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Abstract

The emergence of generative artificial intelligence (GenAl), in particular large language
models (LLMSs), is reshaping mathematics education by offering new forms of tutoring,
feedback, problem generation, and personalized learning. This systematic review, following
the PRISMA methodology, synthesizes empirical studies published from 2020 to 2025 that
examine the application of GenAl in mathematics learning at secondary and tertiary levels.
From an initial yield of 68 records across multiple databases, 32 were retained after screening
and quality assessment, with 22 meeting criteria for detailed synthesis. The review finds that
GenAl tools can significantly support mathematical problem solving, provide timely feedback,
adapt instruction to learner needs, and increase accessibility. However, issues of output
correctness, over-reliance, reduced deep reasoning, academic integrity, and limited long-term
evidence remain. The paper concludes with recommendations for pedagogical integration,
teacher training, assessment redesign, and future research directions.
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Introduction

Artificial intelligence has rapidly evolved in recent years, shifting from data analysis tools to
generative Al technologies capable of producing text, code, images, and more (Bommasani et
al., 2021; Kasneci et al., 2023a). Large language models (LLMs) like OpenAl's GPT-4,
Google’s Gemini, and Anthropic’s Claude leverage deep neural networks trained on vast
datasets to generate coherent responses (Brown et al., 2020). These systems, including domain-
specific and multimodal models, have notably impacted educational settings by enabling
personalized, adaptive interactions that respond to learners’ needs. In mathematics education,
GenAl tools such as ChatGPT, Microsoft Copilot, Google Gemini, and Wolfram Alpha provide
on-demand support, guiding students through concepts, offering visual explanations, and
helping identify errors, transforming study practices and facilitating both procedural and
conceptual understanding.

This transition, however, prompts concerns about learning, assessment, and academic integrity
as automated systems can generate solutions instantly, potentially changing traditional views
on effort and competence (Bastani et al., 2024a; Frieder et al., 2023; Kasneci et al., 2023b).
Research indicates GenAl can boost engagement and performance (Bauer et al., 2025; Menlah
& Boateng, 2025), but unstructured or excessive use may undermine independent reasoning
and durable mathematical competence. Prior studies and reviews are fragmented and
methodologically diverse, making it difficult to synthesize the impact on mathematical thinking
and instruction. Therefore, this review applies PRISMA procedures to consolidate evidence
from peer-reviewed research (2020-2025) on LLM-based tools in secondary and tertiary
mathematics education, distinguishing supported benefits from speculative claims and
highlighting areas where evidence remains limited, such as fairness and long-term
effectiveness.

Theoretical Framework

This section positions the review within (a) foundational scholarship on generative Al and large
language models, (b) learning sciences construct that explain how GenAl may influence
mathematics learning, and (c) systematic review methodology using the PRISMA (Preferred
Reporting Items for Systematic Reviews and Meta-Analyses) approach (Page et al., 2021).

Generative Al and Large Language Models as Foundation Models

Generative artificial intelligence (GenAl) refers to models that create new artifacts such as text,
code, images, and worked solutions, rather than simply classifying or predicting based on
existing data. In education, large language models (LLMs) dominate, generating natural
language by learning statistical patterns from extensive datasets. These LLMs, known as
“foundation models,” are trained at scale and adapted for tasks like tutoring and feedback
(Bommasani et al., 2021). Their few-shot abilities allow them to perform educational tasks
from prompts with little training (Brown et al., 2020), making them well suited for simulating
tutoring, explanation, and assessment support through scalable dialogic interaction (Kasneci et
al., 2023a).

GenAl in Mathematics Education

Theoretical accounts highlight that LLMs can generate explanations, strategies, prompts, and
feedback to support learning, but they also risk producing incorrect or misleading reasoning.
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These models are reliable for factual retrieval and some undergraduate tasks, but less so for
advanced reasoning, where errors may look plausible to beginners (Frieder et al., 2023).
Validity in mathematics depends on correct steps, not just answers. The educational value of
LLMs depends on how they are used and supervised, as accuracy issues and misuse are closely
tied to their benefits (Kasneci et al., 2023b).

GenAl connects with theories of feedback, cognitive load, and engagement. Feedback is most
helpful when it clarifies goals and supports thinking, not just answers (Hattie & Timperley,
2007). Al can provide timely, personalized feedback, but incorrect or unexplained feedback
can hinder understanding. Cognitive Load Theory shows GenAl can reduce unnecessary load
by clarifying language and structuring steps, but may harm learning if it replaces students’
reasoning (Sweller, 2011). Engagement frameworks like ICAP show GenAl is best for learning
when students evaluate and revise Al outputs, not just copy them (Chi & Wylie, 2014).

GenAl impacts assessment, equity, and responsible use. It allows instant solutions, which can
disconnect student effort from competence. Unrestricted access can boost short-term
performance but harm long-term learning, while guided designs help avoid this (Bastani et al.,
2024b). GenAl can improve accessibility through personalized explanations and language
support, but equity depends on access and governance. Responsible use requires oversight,
assessment redesign, and policies that protect learners (UNESCO, 2023).

Systematic Review and PRISMA

Given the rapid and varied emergence of evidence on GenAl in mathematics education, this
paper uses a systematic review guided by PRISMA 2020 standards to ensure transparent and
reproducible synthesis. PRISMA structures evidence selection, minimizes bias with explicit
criteria, and limits conclusions to what included studies support, enhancing the review’s
credibility (Page et al., 2021).

Rationale and Research Questions
Rationale

Generative Al's rapid growth offers new possibilities and challenges for mathematics
educators. Ongoing issues like limited individualized support, slow feedback, and difficulty
fostering conceptual understanding persist, especially for students with disabilities and second-
language learners. GenAl can help by personalizing explanations and providing prompt
feedback, potentially reducing some barriers when used thoughtfully, though it won't solve all
structural problems.

Results from the literature are mixed: some studies report better attention, engagement, or
understanding, but outcomes vary widely. Institutional guidance and training often lag
adoption, so educators sometimes improvise. This highlights the need to synthesize empirical
evidence to clarify GenAl's impact on math learning and teaching in real classrooms.

Research Questions

Based on the current state of the field, this study investigates the following research questions:
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RQI1: In what ways has generative Al been utilized to deliver personalized mathematics
tutoring, and what effects does this have on students’ mathematical understanding, problem-
solving performance, and motivation?

RQ2: How do generative Al tools facilitate feedback, error diagnosis, and formative assessment
in mathematics, and to what extent is the feedback generated by large language models
accurate, useful, and pedagogically meaningful?

RQ3: What influence do explanations and solution strategies generated by large language
models have on students’ mathematical reasoning, strategic thinking, and depth of conceptual
understanding?

RQ4: In what ways are generative Al tools being leveraged to support assessment in
mathematics, and what is their impact on assessment validity and student learning outcomes?

RQ5: How does the implementation of generative Al affect accessibility and equity in
mathematics education?

RQ6: What risks, limitations, and ethical considerations have been identified regarding the use
of generative Al in mathematics education, and how do these concerns inform frameworks for
responsible implementation?

Methodology

This systematic review followed PRISMA, which provides a rigorous and transparent
framework for reporting systematic reviews.

Search Strategy

The review searched Scopus, Web of Science, ERIC, and IEEE Xplore as main sources, with
Google Scholar for extra coverage. Search terms combined generative Al (like “GPT-4,”
“ChatGPT,” “LLM,” “generative AI”) and mathematics education (such as “mathematics
education,” “math problem solving”), using Boolean operators to focus on studies linking
GenAl and math teaching or learning. The search included studies from January 2020 onward,
reflecting the rise of modern LLMs in education.

Inclusion and Exclusion Criteria

Studies had to be peer-reviewed articles or conference papers with empirical findings, focusing
on secondary or tertiary math education or related math-intensive programs. Only studies using
generative Al, specifically LLM-based systems, were included. Research had to be published
in English and centered on contemporary GenAl tools.

Studies were excluded if they focused on non-math subjects, lacked empirical data, used non-

generative Al, or were not peer-reviewed (such as dissertations, preprints, or media articles).
These criteria ensured all included studies were relevant and evidence-based.
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Screening and Selection

The search yielded 68 records; after removing 8 duplicates, 60 were screened by title and
abstract. Ten were excluded for not focusing on math learning or generative Al. Fifty full texts
were reviewed, with 18 excluded for missing scope criteria or empirical data. Thirty-two
studies were then assessed for quality, resulting in 22 studies included in the final synthesis.
The process is shown in the PRISMA diagram (Figure 1).

Figure 1
Methodology Framework Based on PRISMA (Page et al., 2021)

Records R ds af . .
identified ecords after Full-text articles Articles

through duplicates assessed for included in the

database search removed eligibility final review
(n=68) {n = 50) (n=32) (n=22)

Results and Discussion

This section synthesizes findings from the 22 studies remained in the review, grouped by
application type and educational effect.
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Table 1
GenAl as Personalized Math Tutor and Learning Support
Study
(Authors, Resez.lrch Sample / Ge.n AI. Key Outcomes
Design Context Application
Year)
Kasneci Universit Improved conceptual
. Y ChatGPT as explanations, clearer
ctal Experimental - calculus conceptual tutor  reasoning patterns
(2023b) students p &P )
Higher task performance:
Menlah ' 400 Al-based benefits were strongesj[
and Field . among students reporting
. undergraduate  tutoring for . .
Boateng  experiment students roblem solvin higher mathematics
(2025) p € anxiety.
Students reported higher
LLM-supported engagement; 1deqt1ﬁeq
) i errors more efficiently;
Brandibur . 313 mathematics . .
Mixed- ) ) : viewed Al as a supportive
et al. undergraduate  instruction using
methods complement rather than a
(2025) students structured .
rompt patterns substitute for the
promptp instructor.
NAEP Models outperformed
mathematics most student cohorts;
) LLM problem- .
Kayaand Comparative tasks (Grades solvin performance remained
Yavuz quantitative 4, 8, 12); U.S. £ stable as task difficulty
X (ChatGPT-4o, . e
(2025) analysis large-scale increased; less sensitivity
GPT-4) :
assessment to task complexity.
data

GenAl tools are increasingly used for personalized math support, offering conversational
explanations and adaptive practice. Outcomes include better conceptual understanding and
improved completion of complex tasks. At the university level, LLMs support independent
study by providing detailed, stepwise solutions. Kasneci et al. (2023b) found that ChatGPT
improved students' clarity and reasoning, showing potential for enhancing engagement with
mathematical ideas.

Research indicates Al tutoring is especially helpful for students with math anxiety. Menlah and
Boateng (2025) observed that those receiving Al guidance solved more problems correctly,
with the biggest improvements among anxious students. Immediate, responsive support may
lower stress and encourage persistence.

The way GenAl is designed affects learning. Clear prompts and scaffolds keep students
engaged and help them correct errors. Most students see Al as a helpful tool, not a replacement
for teachers. Brandibur et al. (2025) highlight that GenAl works best alongside teacher
guidance.
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Large-scale assessment shows advanced language models excel at calculation and rule-based
tasks. Kaya and Yavuz (2025) found models outperformed most students and stayed consistent
as tasks got harder. However, strong answer accuracy does not guarantee deep understanding,
and teacher-led instruction remains key for fostering reasoning.

Feedback, Error Diagnosis, and Formative Assessment

Table 2
GenAl for Feedback and Error Diagnosis
Study Research Sample / GenAl
(Authors, . . Key Outcomes
Design Context Application
Year)
Holmes . Quantitative  Secondary Automated 78% accuracy; improved
and Tuomi evaluation algebra procedural revision behaviors
(2022) & feedback
Abdelghani Quasi- University proof-  LLM feedback Improved logical structure,
ctal experimental writin for proofs coherence, and
(2023) p & p metacognition
. AI-ge.nerated Improved statistical skills;
Randomized adaptive . . .
Bauer et al. controlled Introductory feedback on increased interest in
(2025) . statistics students statistics; stronger effects for
experiment problem ;
. lower-performing students
solutions
Walkineton K—-12 and higher =~ GenAl-supported Reduced workload;
& Qualitative education feedback & highlighted pedagogical
(2025) .
teachers planning challenges

This subsection reviews generative Al’s role in feedback, error diagnosis, and formative
assessment in mathematics. Studies assess Al feedback accuracy and its effects on student
revision and teaching.

GenAl is effective for formative assessment by providing prompt, targeted feedback, helping
students identify and fix errors during revision. In math, automated feedback supports
immediate correction, and Holmes and Tuomi (2022) found Al feedback can guide students in
algebra tasks.

At the university level, Al feedback improves logical structure in proof-based tasks and
encourages reflection, supporting metacognitive reasoning (Abdelghani et al., 2023).

Adaptive feedback in statistics enhances student skills and interest, especially for lower-
performing students, as shown by Bauer et al. (2025).

Qualitative studies note that while teachers value Al feedback for reducing workload and
planning, it may miss subtle reasoning errors or deeper misconceptions (Walkington, 2025).

Overall, generative AI works best as a complement to teaching. Al feedback is most reliable

for stepwise tasks and is effective when students re-examine and justify their answers;
instructional design should encourage students to interpret and verify feedback independently.

ISSN: 2189-101X 597



The Asian Conference on Education & International Development 2026 Official Conference Proceedings

Effects on Students’ Mathematical Reasoning, Strategic Thinking, and Conceptual
Understanding

Table 3
GenAl for Mathematical Reasoning, Explanation, and Inquiry
Study
Research Sample / GenAl
(A;Zl;:)r 5 Design Context Application Key Outcomes
High school and GPT-4 beat GPT-3.5;
, . first-year GPT-3.5, GPT-4,
Garcia Comparative . . Wolfram GPT helped results
Navarro et performance o oco e Wolfram GPT, slightly; however, persistent
p . mathematics LLaMA-2, ghtly; hOwever, p .
al. (2025)  evaluation tasks (20 Gemini reasoning limitations remain
problems) a challenge.
Geometry reasoning was
Parraetal. Comparative ggg&:ﬁ;om ChatGPT, Bard, Zvrif)li(s;' ff;f;i:;ecobzzggal
(2024) error analysis problems and others made these weaknesses

WOrse.

Wang and Classroom Secondary math ~ ChatGPT as a Less produ‘ctwe struggle .
Fan stud students Foblem solver for students; risk that learning
(2025) Y p stays on the surface.

Table 3 highlights how students’ reasoning and explanations shift when interacting with LLM-
generated solutions. Studies compare human and Al explanations, analyze classroom use, and
trace errors. Results show that Al support does not always lead to better understanding and can
sometimes hide gaps in comprehension.

Recent research finds that LLMs, like GPT-4, can model step-by-step problem-solving and
offer alternative strategies, especially when integrated with math-specific tools (Garcia
Navarro et al., 2025). Yet, students often struggle with tasks that need conceptual transfer,
showing that following procedures does not guarantee deep understanding.

Subject differences matter. For geometry, Al explanations often include conceptual errors and
incomplete justifications (Parra et al., 2024). Language also impacts results, as performance
can vary across languages based on training data.

Classroom studies show that students who mainly use Al solutions tend to skip productive
struggle and prefer surface revisions, which can limit strategic thinking (Wang & Fan, 2025).
Unrestricted access may encourage imitation instead of sense-making, especially in older
students.

Overall, Al-generated explanations can help or hinder learning. They may introduce new
strategies and support planning if students engage critically, but errors and overreliance can
lead to shallow understanding. The impact depends on both the model’s quality and whether
students are required to check and compare solutions themselves.
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Table 4
GenAl for Assessment, Question Generation, and Scaffolding
Study
(Authors, Resesilrch Sample / Ge'nAI. Key Outcomes
Design Context Application
Year)
LLM-generated
) competence- o oo . )
Meissner Expert Higher education  based e- High qgahty 1t.em ahgnment,
reviewed . . strong linguistic quality;
et al. . mathematics (240 assessment items .
evaluation . taxonomy fit; solution
(2024) stud generated items)  (ItemForge; ‘naccuracies
Y GPT-3.5, GPT-4;
RAG)
GenAl-based
Widjaja Design and Secon(.iary automatlc Diverse question types;
and . education MCA  question . :
. evaluation . . strong curriculum alignment;
Y ohannis tud mathematics generation reduced teacher workload
(2025) study items (Gemini 1.5 Pro; cduced teachel Workio
multimodal)
GenAl responses . . o
. Middle and high  to cognitively Mixed reasonimg quah‘ty,
McGalliard o . frequent logical errors;
Qualitative school demanding . .
and Otten . . improvement with
(2025) task analysis  mathematics problems prompting; strong
tasks (ChatGPT, edago ic;ll discussion value
Gemini) pecagos
Advanced LLM-based Improved question
Two-phase automated
Yuetal. . undergraduate . correctness and relevance;
experimental . question .
(2025) . mathematics . . stronger higher-order
cvaluation (logic course) generation with reasoning alignment
g RAG and DOK gals

Table 4 shows that research has explored how generative Al supports assessment activities in
secondary and college math, such as item generation, task design, and scaffolding. These tools
may boost efficiency but can raise concerns about validity, since Al responses lack human
judgment and may contain errors like missing steps or incomplete reasoning. Without review,
such flaws can limit the range of student thinking and reduce trust in assessment results.

In higher education, GenAl is used to create quizzes and tasks that match course outcomes.
Meissner et al. (2024) found that LLM-based systems can produce items with strong linguistic
quality and alignment, but inaccuracies in solutions highlight the need for expert review.

In secondary schools, Widjaja and Yohannis (2025) reported that generative Al can create
varied questions aligned with curriculum, helping teachers save time. Still, oversight is needed
to ensure items accurately reflect learning objectives.

Evaluations show that Al-generated solutions sometimes omit key steps or misrepresent
concepts. McGalliard and Otten (2025) noted that prompting strategies can improve quality but
reliability depends on use. Overreliance may weaken confidence in judgments of student
understanding.
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Experimental work suggests GenAl can support complex assessment items when combined
with retrieval and reasoning prompts. Yu et al. (2025) found that prior questions and structured
frameworks improve item quality and cognitive alignment. With good safeguards, GenAl may
help design assessments that focus on conceptual understanding.

Generative Al is used for creating assessment items and scaffolding responses. While these
uses can improve efficiency and alignment, concerns remain about validity, especially when
solutions appear correct but lack complete reasoning. The impact depends on expert review,
sound instructional practice, and careful implementation to avoid undermining math evaluation
quality or deep learning.

Accessibility, Equity, and Inclusion: Supporting Diverse Learners

Table 5
GenAl for Accessibility, Equity, and Inclusion
Study
(Authors, Resez.lrch Sample / Ge'nAI. Key Outcomes
Design Context Application
Year)
Secondary ChatGPT for Greater learner agency and
. Qualitative mathematics personalized participation; shifts in
Canonigo . . . .
(2025) interpretive teachers and feedback, classroom interaction
study students (urban inquiry, and patterns; risk of over-reliance
public schools) scaffolding without teacher guidance.
Conceptual Mathematlcs Al-driven Increased participation; more
. : education for . . Lo ;
Agbo et review with . adaptive learning  individualized support;
. students with . .
al. (2025)  practice . and personalized  greater learner independence;
synthesis le.arm.n.g. feedback systems potential equity benefits
disabilities '
. Students with Al-generated 1ncreased engagement;
Rizos et d ol ndividualized improved self-efficacy;
al. (2024) Case study specia’ individualize reported a more supportive
' educational needs worksheets

classroom experience.

The studies summarized in Table 5 indicate that GenAl may influence accessibility and equity
in mathematics education, with effects that depend strongly on learner characteristics and
implementation conditions. Across classroom-based accounts and case studies, the learning
environment appears to mediate whether Al tools reduce barriers or introduce new forms of
disadvantage.

One consistent finding is that GenAl can increase access to support by tailoring explanations
and pacing individual learners. In secondary contexts, Canonigo (2025) reported that students
using ChatGPT received more immediate feedback and expressed greater comfort asking
questions. Such interactions may shift classroom participation patterns by enabling students to
engage with content privately and at their own pace. However, the study also cautioned that,
without teacher oversight, some learners may become overly dependent on Al-provided
guidance; balancing increased access with sustained sense-making remains essential.

Evidence from special education contexts suggests that GenAl may reduce affective barriers to
mathematics engagement when materials are adapted to learners’ needs. Rizos et al. (2024)
worked with students experiencing learning difficulties using Al-generated individualized
worksheets. The authors reported increased engagement and reduced anxiety during practice,
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plausibly because task difficulty and presentation were better matched to students’ profiles.
These findings suggest that targeted personalization may contribute to more supportive
learning experiences for some learners.

Beyond individual classrooms, Agbo et al. (2025) suggest that adaptive learning systems may
support students with learning disabilities by providing responsive feedback and tailored
instructional pathways. When lessons adjust on the fly using real-time data, support can be
more individualized than conventional approaches. However, scaling such systems remains a
challenge, and potential benefits depend on careful implementation, including teacher
mediation and appropriate resourcing.

Overall, the reviewed studies suggest that GenAl may contribute to more equitable
participation by providing additional avenues for explanation, language support, and
individualized pacing. At the same time, these benefits are not automatic. Effective
implementation requires teacher guidance, monitoring for over-reliance, and attention to
differential access. Under these conditions, GenAl may support equity goals rather than
reinforcing existing disparities.

Risks, Limitations, and Ethical Concerns

Table 6
Risks, Ethical Considerations, and Limitations of GenAl in Math Education
Study
(Authors, Reseailrch Sample / Ge.nAI. Key Outcomes
Design Context Application
Year)
. University GenAl for text Pragmatic use patterns;
Silgado- o . o LS
<, Qualitative mathematics editing, content  limited classroom
Tufion et ) . _ L . S .
al. (2025) interview study  professors (n= generation, idea  integration; epistemic
' 10) organization ambivalence; need for PD
. Randomized . . Standard vs. Standard Al boosts short-
Bastani et 1,028 university . v
al. (2024a) field students learning-safe term performance but
' experiment GPT tutors harms long-term learning
Friederet  Analytical STEM anq ChatGPT for Hallucinated solutions;
al. (2023)  review matherpatlcs problem solving  assessment integrity risks
) education
. Higher .
) Systematic . LLMs for Accuracy risks; student
Kasneci et . N education, .
interdisciplinary . . tutoring and dependence; need for
al. (2023a) . including . )
review . explanation human oversight
mathematics

Table 6 highlights key risks of using generative Al in math education, such as output accuracy,
assessment integrity, and learner dependence. These issues guide responsible implementation.

Bastani et al. (2024a) found that unrestricted Al tutoring improves immediate performance but
may weaken retention and understanding. Designs focused on hints and guided reasoning
produce more sustained learning, stressing the need to promote cognitive effort.

Output correctness is a recurring issue. Frieder et al. (2023) showed LLMs may generate

answers with invalid steps that seem correct, misleading learners. Kasneci et al. (2023a) also
urge verification and human oversight, especially for explanation and tutoring.
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Over-reliance is another risk. LLMs can reduce student effort in planning and justifying work.
Kasneci et al. (2023a) warn this may lessen engagement with mathematical reasoning, so
GenAl should support, not replace, student thinking.

For instructors, Silgado-Tufion et al. (2025) found GenAl is used more for writing support than
direct teaching. Professors have concerns about trustworthiness and need clearer ethics policies
and professional development for consistent use.

In summary, risks tied to accuracy, academic integrity, and dependence are central. The
literature recommends responsible use through instructional design, transparency, and
governance, with ongoing professional development and clear policies to ensure GenAl
supports learning without harming reasoning or assessment validity.

Summary of Findings

Research shows generative Al impacts math teaching and learning in varied ways, with effects
differing by context.

Reported benefits include adaptive pacing, timely feedback, and greater responsiveness in
practice and assessment. Studies indicate students may build stronger explanations when Al
prompts reasoning. For teachers, Al can reduce routine tasks like drafting feedback and
generating practice items, allowing more time for planning and targeted support.

However, studies warn against using Al without clear structure and oversight. Students might
disengage from difficult tasks and rely on Al for answers rather than reasoning independently.
Output errors, from minor inaccuracies to plausible but incorrect explanations, remain a
concern. Uncritical reliance in assessment can threaten validity. Effective use depends on
embedding GenAl within instructional goals and teacher-led practices.

Instructional context is crucial. Teachers shape whether GenAl promotes verification,
reflection, and strategy comparison. When Al is used in structured activities requiring students
to evaluate and justify outputs, learning is more favorable. Without guidance, GenAl may
encourage surface-level completion.

Equity is closely linked to access and design. GenAl can provide personalized support for
students with learning challenges or developing academic language, reducing barriers to
participation.

But equity benefits depend on access. Advanced tools are not available everywhere, possibly
worsening disparities. Most evidence focuses on short-term outcomes, with few studies on
long-term effects, making it unclear if gains are sustained or just temporary.

Literature is mainly from higher education, with fewer studies in secondary schools or
resource-constrained environments. Studies from non-Western systems are rare. Rapid
evolution of models and platforms makes findings quickly outdated. GenAl can support math
learning under the right conditions, but outcomes rely on careful planning, governance, and
ongoing human involvement.
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Conclusion

Generative Al is changing mathematics education, with LLM-based tools offering adaptive
support, timely feedback, and flexible learning options. Research from 2020 to 2025 finds these
systems can raise student engagement and reduce test anxiety, while helping some learners with
diverse needs. GenAl can complement instruction in classrooms with varied student abilities
and high workload.

However, positive outcomes depend on thoughtful use. Poorly designed implementation can
reduce conceptual understanding and procedural skills. Benefits are most likely when Al is
integrated into structured lessons with an emphasis on verification, reflection, and educator
guidance rather than relying solely on Al-generated answers.

Effective use will require ongoing teacher development and redesigned assessments focusing
on reasoning and justification. Clear institutional policies are needed for equity, transparency,
and integrity. Future research should include long-term studies in varied educational settings,
especially for learners facing barriers. GenAl is best seen as a resource to support teaching
when used with clear goals and ethical safeguards.

Recommendations

Based on this review, key recommendations for integrating generative Al in math education
include viewing Al as a tool to support, not replace, human instruction. Educators should use
Al to promote deeper reasoning, encouraging students to evaluate and revise Al-generated
solutions. Such reflective practice is crucial for authentic learning.

Schools must not only provide technology but also set up clear frameworks for their purposeful
and pedagogical use in daily lessons.

Researchers should focus on studying generative Al in real classrooms to inform best practices,
especially for intervention and assessment. Al is useful for informal learning, but high-stakes
testing requires strong safeguards. Students need explicit instruction on Al literacy,
verification, and critique, best taught through hands-on activities.

Policies should define Al's role in coursework and exams to ensure equity and transparency.
Teacher training must be comprehensive, enabling lesson redesign and effective use of Al
Equitable access for under-resourced schools and privacy protections is essential. Trust in Al
requires ongoing monitoring, transparency, and ethical practice.

Future research should track long-term effects of Al in diverse settings and focus on how Al
integrates with regular instruction and feedback. Developing reliable ways to measure Al-
linked learning outcomes is also needed, while maintaining educational integrity and ethics.

Declaration of Generative Al and AI-Assisted Technologies in the Writing Process
During the preparation of this manuscript, the authors used Microsoft Copilot integrated within
Microsoft Word to help improve the clarity and quality of the writing, including grammar,

spelling, and overall readability. All suggestions were reviewed and edited by the authors, who
take full responsibility for the final content.
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