education. Boolean operators were employed to combine the
following terms:

e ("Large Language Model?" OR "ChatGPT" OR "Generative Al")

e AND ("class*" OR "math education” OR "mathematical education™)
The question mark (?) was used to account for both singular and plural forms (e.g., "model™
and "models™), while the asterisk (*) allowed for variations of the term "math" (e.g.,
"mathematics").
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Table 1

Inclusion and exclusion criteria

Factor Inclusion Criteria Exclusion Criteria
Studies published from
Date January 2022 to February Studies published prior 2022
2025
Studies published in the Studies not published in the
Language . .
English language English language

. . . Editorials, letters, protocol
. Published journal articles or .
Literature type papers and systematic
conference papers

reviews.

e Studies testing LLMs' e Studies discussing LLMs'
mathematical abilities on strengths or weaknesses
existing or newly proposed in mathematics without

Evaluation of LLM math datasets. empirical data.

performance e Studies evaluating LLMs'
mathematical performance
using established or novel
prompting techniques.
e Studies detailing how LLMs e Studies discussing LLMs

assist teachers in applications and

mathematics education. effectiveness based on
LLM application in math e Studies assessing the personal opinions without
education and effectiveness effectiveness of LLMs empirical evidence

applications using valid
quantitative or qualitative
methods.
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Figure 1
PRISMA flow diagram
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Thematic distribution and relationships in LLM research for mathematics

To analyze the thematic structure of the included studies, we utilized BERTopic, an
advanced topic modeling framework that leverages transformer-based language models for
semantic representation. In this approach, dense vector embeddings for each document are
generated using the “all-MiniLM-L6-v2” model from the SentenceTransformers library,
with each document represented by a concatenation of its title, keywords, and abstract. To
address the high dimensionality of these embeddings and facilitate efficient clustering,
Uniform Manifold Approximation and Projection (UMAP) was used to project the data
into a lower-dimensional space, with adjustable parameters to balance topic granularity and
interpretability.

Clustering was performed using the HDBSCAN (Hierarchical Density-Based Spatial
Clustering of Applications with Noise) algorithm, which identifies groups of semantically
similar documents and is robust to clusters of varying sizes. After cluster formation,

BERTopic extracts representative keywords for each topic using a class-based variant of
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TF-IDF (c-TF-IDF), highlighting terms that are particularly distinctive for each topic
within the corpus.

We systematically explored a range of parameter settings and selected a configuration
that produced interpretable and distinctive topics. Across 100 model configurations, the
final solution identified four topics, with an initial outlier rate of 12%. Details of the
configuration can be found in Appendix B. Each topic was characterized by its most
representative keywords and a set of closely related articles. For example, the article
“Complexity-Based Prompting for Multi-step Reasoning” was found to be most
thematically similar to:

1. TORA: A Tool-Integrated Reasoning Agent for Mathematical Problem Solving
(distance: 0.28)

2. Transforming Generative Large Language Models' Limitations into Strengths
using Gestalt: A Synergetic Approach to Mathematical Problem-Solving with
Computational Engines (distance: 0.35)

3. OpenMathinstruct-2: Accelerating Al for Math with Massive Open-Source
Instruction Data (distance: 0.37)

4. CONIC10K: A Challenging Math Problem Understanding and Reasoning Dataset
(distance: 0.38)

5. MAMMOTH: Building Math Generalist Models Through Hybrid Instruction
Tuning (distance: 0.40)

6. MuMath: Multi-perspective Data Augmentation for Mathematical Reasoning in
Large Language Models (distance: 0.40)

In this context, the “distance” value reflects the semantic similarity between articles in
the reduced 10-dimensional UMAP space, with smaller values indicating greater similarity.
Initially, 11 articles were classified as outliers (assigned to topic -1). Since all 137 articles
had been pre-screened for relevance, we applied a refinement process to reassign these
outliers to appropriate topics, while maintaining the existing assignments for other articles.
This reduced the number of outliers from 11 to 6, resulting in a more coherent and accurate
thematic structure. The four identified topics were renumbered from 0-3 to 1-4 and labeled
based on representative keywords, article content, and relationships visualized through
principal component analysis (PCA) of document embeddings.

This topic modeling approach enabled the identification of nuanced clusters and trends
in the literature on large language models in mathematics education, supporting both

quantitative summaries and qualitative insights for research and practice.
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Topic 1: LLM support in math education

This topic centers on the role of large language models in enhancing mathematics education
through the development of supportive tools and systems for both students and teachers.
Representative keywords—such as students, learning, teachers, chatbots, teaching, tools,
results, and potential—underscore the integration of LLMs within educational
environments. Articles grouped under this topic frequently discuss practical applications,
including lesson planning, intelligent tutoring systems, and chatbot-based interventions
designed to improve student engagement and instructional effectiveness. Principal
component analysis (PCA) visualization indicates that Topic 1 is conceptually related to
Topic 3 as both focus on the educational applications of LLMs.

Topic 2: Evaluation of LLM math reasoning

This topic centers on the assessment of large language models’ reasoning capabilities in
mathematical contexts. Representative keywords—including reasoning, prompting, chain-
of-thought (cot), problems, tasks, dataset, solving, and datasets—indicate a focus on
logical reasoning and systematic evaluation. Articles classified under this topic investigate
the performance of LLMs across various benchmarks and datasets, with particular
emphasis on their ability to solve mathematical problems and demonstrate structured
reasoning processes. Principal component analysis (PCA) visualization suggests a
conceptual relationship between this topic and Topic 4 as both address mathematical
reasoning; however, Topic 2 encompasses broader evaluations, while Topic 4 specifically
targets math word problem solving.

Topic 3: Automation of mathematics educational tasks

This topic addresses the automation of educational processes in mathematics using large
language models. Representative keywords—such as tutoring, learning, students,
questions, problems, assessment, word, feedback, and classification—highlight tasks
including automated tutoring, assessment, and feedback generation. Articles grouped under
this topic frequently explore how LLMs can be employed to streamline various educational
functions, such as generating metadata, automating scoring systems, and providing timely
feedback to learners. While this topic shares thematic overlap with Topic 1 in its focus on
educational applications, Topic 3 places greater emphasis on automation, distinguishing it

from the supportive tools and systems highlighted in Topic 1.
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Topic 4: LLM capability in solving mathematical word problems

This topic focuses on evaluating the ability of large language models to solve mathematical
word problems (MWPs). Representative keywords—including word, problems, dataset,
problem, performance, numbers, MWP, difficulty, and MWPs—highlight the specific
emphasis on MWPs. Articles within this topic examine LLM performance across various
datasets, exploring how effectively these models reason through and solve word-based
mathematics questions. While there is some conceptual overlap with Topic 2 due to their
shared focus on reasoning, Topic 4 is distinguished by its narrower scope, concentrating
specifically on MWPs rather than broader mathematical reasoning tasks.

Table 2
BERTopic results. For readability, the original BERTopic cluster labels (0—3) are presented in this

article as Topics 1-4.

Topic Count Name Representation

['geometry', 'geometric', 'discovery’,
-1 6 (Outliers) 'geogebra’, 'natural’, 'performance’, 'gold’,
'small', 'gap’, 'automatic'

) ['students’, 'learning', 'teachers’, 'chatbots’,
LLM Support in Math . L .
0 54 . 'teaching', 'teacher’, 'thinking', 'preservice',
Education
'tools’, 'results']

) ['reasoning', 'prompting’, 'cot’, 'problems’,
Evaluation of LLM
1 43 . ‘complex’, 'tasks', 'performance’, 'dataset’,
Math Reasoning
'propose’, 'datasets']

['tutoring', 'learning', 'students’, 'problems’,
Automated Math

2 25 'questions’, 'assessment’, 'problem’, 'quality’,
Tasks o
‘classification’, 'content']
LLM capability in ['word', 'problems’, 'dataset’, 'problem’,
3 9 solving mathematical 'performance’, 'numbers’, 'place’, 'mwp’,

word problems 'difficulty’, 'mwps']
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PCA projection plot. For readability, the original BERTopic cluster labels (0-3) are presented in this

article as Topics 1-4.
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The results of the refined BERTopic analysis are presented in Appendix A. To address

our research questions, we developed a coding scheme to categorize the articles as follows:

Table 3

Coding scheme

Code

Article in Topic

Description

Automated Tasks

Teaching development
and pre-service teaching
training

Challenges and impacts of
LLM applications in
mathematics

Evaluation of LLM math
reasoning performance

3

Studies focusing on task automation in
mathematics education.

Research exploring the use of LLMs in teacher
development and training programs.
Analysis of the challenges and broader

educational implications of LLMs in mathematics.

Studies assessing the reasoning capabilities of
LLMs in math tasks.

Results and Discussion

1. Trends and thematic focus in LLM research for mathematics

To analyze the trends in LLM research for mathematics, we examined studies published

between 2022 and February 2025. This section provides an overview of the foundational

trends, including the volume of research over time, the balance between evaluation- and

application-oriented studies, and the distribution of research across thematic areas. These

insights establish the broader context of LLM research in mathematics education,



Tsang et al. Research and Practice in Technology Enhanced Learning (2027) 22:27 Page 11 of 51

highlighting shifts in research priorities and emerging patterns. This overview serves as a
foundation for the detailed thematic analysis presented in subsequent sections.

Figure 3 illustrates the progression from evaluation-focused studies to application-driven
research. By 2023, 22 evaluation studies and 20 application studies reflected a balanced
interest in assessing LLM capabilities and exploring their practical use. In 2024,
application-driven research surged to 51 studies, significantly outpacing the 28 evaluation
studies, signaling a stronger emphasis on real-world implementations. Early 2025
continues this trajectory, with seven application studies already recorded.

Figure 4 highlights the thematic distribution of research. By 2023, growth was evident
across all topics, particularly in *"Evaluation of LLM Math Reasoning™ (17 studies) and
"LLM Support in Math Education™ (13 studies). Narrower areas, such as "*Automated
Math Tasks"™ (7 studies) and "LLM Capability in Solving Math Word Problems" (5
studies), received comparatively less attention. In 2024, research activity peaked, with
substantial growth in ""LLM Support in Math Education'* (34 studies) and "'Evaluation of
LLM Math Reasoning™ (24 studies), while automation gained momentum with 17 studies.
Although fewer studies target mathematical word problems (MWPs) than general
reasoning benchmarks, this focus is theoretically significant for mathematics education and
ITS-aligned evaluation. Here, mathematical thinking refers to forming, connecting, and
interpreting mathematical representations to explain relationships and justify conclusions
(Li & Schoenfeld, 2019). Word problems have long been a central emphasis in
mathematics education, particularly at the elementary level, because translating a
contextual situation into an appropriate mathematical expression requires more than
reading comprehension: it also develops modelling habits, metacognitive monitoring, and
critical judgment about what a problem is asking (Verschaffel, Greer & De Corte, 2000).
MWPs are well suited to study such thinking because they require contextual interpretation
and modelling, not only procedural execution. In MWPs, learners must interpret a
contextualized situation, identify relevant quantities and relations, formulate an appropriate
mathematical representation, and interpret results, rather than only execute procedures
(Boonen et al., 2016; Fitzpatrick et al., 2020; Verschaffel et al., 2020). A classic illustration
is the “ship captain” item, “If a ship had 26 sheep and 10 goats on board, how old is the
ship’s captain?”’ which shows that students may mechanically extract numbers and perform
calculations without evaluating whether the question is meaningful or solvable (Selter et
al., 2000). From an ITS perspective, MWPs are especially informative because they engage
multiple knowledge components represented in the expert model (e.g., problem
representation and strategy selection) and can reveal distinct error sources that an overlay
student model aims to diagnose (e.g., comprehension or mathematization errors versus
procedural execution errors). Consequently, examining LLMs’ performance on MWPs

helps clarify whether LLM-based systems can support fine-grained inference about learner
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understanding and enable adaptive pedagogical actions (e.g., targeted prompts and
scaffolds), instead of functioning primarily as answer generators.

These trends reflect a clear shift from foundational evaluation to practical applications
and automation, driven by improvements in LLMs’ performance. As their capabilities
advance, researchers increasingly focus on integrating LLMSs into mathematics education.

Figure 3
Research trends in evaluation vs. application 2022—-2025 (Feb)
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2. LLM applications for supporting math education through automated tasks
Building on these trends, the following sections delve into the thematic areas identified in
the analysis, starting with the use of Large Language Models for automating educational
tasks. This theme explores how LLMs are employed to streamline processes such as
problem generation, feedback automation, and reasoning evaluation.
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To avoid conflating capabilities with instructional authority, we distinguish three roles
when interpreting LLM-based applications in mathematics education. In this review, LLMs
are treated primarily as generative components that can produce candidate explanations,
hints, items, or classifications from natural-language inputs. By contrast, instructional
control including maintaining an expert model of valid solution constraints, estimating
learner mastery through a student/overlay model, selecting next tasks, and enforcing
pedagogical policies belongs to the Intelligent Tutoring System (ITS) architecture when
such a system is present (Nwana, 1990). This distinction is particularly consequential for
word problems, where expert teaching often targets higher-order habits (e.g., modelling
choices, justification, and plausibility checking) through thoughtful task design, strategic
questioning, and guided scaffolding. An ITS can support these goals by sequencing tasks
and embedding prompts for reflection, justification, and plausibility checking, enabling
scaffolded higher-order thinking rather than mere answer generation. Teachers remain
responsible for curricular alignment, pedagogical appropriateness, and accountability in
high-stakes decisions (e.g., grading, placement, and consequential feedback), and they
provide contextual and socio-emotional supports that are not reliably inferable from text
alone. Table 4 summarizes these responsibilities and non-responsibilities for LLMs, ITS
components, and teachers.
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Differentiating roles in LLM-supported mathematics education

Page 14 of 51

Role

What it should do well

What it should not be solely
responsible for

LLM

ITS

Teacher

Generation and
reasoning
assistant

Instructional
control and
inference

Pedagogical
authority and
accountability

Generate candidate
instructional moves
(hints, prompts,
explanations) aligned to
an assigned strategy.
Produce multiple problem
variants with controlled
difficulty or features.
Summarize student work
into structured evidence.
Suggest targeted follow-
up questions.

Enforce instructional
policies (hint timing,
solution withholding,
allowed tools)
Represent the expert
model (constraints,
solution space, step
validity checks) and call
verifiers

maintain and update
student/overlay
estimates from logged
evidence (attempts, step
errors, time, help use)
select next tasks/hints
using mastery and
uncertainty;

Specify learning
objectives, success
criteria, and acceptable
solution methods
Validate mathematical
correctness and
pedagogical
appropriateness of Al-
supported material.
Interpret student thinking
using domain knowledge
plus classroom context.
Set norms for Al use and
academic integrity

Make final decisions on
grading, placement, and
interventions.

Provide equity-aware
supports
(accommodations,
culturally responsive
examples) and socio-
emotional scaffolding.

Certifying mathematical
validity/correctness of
final answers or solution
steps.

Unsupervised scoring of
constructed responses in
high stakes contexts.
Deciding progression or
issuing consequential
feedback without
external verification and
policy constraints.

Setting curriculum
priorities and
instructional goals
Making equity or ethics
decisions.

Interpreting learner
needs that depend on
situational context not in
the logs (motivation,
affect, accessibility)
Overriding teacher
professional judgment
about appropriateness of
interventions.

Offloading consequential
instructional decisions to
automated outputs
without review.

Relying on Al-generated
analytics as a substitute
for formative assessment
and professional
interpretation.
Permitting unrestricted
Al use that undermines
intended learning
outcomes.
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The integration of LLMs into mathematics education has significantly reduced the

workload for educators while enhancing learning experiences for students. Table 5

provides an overview of key automated tasks enabled by LLMs, along with their

applications and supporting studies. These tasks cover a wide range of functions, including

generating personalized hints and explanations, automating question creation, scoring

complex responses, and designing instructional materials.

Table 5

Applications of large language models in mathematics education and their roles across various tasks

Task

LLM applications

Article

Al-Generated Hints
and Explanations

Automated
Question and
Feedback System

Al-Driven Scoring
and Diagnosis Tool

LLMs are used to generate explanations,
walkthroughs, and guidance for mathematics
problems, supplementing teacher-created
content and thus reducing the labor-intensive
efforts of teachers.

Al-generated explanations and tips can act as
valuable references for teachers, improving
efficiency and enabling more personalized
support for students.

Explanations generated by LLMs improve
comprehension by clarifying complex reasoning
and connecting concepts to prior knowledge.
Al-generated hints provide tailored guidance by
breaking problems into smaller, manageable
steps, promoting self-directed learning.

LLMs are used to automatically generate math
questions, reducing the effort required for
manual question creation.

LLMs are applied for context-aware and
context-unaware math question generation,
covering elementary to tertiary education
levels.

LLMs are used to generate feedback for
formative assessment in mathematical
problem-solving, helping both educators and
students refine teaching and learning strategies.
LLMs assist in crafting multiple-choice question
distractors by generating mathematically valid
options, though they struggle to simulate
common student misconceptions.

Using LLMs for Socratic questioning supports
math problem-solving by generating sequential,
guided questions to enhance reasoning and
improve solver performance

LLMs are used to classify student errors in open-
ended math questions, improving the scalability
and flexibility of automated feedback systems.
LLMs are explored for detecting incoherent
answers in open-ended math responses, helping
automate teacher review and reduce their
workload.

LLMs are used to automatically score extended
math responses, achieving near-human

[26],[38],[61],
[124]

(18], [32], [53],
(59]

[6], [17], [135],
[137]
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Al-Driven
Readability
Enhancement

Lesson Plan
Generation

Automated Math
Annotation Tool

Intelligent
Tutoring System

accuracy in assessments like the NAEP Math
Scoring Challenge.

LLMs, such as GPT-4, are used to revise math
word problems for improved readability and
accessibility, particularly for younger students.
By automating the revision process, LLMs help
educators enhance the clarity of educational
content while reducing manual effort.

LLMs are used to automatically generate
customized lesson plans tailored to diverse
teaching contexts and student needs.

LLMs assist in instructional design by organizing
problem chains, setting teaching objectives, and
selecting effective teaching strategies.

LLMs streamline the lesson planning process,
significantly reducing the time and effort
required from educators.

LLMs can automate the generation of metadata
for assessment items, including problem
context, math vocabulary, and difficulty level.
LLMs are used for automated annotation and
Part-of-Math (POM) tagging of equations,
reducing reliance on manual rule-based
systems.

LLMs enhance the accessibility and utility of
mathematical knowledge in digital libraries by
automating annotation and tagging tasks.

LLMs are used to help generate and manage the
steps and paths (state space) in Intelligent
Tutoring Systems, ensuring the tutoring process
follows a clear structure.

LLMs add flexibility to tutoring systems by
providing dynamic responses while still
following predefined teaching strategies to
improve learning outcomes.

[70], [111]

[19],[121]

(1], [134]

[20]

3. Applications of LLMs in developing pre-service teaching readiness and

teacher professional growth

Large Language Models are being explored for their potential to automate routine

educational tasks. Beyond these automated functions, LLMs are increasingly recognized

for their ability to support both pre-service and in-service teacher development by fostering

critical thinking, refining instructional practices, and enhancing lesson planning. As

summarized in Table 6, LLMs contribute to developing pre-service teachers' readiness

through scaffolding, multi-strategy problem-solving, and critical thinking, while also

fostering professional growth for in-service teachers by improving questioning techniques,

lesson planning, and reflective practice.
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Table 6

Applications of large language models in supporting teacher development and professional growth

Task Description Article

e LLMs support pre-service teachers in developing
critical thinking by encouraging them to analyze Al-
generated responses and identify logical errors.

e ChatGPT supports pre-service teachers in building
self-efficacy, higher-order thinking skills, and
instructional preparedness by providing scaffolding

and feedback during training.

Developing [37], [75],
e Using ChatGPT for multi-strategy problem-solving
Teacher [102], [109],
helps pre-service teachers apply diverse approaches
Readiness [118], [132]

to solving math problems and adapt teaching
strategies to student needs.

e LLMs aid pre-service teachers in lesson planning by
supporting writing and plan preparation, offering
ideas, outlining plots, creating dialogues, and
assisting with content creation, while fostering critical
thinking through plan evaluation and refinement.

e ChatGPT plays a role in helping in-service teachers
improve rational questioning and classroom
observation skills, enhancing their instructional
practices.

e As avirtual coach, ChatGPT provides actionable

Professional feedback on teaching strategies, helping teachers (57, [75]
57], [75],
Growth for identify areas for improvement and growth. (76]
76
Teachers e LLMs help in-service teachers in lesson planning by

providing information, developing questions, and
enhancing explanations, while enabling content
creation and revision. It also enhances critical
thinking by analyzing and improving the generated

plans.

4. Bridging potential and challenges

Large Language Models have demonstrated considerable promise in mathematics
education, particularly for automating routine tasks, generating worked examples, and
supporting teacher planning and professional learning. At the same time, wider adoption
makes it essential to evaluate LLMs not only in terms of fluency and speed, but also against

the epistemic and pedagogical demands of mathematics, especially in tasks that require
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evaluation, synthesis, and application. The limitations summarized in Table 7 therefore
reflect two complementary patterns: cross-level vulnerabilities (e.g., arithmetic/algebra
execution errors and multi-step reasoning breakdowns that appear from primary to tertiary
settings) and domain-concentrated weaknesses that become more salient in upper
secondary and college mathematics (notably statistics/probability and calculus). Framed
this way, the key issue is not simply that LLMs sometimes “get answers wrong,” but that
their failures can be systematically tied to the kinds of higher-order reasoning emphasized
at later stages of schooling, with direct implications for assessment validity and
instructional use. To maintain coherence across the review, we first synthesize these
limitation themes from prior studies. Then in a later section, we will use mathematics
benchmarks and standardized evaluations that explicitly compare LLMs’ performance
across grade school, secondary, and college-level item sets.
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Table 7

Common concerns and limitations of large language models in mathematical problem-solving

Concern Reported Description Articles

LLMs sometimes fail to adhere to
Lack of Pedagogical structured teaching strategies or
Capabilities established pedagogical principles, resulting
in less effective guidance for learners.

[4], [8], [13], [16],
[33], [40], [46],
[83], [125]

LLMs occasionally produce incorrect or
inconsistent results in basic arithmetic
operations or when solving algebraic
equations, undermining their reliability in
math-focused tasks.

(2], (8], [30], [35],
[63], [78], [131]

Arithmetic and Equation-
Solving Errors

Failures in logical inference, strategy

Logic & Mathematical selection, proof logic, or validating [2], [7], [8], [16],
Reasoning Errors (multi- conclusions against conditions/context; [36], [90], [116],
step / abstract) includes contradictions and “answer- [130], [131]

correct-but-method-wrong” acceptance.

Challenges arise when LLMs attempt to
process or solve problems involving spatial

relationships, geometry, or visual (2], 18], [35]

Spatial Reasoning Errors

reasoning.
Statistics
and [51], [55]
Probability LLMs exhibit variability in performance
Specific across different knowledge domains, often
Subject struggling with subjects that require
weakness nuanced expertise or domain-specific
reasoning.
7
Calculus [7), 135, [36],

(55], [130]

Cross-Level vulnerabilities in LLMs’ mathematical performance: Arithmetic & algebra
execution and multi-Step reasoning failures

Arithmetic and equation-solving errors, alongside logic and mathematical reasoning
failures, should be treated as cross-level limitations of large language models rather than
as isolated deficiencies associated with any single mathematical topic or educational stage.
Across the reviewed evidence base, LLMs’ outputs demonstrate that computational
correctness is not guaranteed even for ostensibly routine procedures. At earlier levels, this

appears in miscomputed arithmetic totals and misinterpreted percentage language,
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undermining the reliability of “basic” numeracy and straightforward quantitative
comparisons [30]. As mathematical tasks become more formal and multi-step, the same
fragility persists in algebraic manipulation and equation solving, including dropped terms
during simplification and incorrect handling of valid solution branches, errors that are
procedurally consequential even when the problem structure is standard [35], [131].
Importantly, these computational slips do not disappear at the tertiary level; rather, they re-
emerge as precision and implementation problems in applied and higher mathematics
contexts (e.g., inaccurate high-precision numerical values after a correct analytic setup, or
numerically incorrect matrices despite a conventional solution narrative), indicating that
“knowing the method” does not reliably translate into correct execution [63], [78]. Taken
together, the literature suggests that arithmetic and algebraic reliability remains a persistent
vulnerability across educational levels, with the form of the error shifting from basic
operations to precision-sensitive and representation-dependent computations.

A parallel and arguably more consequential set of limitations concerns logic and
mathematical reasoning, particularly where tasks require method selection, constraint
management, and validation of conclusions against context. The reviewed studies
document failures that extend beyond calculation into the control of inference itself: using
a single familiar rule while neglecting additional conditions, selecting an inappropriate
modelling structure, or drawing conclusions that are not licensed by the stated assumptions
[2],[8],[90]. In calculus-focused settings, this includes contradictory or mathematically
invalid claims about foundational relationships (e.g., continuity and differentiability) and
invalid implications that conflate geometric intuitions (e.g., tangent existence) with
topological properties (e.g., continuity), revealing breakdowns in conceptual coherence
during multi-step explanation [7]. In more formal reasoning tasks, notation-level
misunderstandings (e.g., misreading symbols or divisibility relations) can shift the target
statement itself and render subsequent argumentation logically irrelevant, while instability
across near-identical prompts indicates weak global consistency in proof-oriented
reasoning [116]. Notably, reasoning problems also surface in assessment-like interactions
where an LLM affirms an answer as “correct” despite an incorrect intermediate method, an
error mode that is pedagogically salient because it conflates outcome accuracy with
procedural validity and can normalize invalid reasoning in learning environments [130].
Consequently, the literature supports a cautious positioning of LLMs as potentially useful
for explanation and exploration, but not as autonomous authorities for mathematical
correctness. For educational use across levels, these findings motivate design principles
that prioritize verification (e.g., independent checking, constraint auditing, solution-set
completeness checks) and process-focused scaffolds that make reasoning steps explicit and
assessable, rather than relying on fluent final answers as evidence of mathematical

understanding
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Domain-concentrated weaknesses in higher-level mathematics: Statistics/probability,
and calculus

For statistics and probability, the evidence consistently points to upper secondary and
college as key pressure points because many tasks demand interpretive judgement, such as
selecting an appropriate method, translating conditions into a correct setup, and checking
whether outputs are plausible rather than executing a single procedure. In a comparative
evaluation of four chatbots using 12 prompts (5 statistics; 7 calculus) [51] report that
weaker models (notably Bard and LLaMA) frequently return incorrect results with low
clarity, while even stronger models are not error-free, indicating that reliability varies
meaningfully by model and by prompt. This domain sensitivity is reinforced by
standardized-test evidence from Korea’s CSAT: across 92 mathematics items (2023-2024),
[55] reports a large overall performance gap (49.46% accuracy for gpt-4o vs 81.52% for
ol-preview) and a pronounced disparity within Probability & Statistics (100% for ol-
preview vs 50% for gpt-40), underscoring that statistical competence is not uniform across
LLMs and may remain unstable in high-stakes contexts.

Calculus exhibits a comparable concentration at the senior high school—college transition,
but the dominant issues extend beyond “getting the final answer wrong” to include
conceptual inconsistency and procedural validity. In a university calculus argumentation
task on tangency [7], document how ChatGPT alternates between correct statements (e.g.,
differentiability implies continuity) and contradictory claims (e.g., asserting “no direct
relationship” between continuity and derivative), a pattern that can mislead learners even
when working with foundational definitions . Large-scale assessment results similarly
suggest calculus can be a persistent weak area for some models: on CSAT items, gpt-40’s
calculus accuracy remains 37.5% in both 2023 and 2024, with further declines as item
difficulty increases ([55]). Finally, classroom-based evidence highlights a subtler
instructional risk: an Al system may validate a numerically correct endpoint result while
failing to detect an incorrect derivative procedure that happens to produce the same value
at a specific point, reinforcing the need to evaluate methods rather than outcomes alone

([130]).

4.1 Lack of pedagogical capabilities of LLMs in mathematics education

The limitations of large language models extend beyond computational and reasoning
errors, as highlighted in the table above. A significant concern, particularly in educational
contexts, is their lack of pedagogical capabilities. Effective teaching requires more than
accurate problem-solving; it demands structured guidance and adaptive feedback that are
conditioned on a model of the learner’s current understanding (i.e., a student model) and
aligned with established educational principles. However, existing literature ([4], [8], [13],
[33], [46], [83], [125]) emphasizes that LLMs often fail to deliver such learner-focused
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instruction, limiting their ability to function as intelligent tutors without additional
instructional control and teacher oversight. This not only diminishes their effectiveness but
also raises questions about their suitability for roles requiring nuanced pedagogical
strategies. While this section focuses on pedagogical challenges, the mathematical
performance of LLMs, including their reasoning and problem-solving abilities, will be
explored in detail in a later section.

One critical limitation of LLMs lies in their inability to scaffold mathematical concepts
effectively. Scaffolding involves breaking down complex ideas into manageable steps
tailored to a learner’s level of understanding. While LLMSs can provide direct answers, they
often bypass crucial intermediary steps, leaving students with shallow comprehension ([4],
[83]). For instance, ChatGPT frequently generates correct solutions without offering the
contextual reasoning necessary for students to generalize these solutions to new problems
([83]). This lack of scaffolding hinders students from developing a deep understanding of
mathematical concepts and transferring knowledge across domains.

LLMs also fail to foster critical thinking in mathematics education. Unlike human
teachers who employ Socratic questioning to prompt reflection and analysis, LLMs provide
static responses that do not engage students in deeper reasoning ([33]). This limitation is
particularly evident in addressing misconceptions or abstract concepts, where LLMs are
unable to anticipate and correct misunderstandings effectively. Consequently, teacher
intervention becomes essential to ensure comprehension and fill these pedagogical gaps
([4], [33]).

Another significant challenge is the lack of adaptive feedback. While LLMs can generate
generalized explanations and practice problems, they are unable to adjust their responses
based on the unique needs of individual learners ([46]). For instance, in creative
mathematical writing activities, students often struggled to understand the mathematical
ideas embedded in Al-generated content. Teachers reported that these outputs required
substantial revision to align with curricular goals and student learning levels, further
highlighting LLMs’ inability to provide personalized support ([46]).

These limitations underscore the indispensable role of human educators in mathematics
education. While Al tools can assist by automating routine tasks and providing
supplementary resources, they cannot independently fulfill the pedagogical responsibilities
required to foster deep learning, critical thinking, and conceptual mastery. A balanced
integration of Al tools alongside teacher-led guidance is essential to ensure that LLMs

enhance, rather than hinder, the learning process in mathematics classrooms.

4.2 Educator concerns about future LLM use in mathematics classrooms

Beyond concerns about pedagogy and mathematical performance, educators are

increasingly apprehensive about the long-term impact of LLMs on both students and
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teachers. Without strong human oversight, these tools risk undermining mathematical
reasoning, widening achievement gaps, and raising new ethical challenges. This section
explores key concerns, including over-reliance on LLMs, limitations in replicating teacher-
led scaffolding, and issues of equity and data ethics, underscoring the need for careful
integration of Al into education.

Over-reliance and the erosion of mathematical thinking

Teachers and empirical studies caution that “instant” explanations can reduce productive
struggle and increase students’ acceptance of superficially plausible but incorrect reasoning.
For example, studies in both secondary and university settings report that students may
treat LLMs’ confirmations as authoritative and fail to detect hallucinated or flawed steps
unless guided to interrogate outputs and refine queries ([58], [130], [66]). This risk appears
especially pronounced for lower-performing learners, potentially amplifying rather than
closing competence gaps ([66]).

Challenges in replicating teacher-led scaffolding with LLMs

Another recurring theme in the literature is educators' apprehension about the potential

replacement of teachers by LLMSs. Surveys conducted in Germany ([3]) and the Philippines

([83]) revealed that while most educators appreciated the speed and efficiency of LLMs,

they strongly rejected the idea that chatbots could replicate critical pedagogical functions,

such as diagnostic questioning, formative feedback, and social-emotional support.

Teachers emphasized that LLMs currently lack the capacity to:

1) Tailor prompts to individual learning styles (personalization gap; [83]).

2) Diagnose the underlying misconceptions behind incorrect answers (as seen in
geometry tasks; [35]).

3) Provide adaptive follow-up questions calibrated to students’ cognitive demands
([117]).

These findings underscore the indispensable role of teachers in providing nuanced, human-

centered scaffolding that LLMSs are currently incapable of replicating.

Ensuring equitable access to reliable LLM tools

Equity and ethical considerations present significant challenges to the integration of LLMs
in mathematics classrooms, particularly in under-resourced regions. Limited infrastructure,
including low bandwidth, device shortages, and restrictive data-privacy regulations,
continues to hinder the adoption of these tools ([58]). These barriers disproportionately
affect underserved communities, potentially exacerbating existing inequities in education.
Even in well-resourced environments, concerns about biases in training data, opaque
citation practices, and the potential for hallucinated content highlight the challenges of

creating equitable access to reliable Al tools. These issues are particularly problematic in
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under-resourced regions, where fewer safeguards exist to verify Al outputs in high-stakes
educational scenarios, further exacerbating disparities in education.

5. How do LLMs perform on mathematical tasks across different difficulty levels?

In the previous section, we explored how mathematical performance has emerged as a
critical concern in the literature, with studies consistently reporting that LLMs, including
ChatGPT, often produce fluent yet incorrect reasoning across various mathematical tasks.
For instance, errors have been frequently observed in geometry, algebra, and derivative
problems ([35], [130]). Recognizing the importance of these challenges, this section delves
deeper into the performance of LLMs on mathematical tasks of varying complexity. The
analysis builds on findings from studies categorized under label topics 2 and 4, leveraging
widely referenced datasets such as GSM8K, SVAMP, and MATH to provide a
comprehensive evaluation.

1) GSMB8K: Developed by Cobbe et al. (2021), this dataset contains 8,500 grade-school
math word problems (7,500 for training and 1,000 for testing). It evaluates LLMSs'
mathematical reasoning capabilities through problems requiring 2 to 8 steps, mainly
focusing on basic arithmetic.

2) SVAMP: Introduced by Patel et al. (2021), SVAMP includes 1,000 elementary-level
arithmetic word problems for grades four and below. These problems, based on
variations of the ASDiv-A dataset, test LLMs' reasoning, robustness, and ability to
handle structural invariance beyond pattern recognition.

3) MATH: Created by Hendrycks et al. (2021), this dataset comprises 12,500 advanced
competition-level problems (7,500 for training and 5,000 for testing) from contests
like AMC 8, AMC 10, AMC 12, and AIME. Covering seven subjects (e.g., Prealgebra,
Geometry, Number Theory), the problems require advanced reasoning and include
step-by-step solutions.

The figures (5-7) and tables (8-10) below summarize benchmarks from studies that used

these datasets to evaluate LLMs. While researchers often rename models after fine-tuning

or modifications, we recorded only the best-performing models in each study, grouped by
the foundational LLMs on which they were based.
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Figure 5

Scatter plot of the GSM8K benchmark
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Table 8
GSM8K benchmark
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Article ID Model GSMB8K Score Date
82 Codex 76.6 2023/01
79 GPT-3 62.4 2023/02
28 Codex 63.1 2023/04
41 Codex 82.9 2023/05
101 GPT-3 59.3 2023/05
73 GPT-3.5-turbo 88.9 2023/09
24 GPT-4 89.9 2023/10
108 LlaMA-33B 51.6 2023/12
77 GPT-4 93.3 2023/12
100 GPT-3.5-turbo 83.3 2023/12
96 LLaMa-2 (70B) 88.3 2023/12
45 GPT-3.5 79.4 2024/01
85 LlaMA-2 (70B) 76.9 2024/01
88 LLaMa-2 (70B) 83.9 2024/01
94 LLaMa-2 (70B) 82.3 2024/01
112 GPT-4 88.1 2024/01
113 GPT-4 Code Interpreter 97.0 2024/01
128 LLaMa-2 (70B) 84.3 2024/01
68 text-davinci-003 (175B) 73.6 2024/03
86 GPT-3.5-turbo 84.0 2024/05
14 Mistral (7B) 70.2 2024/06
93 GPT-3.5-turbo 77.0 2024/06
110 LLaMa-2 (70B) 65.3 2024/06
106 Qwen2.5-Math-7B-Instruct 97.9 2024/09
98 Llama3.1-70B 96.0 2024/10
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Figure 6
Scatter plot of SVAMP benchmark
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Table 9
SVAMP benchmark
Article ID Model SVAMP Date
119 GPT-3 72.0 2022/09
82 Codex 80.3 2023/01
28 PaLM (540B) 79.0 2023/04
101 GPT-3 80.3 2023/05
44 GPT-3.5-turbo 83.7 2023/07
107 GPT-3 74.0 2023/08
73 GPT-3.5-turbo 89.9 2023/09
10 ChatGPT 64.0 2023/10
77 GPT-4 91.6 2023/12
100 GPT-3.5-turbo 83.6 2023/12
85 CodellaMA (34B) 84.3 2024/01
88 LlaMA-2 (70B) 84.9 2024/01
128 LlaMA-2 (70B) 82.7 2024/01
50 RoBERTa Large (355 M) 43.4 2024/02
68 text-davinci-003 86.2 2024/03

110 LlaMA-2 (70B) 71.1 2024/06
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Figure 7

Scatter plot of math benchmark
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Table 10
Math benchmark
Model Math Date
73 GPT-3.5 turbo 47.7 2023/09
31 ChatGPT 39.4 2023/12
43 ChatGPT 59.7 2023/12
123 GPT-3 11.7 2023/12
9 Llama-2 (70B) 345 2023/12
45 GPT-3.5 68.2 2024/01
69 GPT-4 78.2 2024/01
81 CodellaMA (34B) 43.6 2024/01
88 CodelLlaMA (34B) 45.2 2024/01
94 LLaMa-2 (70B) 26.6 2024/01
112 GPT-4 51.3 2024/01
113 GPT-4 Code Interpreter 84.3 2024/01
128 CodellaMA (34B) 50.6 2024/01
129 GPT-4 59.0 2024/01
93 GPT-3.5 turbo 47.6 2024/06
84 GPT-4 Turbo 87.9 2024/09
106 Qwen2.5-Math-72B-Instruct 92.9 2024/09
98 Llama3.1-70B 79.6 2024/10
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Primary and secondary-level mathematics

Large Language Models have demonstrated remarkable progress in primary and
secondary-level mathematics, achieving high accuracy on benchmark datasets. For
example, by Q2 of 2023, most LLMs scored above 80% on datasets like GSM8K and
SVAMP, with top-performing models exceeding 90%. This strong performance
underscores the increasing sophistication of LLMs in handling foundational mathematical
tasks. However, performance on more challenging datasets, such as MATH, has been more
variable. While models like GPT-4 achieved satisfactory result

s early on, many earlier or smaller models struggled to handle competition-level math
questions effectively.

Notably, the introduction of the GPT-4 Code Interpreter, an extension of GPT-4 with
coding functionalities, marked a significant leap in LLMs’ performance. For instance, this
model scored an impressive 97% on GSM8K and 84% on the MATH dataset ([113]). By
Q4 of 2024, newer models such as GPT-4 Turbo ([84]), Llama-3.1 ([98]), and Qwen2.5
([106]) further demonstrated substantial advancements across benchmarks, highlighting
the rapid evolution of LLMs’ capabilities in mathematics. These results set the stage for
examining their performance on more advanced, college-level mathematical tasks.

College-level mathematics

While LLMs have shown strong performance in primary and secondary-level mathematics,
their results in college-level mathematics have been more varied. Studies indicate that as
the complexity of mathematical tasks increases, the accuracy of LLMs tends to decline.
For example, the GPT-4 Code Interpreter achieved an overall accuracy of 85.32% on the
MMLU dataset, which spans 54 subjects, but its performance dropped to 70-80% in areas
such as college mathematics and abstract algebra ([113]). Earlier models, such as GPT-3.5-
turbo and LLaMA-2, performed even less effectively, scoring 69.5% and 56.7%,
respectively ([93], [85]).

However, more recent models have shown significant promise in addressing these
challenges. For instance, Qwen2.5-Math-72B-Instruct ([106]) achieved over 90% accuracy
on the MMLU-STEM dataset, demonstrating notable improvements in tackling advanced
mathematical tasks. These developments highlight the growing potential of LLMs in
higher-level mathematics, even as limitations persist in certain domains. To further
understand the scope of these challenges, it is important to consider how language

influences LLMs’ performance on mathematical tasks.

6. The language used in mathematical questions poses a potential limitation

The performance of LLMs on mathematical tasks is often influenced by the language in

which the questions are presented. Most studies evaluating LLMs” performance focus on
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English-language datasets, as English dominates the training corpora of these models.
However, this linguistic bias introduces significant disparities when testing LLMs on non-
English languages, particularly low-resource ones. For example, models such as GPT-3.5,
GPT-4, and Bard frequently produced incorrect answers to non-English mathematical
questions, often due to errors in reasoning, conceptual understanding, or problem
construction.

A study ([42]) assessing LLMs’ performance on Chinese high school conic section
problems using the CONIC10K dataset illustrates this challenge. While models
demonstrated adequate comprehension in semantic parsing tasks, they struggled with
mathematical question answering (mathQA). Even GPT-4, the best-performing model,
achieved only 15.5% accuracy using zero-shot chain-of-thought prompting under human
evaluation. Translating the problems into English modestly improved GPT-4’s accuracy to
26.0%, but this remained significantly below the 57.5% accuracy achieved by human
experts. Researchers attributed this poor performance primarily to reasoning limitations
rather than linguistic barriers, underscoring the challenges LLMs face in non-English
domains.

Despite these challenges, recent advancements in multilingual capabilities have shown
promise. As highlighted in OpenAlI’s technical report (2023), GPT-4 achieved competitive
multilingual performance on the MMLU benchmark, a dataset comprising 57 subjects
translated into 26 languages. In English, GPT-4 scored 86.4% accuracy, and in high-
resource languages such as Spanish, French, and German, accuracy exceeded 85%.
Furthermore, GPT-4 performed well in low-resource languages, achieving 80.1% in
Latvian, 80.0% in Welsh, and 79.9% in Swabhili. These results mark a significant milestone
in addressing the linguistic limitations of earlier models, narrowing the performance gap
between English and other languages.

The improvements in multilingual performance can be attributed to GPT-4’s enhanced
training methodologies, which likely incorporate more diverse and representative
multilingual datasets. However, challenges remain, particularly with low-resource and
morphologically rich languages. Nonetheless, these advancements represent a critical step
toward developing globally inclusive Al systems that address linguistic and mathematical
disparities.

7. Remediation techniques for improving mathematical performance

Across the reviewed studies, remediation techniques (e.g., prompt engineering, fine-tuning,
and external tool integration) consistently boost the accuracy of LLMs on mathematical
benchmarks. Beyond higher scores, these gains often reflect improved solution reliability:
reduced arithmetic errors and fewer hallucinated intermediate steps or unjustified
conclusions due to self-verification and tool-assisted checking. In an ITS framing,

improving reliability is consequential because it reduces measurement noise in both (i) the
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expert model layer (e.g., generating correct solution paths, verifying steps, and selecting
strategies) and (ii) the student-model/overlay layer, where the system attempts to infer
which knowledge components are mastered or missing. When the LLMs are less prone to
random slips or hallucinations, incorrect outputs are more likely to reflect genuine gaps in
comprehension, representation, or strategy selection, supporting more trustworthy
diagnosis and, in turn, more targeted scaffolding.

To provide a comprehensive overview, Table 11 summarizes the remediation techniques
employed across the reviewed articles, while Table 12 highlights the top-performing
models ([84], [98], [106], [113]), offering a concise description of the applied techniques
alongside their respective performance improvements.

Table 11

Overview of remediation techniques across studies

ID Prompt engineering Fine-tuning External tool integration

14 v
21 v
28
31
41

43

AR NI N NN

45
50 4
52
68
73

A SERNEER NN

79
81 4
82 4
84 4

85 v
88

92 4

SRR NERN

93 v

94 4
95 v v
9 4

98 4

100 4 4
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<

101

<

104
106 v v
107
108
110
112
113
115
119
123
128

NN N N N W R N N

129
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Table 12

Page 33 of 51

Top-performing models, remediation techniques, and performance improvements

Model

Remediation

techniques

Key features

Performance

GPT-4 Turbo ([84])

OpenMathinstruct-
2([e8])

GPT-4 Code
Interpreter ([113])

Qwen2.5-Math
([106])

e Role-Based
Prompting

e Concise Chain-of-
Thought (CoT)
Reasoning,

e Pre-Training with
Synthetic Data

e Zero-Shot Code-
Based Self-
Verification (CSV)

e Python
Integration for
Code-Based
Verification

e Tool-Integrated
Reasoning
Prompts

e Pre-Training with
High-Quality
Datasets

e Supervised Fine-
Tuning (SFT)

e Python
Integration

Utilizes a multi-agent
system with Thinker,
Judge, and Executor roles
to iteratively refine tasks
and eliminate logical
errors.

Introduces 40% shorter
CoT formats to reduce
verbosity, pre-trains on
14M diverse question-
solution pairs with
synthetic augmentation
and uses reward models
with Group Relative
Policy Optimization
(GRPO) for iterative
refinement.

Dynamically generates
and verifies solutions
using Python code,
iteratively adjusts
reasoning when flagged
during self-verification,
and integrates external
tools for enhanced
computational accuracy.
Embeds Python-based
reasoning prompts to
offload computations,
pre-trains on 1T tokens
(Qwen Math Corpus v2)
with symbolic reasoning
tasks, fine-tunes on 2.5M
CoT problems and 395K
Tool-Integrated
Reasoning samples, and
leverages Python
interpreters for symbolic
reasoning and
computation.

Improves GPT-4
Turbo’s accuracy
on MATH dataset
from 72.78% to
87.92%
(+15.14%)
Achieves +15.9%
accuracy on
MATH (51.9% -
67.8%) and
+10.5%
improvement
through synthetic
data.

Improves MATH
dataset accuracy
from 53.9% to
84.3% (+30.4%)
by leveraging
code-based
verification and
self-debugging.

Achieves 91.6%
on GSM8K, 67.8%
on MATH, and
near-perfect
accuracy on AMC
2023 (solving
39/40 problems
in TIR mode).

These gains are promising for instructional settings because they improve the model’s

accuracy and reliability in solving mathematics problems. That said, higher accuracy alone

does not guarantee misconception diagnosis; 1TS-aligned use requires that remediation

pipelines also elicit interpretable intermediate representations (e.g., problem parsing,

variable definitions, and strategy justification) so the overlay model can distinguish

conceptual errors from execution failures. To connect these gains to ITS use, we organize

remediation techniques by the primary lever they modify: (1) inference-time guidance that

can elicit interpretable intermediate representations (prompt engineering), (2) parameter-
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level adaptation that improves consistency and domain alignment (fine-tuning), and (3)
execution-time verification that reduces arithmetic and symbolic slips (external tool
integration).
Conclusion

This systematic review synthesizes recent research on Large Language Models in
mathematics education across four themes: (1) assessing mathematical performance, (2)
supporting teaching and learning, (3) automating educational tasks, and (4) mathematical
word problems. Overall, LLMs perform well on many primary and secondary tasks,
especially when supported by fine-tuning, prompting strategies, or external tools. However,
reliability drops as problems require abstract reasoning, multi-step planning, or domain-
specific formalisms (e.g., calculus, symbolic manipulation, and spatial reasoning).

Across educational practice, LLMs are most mature as assistive tools: they can draft
lesson materials, generate practice items, summarize student work, and provide preliminary
feedback, which may reduce teacher workload. They also show promise for pre-service
teacher education and professional development through coaching and simulation activities.
However, these uses require human oversight to ensure mathematical correctness,
curricular alignment, and pedagogical appropriateness.

Hallucinations remain a key limitation, uneven performance across languages and
contexts, limited pedagogical awareness, and risks of over-reliance that may weaken
students’ independent reasoning and problem-solving. Emerging agentic systems may
increase convenience by automating multi-step tasks, but they also heighten concerns about
authority, accountability, and the preservation of core mathematical practices.

Future work should prioritize improving robustness and verifiability, developing
pedagogy-aware designs that support learning rather than answer substitution, and
addressing equity, privacy, and access, particularly in under-resourced settings and diverse
linguistic and cultural contexts. With careful governance and human-centered integration,
LLMs can expand scalable support in mathematics education while complementing, not

replacing, teacher expertise and students’ development of mathematical thinking.
Limitations

This review has several limitations. The rapid pace of advancements in artificial
intelligence and large language models makes it challenging to capture all developments
in mathematical performance and educational applications, as new models and updates are
introduced faster than academic studies can evaluate them. Additionally, most studies
reviewed focus on short-term outcomes, leaving gaps in understanding the long-term
effects of LLMs on foundational skills and educational practices. The review also has a
linguistic bias, prioritizing studies published in English and datasets in English, which

limits insights into LLMs’ performance in non-English or low-resource languages.
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Furthermore, the benchmarks used, such as GSM8K, SVAMP, and MATH, may not fully
represent the diversity of mathematical problems encountered in real-world classrooms,
and many studies lack detailed pedagogical context, offering limited guidance on how
LLMs integrate into teaching strategies and curricula. Lastly, there is limited exploration
of how educators and LLMs can collaborate effectively, including teacher training and user

trust, which are critical for successful implementation.

Appendix A
Table 13
List of articles assigned after refining BERTopics results
i In-text Assigned
ID
Article Citation Topic
1 A Case Study Using Large Language Models to Generate Metadata for Math (Bainbridge )
Questions etal., 2023)
P Al Chatbots as Math Algorithm Problem Solvers: A Critical Evaluation of Its (Dahal et 0
Capabilities and Limitation al., 2023)
3 Al in STEM education: The relationship between teacher perceptions and (Beege et 0
ChatGPT use al., 2024)
4 Al to the rescue: Exploring the potential of ChatGPT as a teacher ally for (Hashem et 0
workload relief and burnout prevention al., 2024)
5 Al-Based Mathematics Learning Platforms in Undergraduate Engineering (Vintere et 0
Studies: Analysis of User Experience al., 2024)
McNichols
. o (
Algebra Error Classification with Large Language Models etal, 2023) 2
. ) . . (Urhan et
7 An argumentation experience regarding concepts of calculus with ChatGPT al,, 2024) 0
e . o . ] . (Korkmaz
An artificial intelligence application in mathematics education: Evaluating
8 : > ) : : Guler et al., 0
ChatGPT's academic achievement in a mathematics exam 2024)
9 An Independent Evaluation of ChatGPT on Mathematical Word Problems (Shakarian 3
(MwP) etal., 2023)
10 | Analyzing ChatGPT's Mathematical Deficiencies: Insights and Contributions (Cheng & 3
yzing Finsig Zhang, 2023)
11 Analyzing Student Attention and Acceptance of Conversational Al for Math (Lietal., 0
Learning: Insights from a Randomized Controlled Trial 2024)
Applications of Artificial Intelligence and Their Relationship to Spatial (Elsayed
12 | Thinking and Academic Emotions Towards Mathematics: Perspectives from 2023y) ! 0
Educational Supervisors
13 | Are Lesson Plans Created by ChatGPT More Effective? An Experimental (Karaman & 0
Study Goksu, 2024)
Y tal.,
14 | Arithmetic Reasoning with LLM: Prolog Generation & Permutation ( ;8;3 2 1
15 Artificial Intelligence in Elementary Math Education: Analyzing Impact on (Besli¢ et 0
Students Achievements al., 2024)
Assessing Concepts, Procedures, and Cognitive Demand of ChatGPT- (Sapkota &
16 . Bondurant, 0
generated Mathematical Tasks 2024)
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17 Automated Scoring of Constructed Response Items in Math Assessment (Morris et )
Using Large Language Models al., 2025)
18 Automatic Generation of Socratic Subquestions for Teaching Math Word (Shridhar et )
Problems al., 2022)
19 Automatic Lesson Plan Generation via Large Language Models with Self- (Zheng et )
critique Prompting al., 2024)
. - (Pal
20 ﬁz;(;TL;toramnzeézla_z:;%:ill_:nguage Models: A Language Model Tutor with Rich Chowdhury et )
gosY al,, 2024)
Benchmarking and Improving Generator-Validator Consistency of Language (Lietal.,
21 1
Models 2024)
2 Benchmarking Hallucination in Large Language Models based on (Sunetal., 3
Unanswerable Math Word Problem 2024)
23 Bridging the Novice-Expert Gap via Models of Decision-Making: A Case Study (Wang et 5
on Remediating Math Mistakes al., 2024)
24 Can ChatGPT Defend its Belief in Truth? Evaluating LLM Reasoning via (Wang et 1
Debate al., 2023)
25 Can Generative Al Solve Geometry Problems? Strengths and Weaknesses of (Parraetal., 1
LLMs for Geometric Reasoning in Spanish 2024)
26 Can Large Language Models Generate Middle School Mathematics (Wang et )
Explanations Better Than Human Teachers? al., 2024)
27 Can LLMs Master Math? Investigating Large Language Models on Math Stack (Satpute et 3
Exchange al., 2024)
Wei .
28 | Chain-of-Thought Prompting Elicits Reasoning in Large Language Models ( 23;;; als 1
Chain-of-Thoughts Prompting with Language Models for Accurate Math (Fung,
29 Problem SoIvir? P B8 Wong, & Tan, 0
e 2023)
(Plevris,
30 Chatbots Put to the Test in Math and Logic Problems: A Comparison and Papilz:::egopo 0
Assessment of ChatGPT-3.5. ChatGPT-4, and Google Bard o
Jiménez Rios,
2023)
31 ChatCoT: Tool-Augmented Chain-of-Thought Reasoning on Chat-based (Chen etal., 1
Large Language Models 2023)
Pham V.
32 ChatGPT as a Math Questioner? Evaluating ChatGPT on Generating Pre- Li)nga::alan 5
university Math Questions 2024)
33 ChatGPT in didactical tetrahedron, does it make an exception? A case study (Dasari et 0
in mathematics teaching and learning al., 2024)
34 ChatGPT in education: benefits and challenges of ChatGPT for mathematics (Taani & 0
and science teaching practices Alabidi, 2024).
35 | ChatGPT: A revolutionary tool for teaching and learning mathematics ;?Nazr(')dza;)et 0
, . . . . . . (Udias et al.,
36 ChatGPT’s performance in university admissions tests in mathematics 2024) 0
37 ChatGPT-Based Simulation Helps to Develop the Pre-Service Mathematics (Drushlyak 0
Teachers' Critical Thinking. etal., 2025)
38 ChatGPT-generated help produces learning gains equivalent to human B(hpaar:g;)si & 5
tutor-authored help on mathematics skills 2024) !
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39 Classifying Tutor Discursive Moves at Scale in Mathematics Classrooms with Per(r':g:reiaaﬂ_ )
Large Language Models 2024)
40 Comparing Traditional Instructional Methods to ChatGPT: A Comprehensive (Ramprakas 0
Analysis h et al., 2024)
. . . . (Fuetal.,
41 | Complexity-Based Prompting for Multi-step Reasoning 2023) 1
42 CONIC10K: A Challenging Math Problem Understanding and Reasoning (Wuetal., 1
Dataset 2023)
43 Creator: Tool Creation for Disentangling Abstract and Concrete Reasoning of (Qian et al.,
1
Large Language Models 2023)
a4 Does ChatGPT Comprehend Place Value in Numbers When Solving Math (Anetal., 3
Word Problems? 2023)
45 Don't Trust: Verify- Grounding LLM Quantitative Reasoning with Auto (zhou et al., 1
formalization 2024)
26 Elementary school students’ and teachers’ perceptions toward creative (Song et al., 0
mathematical writing with Generative Al 2025)
Al
47 Empowering mathematics teacher educators: Exploring Artificial M(auiatzald;, 0
Intelligence-driven mathematical tasks Atabas, 2025)
(Rizos,
48 Enhancing mathematics education for students with special educational Foykas, & 0
needs through generative Al: A case study in Greece Georgakopoul
0s, 2024)
(Martinez-
49 Enhancing mathematics education through Al Chatbots in a Flipped Learning Téllez & 0
Environment Camacho-
Zuiiiga, 2023)
50 Enhancing numerical reasoning performance by augmenting distractor (Hwang et 1
numerical values al., 2024)
(Santandreu
. . . Calonge,
51 Enough of the chit-chat: A comparative analysis of four Al chatbots for Smail. & 0
calculus and statistics /
Kamalov,
2023)
57 Evaluating and Improving Tool-Augmented Computation-Intensive Math (zhang et 1
Reasoning al., 2023)
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(Rigaud Téllez,
Rayén Villela,
53 Evaluating ChatGPT-Generated Linear Algebra Formative Assessments & Blanco 2
Bautista,
2024)
. . . . (Collins et
54 Evaluating language models for mathematics through interactions al,, 2024) 2
Evaluating Mathematical Problem-Solving Abilities of Generative Al
55 Models: Performance Analysis of o1l-preview and gpt-4o Using the (Oh, 2025) 0
Korean College Scholastic Ability Test
. . (He, He,
Evaluation of Large Scale Language Models on Solving Math Word
56 Problems with Difficulty Gradin Gao, & Sun, 3
¥ s 2023)
57 Examining Mathematics Teachers Noticing the Rationality: Scenario- (Galig et al., 0
Based Training with Al Chatbot 2025)
Exploring the Integration of Artificial Intelligence-Based ChatGPT into (Egara &
58 Mathematics Instruction: Perceptions, Challenges, and Implications for Mosimege, 0
Educators 2024)
59 Exploring Automated Distractor Generation for Math Multiple-choice (Feng et al., )
Questions via Large Language Models 2024)
60 Exploring Mathematics Teacher Candidates' Instrumentation Process of (Tapan 0
Generative Artificial Intelligence for Developing Lesson Plans Broutin, 2024)
61 Exploring Pre-Service Teachers' Perceptions of Large Language Models- (Gattupalli et )
Generated Hints in Online Mathematics Learning al., 2023)
Exploring the integration of artificial intelligence in math education: .
. ) . . ; (Kim, Park, &
62 Preservice Teachers’ experiences and reflections on problem-posing Joung, 2025) 0
activities with ChatGPT &
(Koceski,
Koceska,
. . . . Koceva
Exploring the performance of ChatGPT for numerical solution of ordinary
63 differential equations Lazarova, 0
qu ) Miteva, &
Zlatanovska,
2025)
Pal ,
64 Flipped dialogic learning method with ChatGPT: A case study ( Zaovzc;v)a 0
65 Fostering problem solving and critical thinking in mathematics through (Barana et al., 0
generative artificial intelligence 2023)
From Helping Hand to Stumbling Block: The ChatGPT Paradox in (Kim & Moon,
66 . 0
Competency Experiment 2024)
67 From Large to Tiny: Distilling and Refining Mathematical Expertise for (Lin etal., 1
Math Word Problems with Weakly Supervision 2024)
Wu et al.,
68 Get an A in Math: Progressive Rectification Prompting ( 2u024) 1
(zhang &
69 GOLD: Geometry Problem Solver with Natural Language Description Moshfeghi, -1
2024)
70 Improving mathematics assessment readability: Do large language (Patel et al., 5
models help? 2023)
] . . . (Upadhyay et
71 Improving Mathematics Tutoring With A Code Scratchpad al,, 2023) 2
. . . . (Lin &
72 Inclusive Education in Rural Settings: Leveraging Technology for Riccomini 0
Improved Math Learning Outcomes Among Students With Disabilities 2025) !
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Instructing Large Language Models to Identify and Ignore Irrelevant (Wu, Shen, &

73 L . 1
Conditions Jiang, 2024)
Integrating peer assessment cycle into ChatGPT for STEM education: A

. ) . . (Wuetal.,

74 randomised controlled trial on knowledge, skills, and attitudes 2025) 0
enhancement
Integration of ChatGPT in mathematical story-focused 5E lesson .

7> planning: Teachers and pre-service teachers' interactions with ChatGPT (simsek, 2025) 0

76 Is ChatGPT a Good Teacher Coach? Measuring Zero-Shot Performance I()\fevri:i& 0
For Scoring and Providing Actionable Insights on Classroom Instruction 2023)y'

. . . (Kim et al.,
77 It Ain't Over: A Multi-aspect Diverse Math Word Problem Dataset 2023) 3
(Matzakos,

78 Learning Mathematics with Large Language Models: A Comparative Doukakis, & 0
Study with Computer Algebra System Moundridou,

2023)
Least-to-most Prompting Enables Complex Reasoning in Large Language (Zhou et al.,

79 1
Models 2023)

30 Let GPT be a Math Tutor: Teaching Math Word Problem Solvers with (Liang et al., )
Customized Exercise Generation 2023)

, . (Lightman et

81 Let's Verify Step by Step al,, 2024) 1
Leveraging Training Data in Few-Shot Prompting for Numerical (Jie & Lu,

82 > 1
Reasoning 2023)

83 Levering Al to enhance students' conceptual understanding and (Canonigo, 0
confidence in mathematics 2024)

84 MACM: Utilizing a Multi-Agent System for Condition Mining in Solving (Leietal., 1
Complex Mathematical Problems 2024)

85 MAMMOTH: Building Math Generalist Models Through Hybrid (Yue et al., 1
Instruction Tuning 2024)

Math Problem Solving : Enhancing Large Language Models with .

86 Semantically Rich Symbolic Variables (Narin, 2024) !

87 MathAttack: Attacking Large Language Models towards Math Solving (Zhou et al., 1
Ability 2024)

88 MathCoder: Seamless Code Integration in LLMs for Enhanced (Wang et al., 1
Mathematical Reasoning 2024)

Frieder et al.,

89 Mathematical Capabilities of ChatGPT ( ”ezgzr;) 2 1

90 Mathematical Modelling Abilities of Artificial Intelligence Tools: The Case (Spreitzer et 0
of ChatGPT al., 2024)

91 Math-LLMs: Al Cyberinfrastructure with Pre-trained Transformers for (zhang et al., 1
Math Education 2025)

(Imani, Du, &
92 MathPrompter: Mathematical Reasoning using Large Language Models Shrivastava, 1
2023)

93 MATHSENSEI: A Tool-Augmented Large Language Model for (Das et al., 1
Mathematical Reasoning 2024)

91 MetaMath: Bootstrap Your Own Mathematical Questions for Large (Yuetal., 1
Language Models 2024)

95 Multi-tool Integration Application for Math Reasoning Using Large (Duan & 1
Language Model Wang, 2024)

9% MuMath: Multi-perspective Data Augmentation for Mathematical (You et al,, 1
Reasoning in Large Language Models 2024)

. L (Botana et
97 On Using GeoGebra and ChatGPT for Geometric Discovery al,, 2024) -1
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98 OpenMathinstruct-2: Accelerating Al for Math (Toshniwal 1
with Massive Open-Source Instruction Data etal., 2024)
. . (Chiang &
99 Over-Reasoning and Redundant Calculation of Large Language Models Lee, 2024) 1
100 Plan, Verify and Switch: Integrated Reasoning with Diverse X-of- (Liu et al., 1
Thoughts 2023)
101 Plan-and-Solve Prompting: Improving Zero-Shot Chain-of-Thought (Wang et al., 1
Reasoning by Large Language Models 2023)
102 Pre-service teachers and ChatGPT in multistrategy problem-solving: (Getenet, 0
implications for mathematics teaching in primary schools 2024)
Prof Pi: Tutoring Mathematics in Arabic Language using GPT-4 and (Butgereit
103 0
Whatsapp etal., 2023)
104 Prompt Incorporates Math Knowledge to Improve Efficiency and Quality (Wu & Yu, 1
of Large Language Models to Translate Math Word Problems 2023)
105 Prompt the problem - investigating the mathematics educational quality (Schorcht et )
of Al- supported problem solving by comparing prompt techniques al., 2024)
106 QWEN2.5-MATH TECHNICAL REPORT: (Yang et al., 1
TOWARD MATHEMATICAL EXPERT MODEL VIA SELFIMPROVEMENT 2024)
107 Reasoning in Large Language Models Through Symbolic Math Word (Gaur & 1
Problems Saunshi, 2023)
. . . . . (Hao et al.,
108 Reasoning with Language Model is Planning with World Model 2023) 1
Reshaping Math ics Instruction Via | f Al Ch
109 eshaping Ma erjnatncs ns rL-IC jon Via Impact o atbots on (Luzano, 2024) 0
Secondary Education Pre-service Teachers
110 RESPROMPT: Residual Connection Prompting Advances Multi-Step (Jiang et al., 1
Reasoning in Large Language Models 2024)
Rewriting Content with GPT-4 to Support Emerging Readers in Adaptive (Norberg et
111 . 2
Mathematics Software al., 2025)
SelfCheck: Using LLMs to Zero-Shot Check Their Own Step-By-Step (Miao et al.,
112 R 1
Reasoning 2024)
113 Solving Challenging Math Word Problems Using GPT-4 Code Interpreter (zhou et al., 1
with Code-Based Self-Verification 2024)
114 Solving the Self-regulated Learning Problem: Exploring the Performance (Lietal., 0
of ChatGPT in Mathematics 2023)
Specialized Mathematical Solving by a Step-By-Step Expression Chain (Zhang et
115 R 1
Generation al., 2024)
116 Students' use of generative artificial intelligence for proving (Yoon et al., 0
mathematical statements 2024)
117 Students’ perceived roles, opportunities, and challenges of a generative (Song et al., 0
Al-powered teachable agent: a case of middle school math class 2024)
Supporting Teachers' Professional Development With Generative Al: The (Luetal.,
118 ) - ) 0
Effects on Higher Order Thinking and Self-Efficacy 2024)
. . . (Gaur &
11 L 1
9 Symbolic Math Reasoning with Language Models Saunshi, 2022)
Teaching Language Models to Self-Improve through Interactive (Yuetal.,
120 . -1
Demonstrations 2024)
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121 Teaching Plan Generation and Evaluation With GPT-4: Unleashing the (Huetal., )
Potential of LLM in Instructional Design 2024)
122 Teaching the Specialized Language of Mathematics with a Data-Driven (Fissore et 0
Approach: What Data Do We Use? al., 2025)
The Art of Socratic Questioning: Recursive Thinking with Large Language (Qietal,
123 1
Models 2023)
124 The comparison of general tips for mathematical problem solving (Jiaetal., 5
generated by generative Al with those generated by human teachers 2024)
125 The Content.A-naIy5|s of the Lesson Plans Created by ChatGPT and (Baytak, 2024) 0
Google Gemini
126 The impact of ChatGPT-based learning statistics on undergraduates' (Wahba et 0
statistical reasoning and attitudes toward statistics al., 2024)
The Students' Mathematics Self-Regulated Learning and Mathematics .
. . (Delima et al.,
127 Anxiety Based on The Use of ChatGPT, Music, Study Program, and 0
. ) 2024)
Academic Achievement
TORA: A Tool-Integrated Reasoning Agent for Mathematical Problem (Gou et al.,
128 ' !
Solving 2024)
. . T (Dunn &
Transforming Generative Large Language Models' Limitations into Hashemi
129 Strengths using Gestalt: A Synergetic Approach to Mathematical Tonekaboni 1
Problem-Solving with Computational Engines ’
2024)
130 Updating Calculus Teaching with Al: A Classroom Experience (Torres-Pefia 0
pdating J : P et al., 2024)
Use of Language By generative Al Tools in Mathematical Problem (-Dah-er &
131 Solving: The Case of ChatGPT Gierdien, 0
& 2024)
132 Using ChatGPT for the Development of Critical Thinking in Youth: (Drushlyak 0
Example of Inequality Proof etal., 2024)
(Mansouri &
133 Using Large Language Models for Math Information Retrieval Maarefdoust, 3
2024)
134 Using Large Language Models to Automate Annotation and Part-of-Math (Shan & 5
Tagging of Math Equations Youssef, 2024)
Using Large Language Models to Diagnose Math Problem-solving Skills at (Jinetal,
135 2
Scale 2024)
(Srivatsa &
136 What Make Math Word Problems Challenging for LLMs? Kochmar, 3
2024)
137 Who's the Best Detective? Large Language Models vs. Traditional (Urrutia & 5
Machine Learning in Detecting Incoherent Fourth Grade Math Answers Araya, 2024)
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Appendix B

The final model was selected after a 100-run random search in which we varied the three
main UMAP hyper-parameters inside the ranges. For every run we recorded topic-
coherence, number of topics, and outlier rate; the configuration shown in Table 14 gave
the best trade-off between coherence and cluster interpretability.

Table 14
Detail of Configuration 4

Functions
Parameter Value

Controls the size of the local neighborhood considered when building the
n_neighbors 6 manifold in UMAP. Smaller values lead to finer-grained clusters, potentially
increasing the number of clusters.

Determines the target dimensionality of the UMAP-reduced embedding passed

n_components 10 to HDBSCAN and PCA. Higher dimensions retain more semantic information but
slow down clustering and complicate visualization.

Sets the minimum allowed distance between two embedded points in UMAP.

min_dist 0.0857 Controls cluster compactness: smaller values create tighter, denser clusters,
while larger values result in more spread-out clusters.
Result Interpretation
Coherence 0.4527 c-TF-IDF coherence of the final model. A score closer to 1 indicates better
Score i coherence (0 = poor, 1 = perfect).
Outlier 12.6437 Share of documents labelled as noise (topic = -1) by HDBSCAN before manual
Percentage reassignment.
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