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efficiency are explored even in a mathematics classroom. Thus, the study assesses pre-
service mathematics teachers' perceptions of Al's accuracy, reliability, and
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Introduction

Technological advancement continues to reshape educational environments, prompting educators and students to
adapt to emerging tools such as Artificial Intelligence (AI). In education, Al is increasingly recognized for its
potential to support instructional delivery, assessment, and personalized learning. Students frequently encounter
Al-powered platforms inside and outside the classroom, and these systems are becoming integral to modern

learning experiences (Holmes et al., 2022; Zawacki-Richter et al., 2019; Almuhanna, 2025).

Educational institutions and policy bodies worldwide, including those in the Philippines, are actively exploring
the incorporation of Al into curricula. This shift underscores a growing need to understand the importance and
limitations of Al applications in teaching and learning. According to recent initiatives by global education
stakeholders (Cardona et al., 2023), Al integration is intended not only to enhance access to learning but also to

innovate traditional instructional practices.

Existing literature suggests that Al can facilitate immediate feedback, adaptive support, personalized learning
experiences, and collaborative learning opportunities for students when effectively integrated into instructional
environments (Lin et al., 2023; Ouyang & Zhang, 2024). Intelligent tutoring systems, chatbots, and virtual
assistants exemplify how these technologies might improve engagement and foster deeper cognitive processing.
Nevertheless, concerns remain regarding the extent to which Al tools can support complex reasoning and problem-

solving, particularly in a discipline as intricate as mathematics.

Empirical studies have highlighted both the potential and limitations of artificial intelligence in education.
Research indicates that Al-driven adaptive learning systems can enhance student achievement and engagement
by tailoring instruction to individual learning needs and providing timely feedback (Wang et al., 2024; Lin et al.,
2023). At the same time, scholars emphasize that the effectiveness of Al depends largely on how these
technologies are integrated into pedagogical practices and supported by human oversight (Holmes et al., 2022;

Seo et al., 2025).

The findings reflect a broader trend that while Al can enhance certain aspects of instruction, it cannot yet replicate
the nuanced decision-making, contextual understanding, and responsiveness of human teachers (Holmes et al.,
2022; Zawacki-Richter et al., 2019). In mathematics education, the demand for systems that promote conceptual
understanding, abstract reasoning, and critical thinking remains high. Al-powered tools can provide adaptive
problem sets, intelligent tutoring, interactive simulations, and personalized feedback that support mathematical

exploration and learning (Awang et al., 2025; Lin et al., 2023).

However, current systems still struggle with deeper interpretive tasks and non-routine problem-solving. As noted
by Wu (2021) and Voskoglou and Salem (2020), while Al tools may aid comprehension, their effectiveness hinges
on how they are implemented and contextualized within broader teaching strategies. In light of this, the present
research seeks to assess the accuracy, reliability, and implications for mathematics learning of Al as perceived by

pre-service mathematics teachers. This work also considers how such technologies might influence the future of
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mathematics education, particularly regarding their role as instructional supports rather than replacements for

human educators.

Theoretical Bases

This study is anchored in three interrelated theoretical perspectives: constructivist learning theory, cognitive load
theory, and the emerging framework of human-Al partnership in education. Constructivist theory posits that
learners construct their understanding through active engagement with content and social interaction (Piaget,
1972; Vygotsky, 1978). In the context of Al-assisted mathematics learning, constructivism supports the use of
tools that encourage inquiry, exploration, and reflective thinking rather than passive information intake. Al
systems that provide interactive simulations or problem-solving feedback align with these principles by helping

learners build conceptual knowledge through engagement with dynamic content.

Cognitive load theory (Sweller, 1988) offers additional insight into how technology can support or hinder learning.
According to this framework, instructional design should minimize unnecessary cognitive effort, allowing learners
to focus on relevant problem-solving tasks. Adaptive Al systems can reduce extraneous cognitive load by tailoring
content difficulty, offering immediate clarification, and automating repetitive tasks. However, if poorly

implemented, such systems may introduce distractions or overly simplify tasks, limiting deep learning.

Complementing these theories is the human-Al collaboration framework, which emphasizes the need for a
balanced interplay between computational intelligence and human judgment (Seo et al., 2025; Meylani, 2024). In
education, this approach highlights how Al can augment teacher roles without replacing them (Seo et al., 2025;
Kolchenko, 2018). Al tools are most effective when they assist teachers in assessment, provide personalized
learning support, or automate routine tasks, allowing educators to concentrate on higher-level instructional
responsibilities (Kokku et al., 2018; Van der Vorst & Jelicic, 2019; Maghsudi et al., 2021). Together, these
frameworks guide the interpretation of Al's effectiveness in mathematics education, not merely in terms of speed
or automation, but in how it contributes to meaningful learning experiences (Maghsudi et al., 2021; Holmes et al.,
2022). The evaluation of Al’s accuracy and reliability in this study is thus grounded in pedagogical considerations
that prioritize learner autonomy, instructional quality, and cognitive engagement (Holmes et al., 2022; Seo et al.,

2025).

Method

Research Design

This study utilized a descriptive quantitative research design to evaluate the perceived accuracy, reliability, and
implications of Artificial Intelligence (AI) tools in mathematics education. Descriptive research is appropriate for
studies aiming to capture and interpret current perceptions or conditions without manipulating variables or
establishing causal relationships (Fraenkel & Wallen, 2012; Gall & Borg, 2007). Given the study's focus on how
pre-service mathematics teachers assess Al-based systems, this design enabled a detailed examination of

participants' insights from structured survey data. The descriptive approach enabled the researcher to explore the
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current state of Al integration in educational practice without intervening in instructional processes.

Sample Size, Sample, and Sampling Technique

The study involved 128 pre-service mathematics education students enrolled at the Philippine Normal University,
Visayas. The participants were selected through random sampling, ensuring that every eligible student had an
equal chance of being included. This sample size was determined using G*Power 3.1, a statistical power analysis
tool widely used in the social sciences. The power analysis was conducted to ensure adequate statistical reliability
and minimize the risk of Type II errors (Faul, Erdfelder, Buchner, & Lang, 2009). G¥Power enabled the researcher
to compute the minimum required sample size based on expected effect sizes, power level (0.80), and significance

threshold (a = 0.05), supporting the credibility of the study's findings.

Research Instruments

Data were collected through a researcher-developed survey instrument composed of three major sections:
Part I captured participants’ demographic and academic profiles.
Part II assessed perceptions of Al accuracy in mathematics learning. This part included 25 items
categorized into five domains: correctness of solutions, complexity of problems, speed and efficiency,
error analysis, and domain-specific accuracy.
Part III measured the perceived reliability of Al systems using an additional 25 items across five

domains: consistency, reproducibility, robustness, transparency, and error detection and correction.

Each item used a five-point Likert scale, ranging from 1 (strongly disagree) to 5 (strongly agree), allowing

respondents to indicate the extent to which they agreed with each statement.

Validity and Reliability of the Instruments

To establish content validity, the survey instrument was reviewed by five subject-matter experts in mathematics
education, research methodology, and educational technology. Reviewers examined each item to determine
whether the item is essential, essential but not important, or not essential. Based on reviewers’ feedback, several
items were retained, and others were revised. The developed research instrument Content Validity Ratio (CVR)
was 0.99, indicating a high level of validity and appropriateness for use in the study. The research instrument’s
reliability was evaluated through a pilot test with 32 students enrolled in a similar program who were excluded
from the main study. Using Cronbach’s alpha, the overall reliability coefficients were calculated as 0.93 for the
accuracy domain and 0.95 for the reliability domain. These values exceed the commonly accepted threshold of

0.70 for educational research, indicating a very high degree of reliability (Gliem & Gliem, 2003).

Statistical Data Analysis

The data collected were analyzed using descriptive statistical methods, specifically the mean and standard
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deviation, to evaluate participants’ perceptions of Al systems in the context of mathematics education. These
measures were employed to assess central tendencies and variability in responses related to the accuracy and
reliability of Al tools when applied to tasks such as problem-solving, feedback generation, and performance

consistency

Results and Discussion

This section presents the survey findings, structured around three central themes: the accuracy and reliability of
Al, and Al's implications for mathematics learning. Each theme is discussed in relation to the research objectives,

with attention to both confirming and contradictory responses across participant groups.

The Accuracy of AI when Applied to Tasks Related to Learning Mathematics

Table 1 summarizes respondents’ perceptions of Al's accuracy when applied to tasks related to mathematics
learning. The overall mean (M = 3.05, SD = 0.49) indicates that Als are perceived as performing at an average
level of accuracy. This finding suggests that while Al systems can be useful in routine mathematical applications,
they do not consistently excel across all functional areas. The relatively low standard deviation reflects general
agreement among participants. However, this average performance also points to the existing limitations of Al in

addressing deeper conceptual tasks and in supporting nuanced forms of mathematical reasoning.

Table 1. The Level of Accuracy of Al when Applied to Mathematics Learning

Accuracy Mean Sd Interpretation
Correctness of Solutions 2.93 0.64 Moderate
Complexity of Problems 2.77 0.61 Moderate
Speed and Efficiency 3.34 0.67 Moderate
Error Analysis 3.09 0.55 Moderate
Domain-Specific Accuracy 3.07 0.58 Moderate

As a Whole 3.05 0.49 Moderate

When assessing solution correctness, the results indicate a moderate mean score (M = 2.94, SD = 0.63). This
implies that while AI tools can often deliver correct answers, their reliability is not absolute. Learners may
encounter variability, especially with open-ended problems or questions requiring multiple solution steps.
According to Davis (2023), Al still struggles to handle word problems that require integrating mathematical
operations with real-world contexts. Gorban et al. (2018) have proposed error-filtering mechanisms using linear
discriminants, particularly effective in high-dimensional data environments. Such tools may enhance accuracy,

but current implementations in education remain imperfect.

In terms of problem complexity, Al systems were rated lower (M =2.78, SD = 0.60), reflecting student perceptions
that these tools are less capable of solving tasks that involve abstract thinking or multiple cognitive steps. As

problems become more intricate, students find that Al responses may lose coherence or relevance. Funke et al.
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(2018) emphasized that solving complex problems requires both cognitive modeling and strategic reasoning,
attributes that current Al systems do not fully replicate. The lower mean in this category points to a gap between

computational output and conceptual understanding.

Al systems performed best in speed and efficiency, which received the highest average score (M = 3.33, SD =
0.68). Respondents recognized Al's strength in rapidly processing mathematical inputs and producing quick
responses. However, despite this speed, accuracy, and explanation quality remain moderate. Studies have
highlighted that Al possesses significant computational advantages in processing large volumes of information
and automating routine tasks; however, efficiency and speed alone do not guarantee meaningful learning
outcomes, which depend on instructional design, learner engagement, and pedagogical quality (Holmes et al.,

2022; Maghsudi et al., 2021).

The relatively high standard deviation indicates that students' experiences with AI’s efficiency are not uniform,
likely influenced by the specific platform or task type. The error analysis results were also in the moderate range
(M = 3.08, SD = 0.56). This suggests that Al tools are somewhat capable of identifying mistakes, but may not
always offer clear or pedagogically sound corrections. While many systems can highlight errors, their feedback
is often limited to surface-level issues rather than deeper misconceptions. Ozkaya (2020) notes that many machine
learning-based Al tools are inherently probabilistic, making their behavior less predictable and harder to verify.
Recent research suggests that advances in meta-learning and adaptive Al systems can improve model
performance, generalization, and responsiveness to new tasks, offering promising directions for future educational

Al applications (Hospedales et al., 2021).

Lastly, domain-specific accuracy received a similar moderate evaluation (M = 3.08, SD = 0.59). This reflects a
perception that Al performs better within narrowly defined mathematical topics but less effectively across
integrated or interdisciplinary domains. Hendrycks et al. (2021), using the MATH dataset, demonstrated that even
large Al models fail to consistently solve high-school-level math problems, suggesting that mere scale does not
guarantee reasoning ability. Domain-specific strengths mirror patterns observed in human learning, where
expertise in one area does not always generalize across others (Scott & Berman, 2013). Researchers such as Islam
et al. (2022) and Hwang & Tu (2021) continue to explore Al systems tailored to learners’ specific needs through

personalization and explainable logic.

The Reliability of AT when Applied to Tasks Related to Learning Mathematics

The study assessed how pre-service mathematics students perceived the reliability of Al systems in performing
math-related instructional tasks. As shown in Table 2, the overall reliability was evaluated as moderate (M = 3.02,
SD = 0.58). This average rating reflects a cautious level of trust in Al's consistency and functionality. The
relatively low standard deviation suggests minimal variability in student perceptions, indicating that most
respondents shared similar experiences. However, this midpoint score also reveals that Al systems are not yet
widely viewed as highly dependable across diverse educational contexts. Factors such as task complexity, Al

design variability, and user interaction may contribute to these limitations.
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Table 2. The Reliability of AI when Applied to Mathematics Learning

Reliability Mean Sd Interpretation
Consistency 3.08 0.67 Moderate
Reproducibility 2.96 0.77 Moderate
Robustness 2.97 0.65 Moderate
Transparency 3.05 0.58 Moderate
Error detection and correction 3.01 0.72 Moderate

As a Whole 3.02 0.58 Moderate

In terms of consistency, Al systems received the highest score among the five indicators (M = 3.08, SD = 0.67).
This suggests that, on average, students found Al capable of producing stable results under similar conditions.
While some fluctuations exist, as reflected in the moderate spread, learners generally perceived Al as predictable
when faced with familiar mathematical problems. However, this does not imply full confidence. Prior research by
Davies et al. (2021) indicates that even consistent outputs do not always translate into reliable reasoning,

especially in tasks requiring abstraction or multi-step solutions.

The dimension of reproducibility was rated lower (M = 2.96, SD = (0.77), suggesting uncertainty about whether
Al can yield similar outcomes across different scenarios or users. The relatively high standard deviation here
suggests more varied responses, likely due to inconsistent experiences with Al tools. This mirrors broader
concerns raised by Gundersen and Kjensmo (2018), who found that reproducibility in Al research is compromised
by undocumented processes and variations in model training. Although Al shows promise in content delivery and

automation, this result reinforces the fact that it still lacks uniformity in its application.

When evaluating robustness, participants also gave an average rating (M =2.97, SD = 0.65). Students viewed Al
systems as moderately capable of handling new or unfamiliar inputs, but not reliably so. The relatively narrow
standard deviation suggests that most participants shared this view. This finding supports the work of Corso et al.
(2023), who emphasized that while some models demonstrate robustness to adversarial changes or dataset shifts,
most educational Al tools struggle to generalize beyond their programmed scope. For transparency, Al systems
also received a moderate score (M = 3.04, SD = 0.57). Respondents generally agreed that Al systems offer a
certain level of traceability in how they generate solutions, but not to a fully satisfactory degree. The standard
deviation shows that opinions were mostly aligned. This supports the insights of Schmidt et al. (2020), who noted
that although transparency is seen as essential for trust, it is not always perceived as helpful when paired with
inconsistent outputs. In practice, students may find it difficult to understand the logic behind Al decisions, limiting

their educational value.

The ability of Al systems to detect and correct errors was also assessed as average (M = 3.01, SD = 0.72). This
indicates that students view Al as somewhat capable of identifying mistakes, though with varying effectiveness.
The relatively wide spread in responses suggests inconsistencies in perceived reliability, possibly due to
differences in task complexity or the type of Al tool used. According to Blood et al. (2023) and Kim et al. (2021),

enhancing AI’s diagnostic functions requires both technical refinement and user-centered design. Current systems
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may detect surface-level errors but lack the deeper analytical capacity to provide corrective feedback aligned with

mathematical reasoning.

Implications for Mathematics Learning

This study set out to examine how artificial intelligence (Al) systems are perceived in terms of accuracy and
reliability when applied to mathematics learning. The results contribute to a growing body of research suggesting
that while Al can enhance certain aspects of instruction, particularly in processing speed and operational
efficiency, it remains limited in its ability to support higher-order mathematical reasoning. These limitations
emphasize the continued importance of human teachers in guiding conceptual understanding and critical thinking

in mathematics.

The findings point to several opportunities for future research and development. One area of focus should be
improving AI’s ability to navigate more complex and abstract mathematical problems, which are often less
structured and demand interpretive judgment. Additionally, strengthening AI’s capacity to provide accurate,
pedagogically meaningful feedback, especially in detecting and correcting errors, will be essential to maximizing
its instructional value. Further studies may also explore how Al tools can be designed to function more effectively

alongside human-led instruction, supporting rather than replacing teacher expertise.

From a policy and institutional perspective, these findings underscore the need for well-defined strategies around
the use of Al in classrooms. As adoption increases, educational stakeholders must ensure that Al applications are
pedagogically aligned, technically reliable, and implemented in ways that complement teacher instruction.
Policymakers should invest in systems tailored specifically to the challenges of mathematics education,
particularly those designed to enhance deep learning, conceptual exploration, and student engagement with non-
routine problems. This study does present some limitations. The focus on pre-service mathematics teachers may
not reflect the full diversity of Al users in educational contexts. Moreover, because the data were based on user
perceptions rather than direct technical assessments, the results reflect experiential perspectives rather than
empirical system evaluations. To build on these findings, future research could incorporate objective performance

metrics or real-time classroom implementations to measure the actual impact of Al tools.

Generally, while Al technologies show promise in enhancing mathematics instruction, especially in task
automation and basic procedural support, they are not yet sufficient to replace the instructional roles that require
interpretation, scaffolding, and adaptive feedback. Teachers remain central to the learning process, and as Al
capabilities continue to evolve, their integration must be approached with care, ensuring that technology

strengthens rather than substitutes the core functions of human instruction.

Conclusions and Recommendations

The findings show that artificial intelligence systems in mathematics education are perceived to perform at a

moderate level of accuracy and reliability across key dimensions, including accuracy, problem complexity,
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processing speed, and error identification. While participants acknowledged improvements in efficiency and
responsiveness, they also expressed concerns about the system’s capacity to manage complex, abstract, or open-
ended mathematical tasks that require reasoning beyond procedural execution. These outcomes highlight the
complementary role Al tools may play in classroom instruction. Specifically, Al appears well-suited to assist with
routine computations, provide real-time feedback, and, to some extent, personalize learning pathways. However,
its limitations in supporting higher-order thinking, conceptual clarity, and adaptive instruction confirm that human

educators remain vital to the teaching and learning process.

The study adds to ongoing scholarly discourse regarding both the promise and constraints of Al in educational
settings. While Al can increase access to learning tools and streamline repetitive instructional tasks, it has yet to
demonstrate consistent reliability or depth in addressing the cognitive demands of mathematics. Therefore,
strategic improvements in Al design, particularly in problem-solving ability, diagnostic feedback, and contextual
learning support, are necessary for broader, more meaningful classroom integration. Future research should
prioritize developing Al that is more context-aware and pedagogically aligned. Investigations could also explore
hybrid models in which Al works in tandem with educators to reinforce learning objectives and scaffold student
understanding. Moreover, longitudinal studies examining Al’s impact on actual learning outcomes across diverse

student populations would help deepen the evidence base.

While Al continues to evolve and demonstrates tangible benefits for certain aspects of mathematics education, it
does not yet possess the interpretive or instructional depth to replace teachers. Human facilitation remains critical,
particularly for tasks that require conceptual understanding, error diagnosis, and adaptive teaching strategies.
Ongoing collaboration between technologists, educators, and researchers will be essential to fully realize the

potential of Al as a supportive, not substitutive, educational tool.
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