
270 

 

© The Authors 

This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 

International License (CC BY-NC-ND 4.0). 

International Journal of Learning, Teaching and Educational Research 
Vol. 25, No. 3, pp. 270-289, March 2026 
https://doi.org/10.26803/ijlter.25.3.12 
Received Dec 13, 2025; Revised Feb 18, 2026; Accepted Feb 19, 2026 
 
 

AI in Students’ Mathematics Learning: A 
PRISMA-Based Systematic Review of Challenges 

and Solutions (2021-2025) 
 

Yaqian Song , Mohamed Yusoff Mohd Nor*  

and Bity Salwana Alias  
Universiti Kebangsaan Malaysia, 

Bangi, Malaysia 
 
 

Abstract. Digital technology has fundamentally transformed the 
landscape of education. Recent advances in artificial intelligence (AI) are 
redefining educational practices and creating new opportunities for 
mathematics learning. However, despite growing interest, AI usage in 
mathematics learning remains in its early stages. Existing studies 
demonstrate the limited integration of AI tools into mathematics-specific 
pedagogy and insufficient focus on students’ mathematical problem-
solving abilities, while there remains a need for the challenges associated 
with AI implementation to be systematically categorized. To address 
these gaps, this study conducted a systematic literature review (SLR) 
following the Preferred Reporting Items for Systematic Reviews and 
Meta-Analyses (PRISMA) framework. Twelve eligible quantitative 
studies published between 2021 and 2025 were retrieved from Web of 
Science (WoS) and Scopus databases using rigorous screening procedures 
and predefined inclusion criteria. Subsequently, these eligible studies 
underwent in-depth analysis to synthesize research characteristics, AI 
technologies implemented, challenges encountered in AI-supported 
mathematics learning, and corresponding solutions. The findings 
indicate that China contributed the largest number of publications. The 
reviewed studies predominantly employed quasi-experimental designs 
with short intervention durations and small sample sizes, with most 
research being conducted in primary education settings. Three primary 
types of AI technologies were identified: adaptive learning systems, 
intelligent tutoring systems, and chatbots. This review highlighted three 
major categories of challenges and solutions: research-related, technical 
and design-related, and educational-pedagogical. Finally, this study 
offers evidence-based insights to support researchers, developers, 
educators, and policymakers in aligning AI technologies with the 
cognitive and problem-solving demands of mathematics learning, 
informing more focused instructional design. 
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1. Introduction  
As society transitions to the digital era, digital transformation is reshaping 
education by redefining the way in which knowledge is delivered, accessed, and 
experienced, fostering more inclusive, engaging, and adaptive learning 
environments (Aditya & Suranto, 2024; Zou et al., 2025). Emerging technologies 
such as AI, virtual and augmented reality, cloud-based learning management 
systems, and learning analytics are reforming instructional practices. Together, 
they are shifting traditional teacher-centered approaches toward more dynamic, 
interactive, and learner-centered learning experiences that enhance 
understanding, flexibility, and learner autonomy (Alam et al., 2025; Timotheou et 
al., 2023; Wang et al., 2024). Within this landscape, AI has emerged as an especially 
powerful catalyst for innovation, extending beyond conventional digital tools to 
drive systemic improvements in teaching, learning, and educational design 
(Merino-Campos, 2025). 
 
Characterized by its data-driven processes, pattern recognition, and adaptive 
feedback, AI has gained increasing prominence as it continues to permeate daily 
life (Guan et al., 2020). It now serves as a key driver of economic and social 
progress, supporting automation, technological advancements, and new 
productivity structures (Filippucci et al., 2024). Particularly in the realm of 
education, however, AI’s rapid expansion has raised ethical and academic 
concerns. Extensive data collection introduces risks such as privacy breaches, data 
insecurity, and algorithmic bias (Golda et al., 2024; Sajja et al., 2025), while 
excessive reliance on AI-driven systems may erode students’ higher-order 
thinking skills, including analytical reasoning, critical thinking and creativity 
(Adiyono et al., 2025; Rahmatika et al., 2025). Such concerns underscore the need 
for responsible and balanced AI integration in educational practice, such as 
pedagogical strategies integration. 
 
The adoption of AI in education has been widely recognized for its potential to 
enhance pedagogical innovation and foster higher levels of student engagement 
and motivation (Khazanchi et al., 2025; Liu et al., 2025). AI applications such as 
adaptive learning systems, intelligent tutoring systems, and AI-powered learning 
analytics further contribute to cognitive and emotional learning by tailoring 
instructional materials to learners’ needs, preferences, and prior knowledge (Luo 
et al., 2025; Vistorte et al., 2024).  
 
Despite these benefits, insufficient AI literacy and inadequate professional 
training continue to hinder teachers’ ability to effectively integrate, evaluate, and 
ethically apply AI tools in classroom settings (Daher, 2025; Zhao et al., 2022). 
Consequently, AI is often used as a technological supplement rather than being 
pedagogically embedded within subject-oriented instructional design. Notably, 
research on subject-focused AI integration, particularly in mathematics learning, 
remains limited (Mohamed et al., 2022; Opesemowo & Adewuyi, 2024), with few 
SLR articles to date addressing this domain. 
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Mathematics learning has long been regarded as a fundamental pillar of students’ 
cognitive development and academic success. As an essential discipline 
underpinning science, technology, engineering, and mathematics (STEM), it plays 
a central role in shaping students’ analytical and problem-solving abilities (Goos 
et al., 2023; Just & Siller, 2022). With the increasing integration of AI into STEM 
education (Xu & Ouyang, 2022), new opportunities emerge to reshape 
mathematics education and enhance students’ comprehensive mathematical 
literacy. Specifically, the effective use of AI can strengthen students’ higher-order 
thinking skills, including analytical processing, evaluative judgment, and creative 
problem-solving (Alvarez, 2024; Wang & Fan, 2025). 
 
Despite the growing importance of AI in mathematics learning, notable gaps 
remain in the existing research. First, AI applications in mathematics learning are 
still in their infancy. Pai et al. (2021) noted that dialogue-based intelligent tutoring 
systems remain underexplored in Chinese-language contexts. Existing studies 
have focused mainly on generic AI applications, while paying limited attention to 
AI tools for problem-solving (Alvarez, 2024; Awang et al., 2025; Nguyen & Pham, 
2025).  Second, the pedagogical integration of AI in mathematics learning remains 
insufficiently aligned with subject-specific needs. Many applications lack 
adequate disciplinary responsiveness and consequently struggle to effectively 
support key tasks such as mathematical word problem solving (Liu et al., 2025). 
Furthermore, although AI integration in mathematics learning presents multiple 
challenges, few systematic literature reviews have yet attempted to categorize 
these challenges or synthesize corresponding solutions. 
 
Therefore, in order to address these gaps, it is necessary to systematically 
synthesize existing studies to map the current research landscape, examine the 
types of AI technologies employed, and identify the practical challenges and 
corresponding solutions associated with AI implementation in mathematics 
learning. Such a synthesis can serve to deepen understanding of AI’s educational 
value and human–AI interaction dynamics. Guided by this rationale, the present 
review was structured around the following research questions: 

1）What are the characteristics of existing research on AI in students’ 
mathematics learning? 

2）What types of AI technologies have been implemented to support 
mathematics learning? 

3）What are the main challenges encountered in integrating AI into students’ 

mathematics learning? 

4）What solutions have been proposed or implemented to address these 
challenges? 

 

2. Methodology 
To ensure methodological rigor, transparency, and replicability throughout the 
review process, this study adhered to PRISMA guidelines (Moher et al., 2010; Page 
et al., 2021 ). By standardizing the procedures for identification, screening, and 
inclusion, the PRISMA framework enhances the reliability of systematic reviews 
and helps reduce potential bias (Shamseer et al., 2015). The study selection process 
was based on the PRISMA 2020 Statement developed by Page et al. (2021), which 
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includes a rigorous checklist and flow diagram. The overall screening and 
selection procedures are presented in Figure 1. 
 

 
Figure 1: Data Collection Process Based on the PRISMA Guidelines 

 
2.1 Data search sources 
In this study, WoS and Scopus were selected because of their extensive coverage, 
rigorous quality standards, and high academic prestige (Gasparyan et al., 2013). 
Although the search was restricted to two databases, both provide broad access 
to high-quality articles in the field of social sciences (Munárriz & Rincón, 2025). 
 
During the initial retrieval, the WoS search yielded an exceptionally large volume 
of records; therefore, the search was restricted to the Education/Educational 
Research category to ensure disciplinary relevance. In WoS, the search was 
conducted within the TITLE field, whereas in Scopus, the search was performed 
within the TITLE-ABS-KEY field. Two main search strings were applied, and the 
complete search formula is presented in Table 1. 
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Table 1: Database search field and search strings 

Database 
Search 
field 

Search string 

WoS TITLE 

("AI” OR “artificial intelligence” OR “intelligent tutoring 
system” OR "personalized learning”) AND (“mathematics 
learning” OR “math learning” OR "mathematics education” 
OR “math education” OR “mathematics achievement” OR 
“math achievement” OR “problem solving”) 

Scopus 

TITLE-
ABS-
KEY 

 (“AI” OR “artificial intelligence” OR “intelligent tutoring 
system” OR “personalized learning”) AND (“mathematics 
learning” OR “math learning” OR "mathematics education” 
OR “math education” OR “mathematics achievement” OR 
“math achievement” OR “problem solving”) 

 
2.2 Eligibility and exclusion criteria 
In systematic reviews, it is essential to define clear inclusion and exclusion criteria 
to ensure a structured and unbiased selection of studies (Granados-Duque & 
García-Perdomo, 2021). Accordingly, this study established specific criteria to 
guide the screening process; these are summarized in Table 2. 
 

Table 2: The inclusion and exclusion criteria 

Criteria Eligibility Exclusion 

Timeline 2021-2025 Prior to 2021 

Scope 
Studies related to AI in 
mathematics learning 

Studies not related to AI in mathematics 
learning 

Language English Non-English 
Research 
method 

Quantitative Non-quantitative 

Literature 
type 

Journal articles 
Book series, books, chapters in book, 
conferences proceedings and editorials  

Article 
access 

Full text available No full-text access 

 
The first criterion concerned the timeline: a five-year period (2021–2025) was 
selected to capture the most recent research trends, given the rapid evolution of 
AI technologies and their expanding applications in education. Limiting the 
review to English-language publications ensured consistency in interpretation 
and evaluation, thereby enhancing the overall reliability of the review (Awang et 
al., 2025). 
 
Only quantitative studies were included, as these provide objective and 
comparable results that support the synthesis of reliable findings in a systematic 
review (Gulz et al., 2020; Mills, 2021). Research on AI-assisted mathematics 
learning commonly evaluates learning outcomes using measurable indicators 
such as test scores and standardized questionnaires (Huang et al., 2021; Mohamed 
et al., 2022). In order to maintain scholarly standards, only journal articles were 
included, while book series, books, book chapters, conference proceedings, and 
editorials were excluded. Additionally, only studies with full-text availability 
were retained to ensure the analysis was based on complete and verifiable 
information. 
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Initially, 15,816 records were identified across both databases, including 3,175 
from WoS and 12,641 from Scopus. After removing 47 duplicates and 476 non-
English publications, 15,293 records remained for screening. Subsequently, 5,729 
non–open-access papers and 1,544 non-journal articles were excluded. An 
additional 7,966 studies were removed during title and abstract screening due to 
being outside the scope of the review, leaving 54 reports for full-text retrieval. The 
full texts of five articles were inaccessible and were therefore excluded, resulting 
in 49 full-text articles being assessed for eligibility. Of these, 16 studies were 
excluded for lack of relevance, and 21 were removed because they employed non-
quantitative methods. Ultimately, 12 quantitative studies met all inclusion criteria 
and were included in the final review. 
 

2.3 Inclusion 
A data extraction table was developed to summarize the key characteristics of 
the selected studies, as shown in Table 3. 
 

Table 3: Key characteristics of the selected studies 

Author（s） Year 
Country 
or 
Region 

Study 
Design 

Educational 
Level 

Sample 
Size 

Intervention 
Duration 

Pai et al. 2021 Taiwan 
Quasi-
experiment 

Primary 
school 

134 2 weeks 

Thai et al. 2022 
The 
United 
States 

Quasi-
experiment 

Early 
childhood 

453 12-14 weeks 

del Olmo-
Muñoz et al. 

2022 Spain 
Quasi-
experiment 

Primary 
school 

110 8 weeks 

Shih et al. 2023 Taiwan 
Quasi-
experiment 

Primary 
school 

66 2 hours 

Huang et al. 2024a China 
Quasi-
experiment 

Primary 
school 

69 4weeks 

Alkhasawneh 2025 Jordan 
Quasi-
experiment 

Secondary 
school 

76 Not specified 

Khazanchi et 
al. 

2025 
The 
United 
States 

Quasi-
experiment 

Secondary 
school 

78 5 weeks 

Li and Lyu 2025 
The 
United 
States 

Quasi-
experiment 

Higher 
education 

151 45 minutes 

Lin et al. 2025 Taiwan 
Quasi-
experiment 

Primary 
school 

4442 8 months 

Lin and Jiang 2025 China 
Questionnai
re 

Higher 
education 

331 3 weeks 

Liu et al. 2025 China 
Quasi-
experiment 

Primary 
school 

104 40 minutes 

Qiu and Ishak 2025 China 
Questionnai
re 

Primary 
school 

387 8 weeks 
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3. Results and Discussion 
To provide a comprehensive understanding of the findings, this section 
synthesized the included studies across the following four key dimensions: 
research characteristics; AI technologies used in mathematics learning; challenges 
associated with AI integration; and the solutions proposed or implemented to 
address these challenges. 
 
3.1 The characteristics of selected studies  
 

 
Figure 2: Number of publications by year 

 

Figure 2 shows the annual distribution of the included studies from 2021 to 2025. 
Research output remained limited between 2021 and 2024, with only one 
publication in 2021, 2023, and 2024, and a modest increase in 2022 (n = 2). A 
substantial rise occurred in 2025, with seven studies published. This upward trend 
indicates that empirical research on AI in students’ mathematics learning remains 
in an early developmental stage but is gaining momentum as AI, particularly 
generative AI, becomes more accessible and increasingly embedded within 
educational practice and policy (Nedungadi et al., 2024; Walkington, 2025). 
 

 
Figure 3: Distribution of research articles by country or region 
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Figure 3 illustrates the geographical distribution of the reviewed studies. As can 
be seen, China produced the highest number of publications (n = 4), followed by 
Taiwan and the United States, each contributing three studies (n = 3). Jordan and 
Spain each published one study (n = 1). China’s leading output may be attributed 
to sustained governmental investment in digital transformation and national 
policy initiatives, such as the Smart Education strategy (Ding & Wu, 2024; Huang 
et al., 2024b).  
 

 
Figure 4: Distribution of educational levels 

 

The reviewed studies spanned multiple educational levels, with primary 
education receiving the greatest attention (58.3%, n = 7), followed by secondary 
education (16.7%, n = 2) and higher education (16.7%, n = 2). As depicted in Figure 
4, only one study focused on early childhood education (8.3%, n = 1). The findings 
indicate the adaptability of AI tools in catering to learners’ diverse developmental 
needs. In K–12 education, AI was primarily used to strengthen foundational skills, 
whereas in higher education, it supported more advanced cognitive processes. 
The dominance of primary education studies may reflect the structured nature of 
early mathematics curricula, which aligns well with AI–driven learning models 
and enables more feasible classroom implementation. 
 

Table 4: Types of quantitative research designs 

Type of quantitative 
studies 

Number References 

Quasi-experiment 10 

Pai et al. (2021); del Olmo-Muñoz et al. (2022); 
Thai et al. (2022); Shih et al. (2023); Huang et al. 
(2024a); Khazanchi et al. (2025); Alkhasawneh 
(2025);  
Liu et al. (2025); Lin et al. (2025); Li and Lyu (2025) 

Questionnaire 2 Lin and Jiang (2025); Qiu and Ishak (2025) 

 
Regarding the quantitative methodologies employed in the reviewed studies, 
Table 4 demonstrates that quasi-experimental designs dominated the current 
evidence base. Specifically, ten studies adopted quasi-experimental designs, 
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whereas only two relied on questionnaire-based designs (Lin & Jiang, 2025; Qiu 
& Ishak, 2025). This methodological predominance suggests that quasi-
experimental research is widely viewed as offering a stronger basis for causal 
inference and greater empirical validity compared to other non-experimental 
quantitative methods (Kim & Steiner, 2016; Steiner & Kim, 2024). 
 

Table 5: Classification of studies by sample size 

Sample size Number Percentage (%) 

＜100 4 33.3 

100-300 4 33.3 
300-500 3 25.0 
≥500 1 8.3 

 
Table 5 summarizes the sample sizes of the reviewed studies. Four studies 
involved fewer than 100 participants and another four recruited between 100–300 
students, indicating that 66.7% of the studies relied on sample sizes below 300. 
Three studies involved 300–500 participants, while only one study employed a 
large-scale sample with 4,442 students. This distribution demonstrates that 
research on AI-assisted mathematics learning remains largely small-scale; this is 
consistent with the findings of Garzón et al. (2025), who highlighted the scarcity 
of large-sample empirical evidence in AI education research.  
 
The predominance of small sample sizes in the reviewed studies may be 
attributed to the high implementation costs and technical demands associated 
with AI-based instructional interventions, as well as the exploratory stage of AI 
application in mathematics learning, whereby research remains primarily limited 
to pilot or evaluation studies. Consequently, this pattern may constrain the 
external validity of the findings. 
 

Table 6: Duration of study interventions 

Subcategory Number Percentage (%) 

Less than 1 week 3 25.0 
Between 1 and 4 weeks 2 16.7 
Between 4 and 12 weeks 4 33.3 
More than 12 weeks 2 16.7 
Not specified 1 8.3 

 
Table 6 summarizes the duration of the study interventions. Three studies (25.0%) 
lasted less than one week, two (16.7%) spanned one to four weeks, and four 
(33.3%) lasted four to twelve weeks. Only two studies (16.7%) extended beyond 
twelve weeks, and one study (8.3%) did not specify its duration. Overall, 75% of 
the interventions lasted no longer than twelve weeks, indicating that AI-assisted 
mathematics learning research is predominantly based on short-term studies with 
limited longitudinal validation. Thus, most of the reviewed studies employed 
short-term interventions, which may be attributable to the fact that extended 
implementations are constrained by curricular schedules, methodological control 
requirements, and practical limitations related to time, resources, and feasibility. 
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3.2 Types of AI technologies implemented in mathematics learning 

 
Table 7: Classification of AI technologies implemented in mathematics learning 

Category 
Type of AI 
Tools 

AI Tools References 

Adaptive 
Learning Systems 

Educational 
AI 

 

My Math Academy Thai et al. (2022) 

Interactive e-book 
editing platform 

Huang et al. (2024a) 

Nerd AI Alkhasawneh (2025) 

Edmentum Exact Path 
Khazanchi et al. 
(2025) 

AI-assisted Adaptive 
Learning System 

Qiu and Ishak (2025) 

TALP Lin et al. (2025) 

Intelligent 
Tutoring Systems 

Educational 
AI 

Mathematical ITS Pai et al. (2021) 

HINTS 
del Olmo-Muñoz et 
al. (2022) 

Math ITS Shih et al. (2023) 

Chatbots Generative AI  

GAI Lin and Jiang (2025) 

ChatGPT-MPS Liu et al. (2025) 

ConvAI Li and Lyu. (2025) 

 
Table 7 summarizes the AI technologies integrated into mathematics learning, 
which are classified into three categories: adaptive learning systems (n = 6), 
intelligent tutoring systems (n = 3), and chatbots (n = 3). To clarify their 
pedagogical purposes, these tools were further grouped by functionality. Most of 
these tools (n = 9) were categorized as Educational AI, and three studies employed 
Generative AI. 
 
Adaptive learning systems emerged as the most widely adopted technology. 
Through AI-driven diagnostics, personalized learning pathways, and real-time 
feedback, they provide differentiated support that accommodates diverse learner 
needs. Furthermore, empirical evidence indicates that individualized adaptive 
learning systems can produce significantly greater gains in mathematics 
performance compared with traditional instruction (Son, 2024; Wang et al., 2023). 
 
By contrast, intelligent tutoring systems and chatbots appeared less frequently but 
highlighted two complementary trajectories in AI-supported mathematics 
learning (Panqueban & Huincahue, 2024). Intelligent tutoring systems integrated 
detailed domain models and instructional scaffolding to deliver targeted hints, 
diagnose errors, and provide formative feedback on specific mathematical topics 
(del Olmo‐Muñoz et al., 2022; Pai et al., 2021; Shih et al., 2023). Additionally, meta-
analytic findings showed that intelligent tutoring systems produce small yet 
positive effects on K–12 students’ mathematics learning (Steenbergen-Hu & 
Cooper, 2013).  
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Chatbots were found to facilitate conversational interaction, enabling students to 
ask questions in natural language, access alternative explanations, and articulate 
their reasoning. Recent studies in mathematics education have reported 
improvements in engagement, personalized support, and problem-solving when 
AI-driven conversational agents are integrated into instruction (Almarashdi et al., 
2024; Pala et al., 2025). Compared with adaptive learning systems and intelligent 
tutoring systems, chatbots have demonstrated stronger capability in supporting 
complex mathematical problem-solving (Chau et al., 2025). 
 
Within the reviewed literature, chatbot tools were used mainly in higher-
education studies, suggesting that learners in these contexts may benefit more 
from AI systems that support complex, dialogue-based interactions. In contrast, 
adaptive learning systems were predominantly implemented in early childhood, 
primary, and secondary settings, and all intelligent tutoring system applications 
focused on primary students. This pattern suggests that the structured guidance 
and adaptive instructional support provided by these systems align well with the 
developmental and learning needs of younger learners. 
 
3.3 The main challenges encountered in integrating AI into students’ 
mathematics learning 
 

Table 8: Challenges in integrating AI into students’ mathematics learning 

Category Refined Challenges References 

Research-related 

Limited empirical evidence 
and restricted research contexts  

Alkhasawneh (2025); 
Khazanchi et al. (2025); 
Lin and Jiang. (2025) 

Methodological limitations Lin et al. (2025) 

Fragmented research focus 
 

del Olmo-Muñoz et al. 
(2022); 
Lin and Jiang. (2025); 
Lin et al. (2025) 

Technical and 
design-related 

Insufficient adaptivity, 
personalization, and cognitive 
responsiveness 

Shih et al. (2023); 
Qiu and Ishak (2025) 

Early-stage development of AI-
supported learning systems 

Pai et al. (2021); 
Qiu and Ishak (2025) 

Inadequate support for complex 
mathematical problem solving 

Liu et al. (2025); 
Shih et al. (2023) 

Educational-
pedagogical 

Insufficient teacher and instructional 
support 

Huang et al. (2024a)； 
Qiu and Ishak (2025) 

Low student engagement and 
motivation 

Khazanchi et al. (2025); 
Qiu and Ishak (2025) 

Lack of engaging, evidence-based 
learning resources 

Thai et al. (2022) 

Unequal access and usability barriers Qiu and Ishak (2025); 
Shih et al. (2023) 
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Outlined in Table 8 are the three major categories of challenges that were found 
to constrain the integration of AI in students’ mathematics learning: research-
related, technical and design-related, and educational-pedagogical.  
 
The first category focused on research-related challenges. Empirical evidence on 
AI-supported mathematics learning remains limited, as many studies to date have 
relied on small samples, short intervention periods, or single-site designs, thereby 
restricting the generalizability of their findings (Alkhasawneh, 2025; Khazanchi et 
al., 2025; Lin & Jiang, 2025). Methodological issues such as non-randomized 
research designs and heavy reliance on self-reported instruments further weaken 
the robustness of the currently available evidence (Lin et al., 2025). Furthermore, 
research topics also appear fragmented, with core mechanisms including learning 
flexibility, motivation, and self-regulated learning often remaining 
underexamined (del Olmo-Muñoz et al., 2022; Lin et al., 2025; Lin & Jiang, 2025).  
 
The second category concerned technical and design-related challenges. The 
literature indicates that the effectiveness of AI tools remains constrained by 
limited adaptivity, insufficient personalization, and weak cognitive 
responsiveness (Qiu & Ishak, 2025; Shih et al., 2023). Although AI-driven systems 
are increasingly used in mathematics learning, most remain in an early stage of 
development (Pai et al., 2021; Qiu & Ishak, 2025). Liu et al. (2025) and Shih et al. 
(2023) further observed that existing AI technologies struggle to support complex, 
cognitively demanding tasks such as mathematical word-problem solving, which 
requires deeper conceptual understanding and analytical reasoning.  
 
The third category related to educational-pedagogical challenges, which also 
influence the effectiveness of AI in mathematics learning. The reviewed studies 
highlight insufficient teacher preparation and limited instructional support as 
major obstacles to meaningful AI integration (Huang et al., 2024a; Qiu & Ishak, 
2025). Learner-related factors such as low engagement and weak motivation 
further limited the effectiveness of AI-assisted learning activities (Khazanchi et 
al., 2025; Qiu & Ishak, 2025). In addition, Thai et al. (2022) observed that many AI-
supported platforms still lack engaging, evidence-based learning resources, 
thereby constraining opportunities for deeper mathematical learning. Persistent 
access and usability barriers further create and perpetuate inequities that restrict 
the pedagogical benefits of AI tools (Qiu & Ishak, 2025; Shih et al., 2023). 
 
In summary, these challenges reflect deeper structural obstacles to the integration 
of AI into mathematics learning. First, a fundamental misalignment was identified 
between the cognitive demands of mathematics and the current capabilities of AI 
technologies. Mathematics requires abstraction, logical reasoning, and multi-step 
problem-solving (Ni et al., 2018), yet many AI systems still lack the pedagogical 
sensitivity and adaptive depth needed to support such complex cognitive 
processes. Second, many educators lack the specialized competencies and 
pedagogical frameworks required to effectively integrate AI into instruction, 
making it difficult to align AI use with mathematics-specific learning goals (Ng et 
al., 2024; Zou et al., 2025). Third, policy-level limitations, such as insufficient 
strategic planning, uneven infrastructural development, and inequitable resource 
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distribution, create additional barriers to AI integration, particularly for under-
resourced institutions (Bawa & Bawa, 2025; Waqar et al., 2024).  
 
3.4 Solutions proposed or implemented for integrating AI into students’ 
mathematics learning 

 
Table 9: Solutions for integrating AI into students’ mathematics learning 

Category of 
Identified 
Challenges 

Solutions Refined References 

Research-related 

Rigorous longitudinal validation Thai et al. (2022); 
Khazanchi et al. (2025) 

Motivational and mediating 
mechanisms 

Lin and Jiang (2025); 
Khazanchi et al. (2025); 

Lin et al.(2025) 
Cross-context expansion Pai et al. (2021); 

Thai et al. (2022); 
Lin et al.(2025); 
del Olmo-Muñoz et al. 

(2022） 
Liu et al. (2025); 

Technical and design-
related 

Adaptivity, personalization and 
intelligent feedback 

Alkhasawneh (2025); 
Liu et al. (2025); 
Shih et al. (2023); 

del Olmo-Muñoz et al. 
(2022) 

Development of dialogue-based AI  Pai et al. (2021) 
Cross-platform accessibility  Liu et al. (2025); 

Alkhasawneh (2025) 

Educational and 
pedagogical 

Strengthened teacher participation 
and diagnostic instruction 

Shih et al. (2023) 

Support for self-efficacy, and social 
interaction 

Qiu and Ishak (2025) 

 Pedagogical strategies integration Shih et al. (2023); 
Li and Lyu (2025); 
Alkhasawneh (2025); 

 Data-driven feedback Huang et al. (2024a) 

 
To address these challenges, the reviewed studies converged on a set of 
improvement strategies spanning research-related, technical and design-related, 
and educational-pedagogical, as summarized in Table 9.  
 
At the research-related level, the reviewed studies call for rigorous longitudinal 
validation to assess the sustained effects of AI interventions (Khazanchi et al., 
2025; Thai et al., 2022). A further recommendation is the incorporation of 
motivational and mediating mechanisms to deepen understanding of the way in 
which AI shapes mathematics learning processes and outcomes (Khazanchi et al., 
2025; Lin et al., 2025; Lin & Jiang, 2025). Lastly, the studies call for the expansion 
of research across diverse educational levels, cultural contexts, and institutional 
settings in order to enhance the generalizability of findings (del Olmo-Muñoz et 
al., 2022; Lin et al., 2025; Liu et al., 2025; Pai et al., 2021; Thai et al., 2022). 
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At the technical and design level, the reviewed studies underscore the need for 
enhancing system adaptivity, personalization, and intelligent feedback to provide 
more responsive and individualized learning support (Alkhasawneh, 2025; del 
Olmo‐Muñoz et al., 2022; Liu et al., 2025; Shih et al., 2023). In addition, Pai et al. 
(2021) highlight the potential for developing dialogue-based AI that engages 
learners in interactive problem-solving by enabling them to articulate, test, and 
refine their mathematical reasoning through conversational exchanges with 
computer agents. Furthermore, improving mobile and cross-platform 
accessibility will help to reduce digital inequities and expand opportunities for 
students to engage with AI-supported mathematics learning across varied 
contexts (Alkhasawneh, 2025; Liu et al., 2025). 
 
At the educational and pedagogical level, the reviewed studies emphasize that AI 
should complement rather than replace teachers, identifying that strengthened 
teacher participation and diagnostic instruction enhance learning personalization 
and ensure appropriate guidance during AI use (Shih et al., 2023). In addition, Qiu 
and Ishak (2025) note that AI tools should be designed to strengthen students’ 
self-efficacy and social support, as the combined influence of these factors is 
critical for fostering deeper mathematical learning.  
 
Several studies further highlighted the importance of embedding evidence-based 
pedagogical strategies into AI systems to ensure a strong alignment between 
learners’ cognitive needs and the instructional goals in mathematics learning 
contexts (Alkhasawneh, 2025; Li & Lyu, 2025; Shih et al., 2023). Complementing 
these efforts, data-driven feedback has been found to strengthen students’ self-
regulated learning and enhance academic achievement in mathematical word 
problem solving and cognitive strategies (Huang et al., 2024a).  
 
Although the reviewed studies provide a valuable foundation by demonstrating 
the effectiveness of AI tools in improving student engagement and mathematics 
learning performance, the evidence with regard to long-term learning outcomes 
and scalable classroom integration remains limited. Therefore, further research is 
urgently needed to support the more sustainable integration of AI into 
mathematics learning. In particular, greater alignment with STEM education 
frameworks is essential to enhance students’ higher-order thinking skills.  
 
AI should be leveraged to support inquiry-based learning and authentic problem-
solving, thereby aligning AI-enhanced mathematics learning with broader 
sustainable educational development goals. Furthermore, it is essential to expand 
AI-related research in higher education, where the advanced cognitive demands 
of university-level mathematics can guide the design of more sophisticated AI 
tools and pedagogical models. Moreover, enhancing AI literacy among both 
teachers and students is critical, as robust competencies across stakeholders are 
necessary for effective AI integration into pedagogical practices in real classrooms 
in order to ensure improved learning outcomes. 
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4. Conclusion 
This review systematically examined the integration of AI into students’ 
mathematics learning using the PRISMA framework, drawing on 12 quantitative 
studies published between 2021 and 2025. The findings indicate that this field 
remains in an early stage of scholarly inquiry, underscoring the need for more 
extensive and rigorous research. To date, the existing evidence base remains 
fragmented, characterized by small-scale exploratory designs, pedagogically 
generic AI tools, and the limited incorporation of discipline-specific instructional 
approaches.  
 
By synthesizing the findings across the four key dimensions of research 
characteristics, AI technologies, challenges, and solutions, the review provides a 
clear and cohesive overview of the current developments as well as persisting 
gaps. Not only do these findings inform the strategic use of AI to enhance 
mathematics learning but they also extend the application of learning theories in 
AI-supported contexts and provide practical implications for policymakers in 
guiding future research, instructional innovation, and policy development. 
 
Despite these important contributions, several limitations of the current study 
should be acknowledged. First, the limited number of empirical studies constrains 
the strength of the evidence base; future research should therefore include large-
scale investigations. Second, limiting the review to the WoS and Scopus databases 
may have reduced coverage; thus, subsequent work should include additional 
databases to enhance comprehensiveness. Third, focusing solely on quantitative 
studies limits explanatory depth; therefore, further research should incorporate 
qualitative or mixed methods approaches to enrich interpretation.  
 
In addition, the inclusion of only English-language articles may lead to language 
bias. To mitigate this, future work should expand multilingual coverage to 
improve global representation. Finally, most of the included studies were 
conducted in a small number of countries and relied on short-term interventions, 
limiting the generalizability of the findings and the understanding of long-term 
learning effects. Consequently, future work should adopt cross-national and 
longitudinal designs. 
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