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Abstract. The rapid development of artificial intelligence (AI) systems is transforming
educational practices across disciplines, including mathematics education in higher education. Al
technologies, particularly generative Al and intelligent tutoring systems, introduce new opportunities
for supporting teaching, learning, and assessment while simultaneously raising important
pedagogical, ethical, and methodological challenges. This paper presents a state-of-the-art narrative
review of recent research on Al in mathematics education in higher education. The review synthesizes
literature from the past five to seven years and organizes it around three interconnected domains:
teaching mathematics with Al learning mathematics with Al, and assessment with Al. The analysis
shows that Al has the potential to support instructional planning, adaptive feedback, and interactive
explanations, thereby expanding possibilities for differentiated learning and formative assessment. At
the same time, the literature shows critical concerns related to conceptual understanding, overreliance
on automated solutions, assessment validity, authorship, and academic integrity. Particular attention
is given to the design of Al-aware tasks and the need to foreground reasoning, interpretation, and
mathematical communication in assessment practices. The review identifies key research gaps
concerning classroom integration of Al, students’ interaction with Al as a learning partner, and the
development of Al-resilient assessment strategies. Implications are discussed for teacher education,
curriculum design, and educational policy.
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Introduction

The increasing availability of artificial intelligence (Al) based systems has begun to influence
educational research and practice across subject areas, including mathematics education. Recent
publications emphasize that Al systems differ from earlier generations of digital technologies in that
they are capable of adapting to user input, generating responses, and supporting decision-making
processes in instructional and learning contexts (1. Holmes et al., 2019) [1]. As a result, Al has been
discussed as an additional instructional tool, and as a technological development with the potential to
reshape established educational practices.

In mathematics education, digital technologies have long been studied with respect to their
roles in teaching, learning, and assessment. Research has documented how tools such as computer
algebra systems (CAS), dynamic geometry environments, and multimedia resources can support
mathematical activity, while also highlighting the challenges teachers face when integrating such
technologies into classroom practice (Clark-Wilson et al., 2021) [2]. More recently, policy and
research reports have suggested that Al systems introduce new questions that extend beyond those
previously associated with digital technologies, particularly because Al systems can generate
mathematical explanations, provide adaptive feedback, and interact with learners in real time ( Shah,
2023; UNESCO, 2023) [3, 4].

These developments have created a sense of urgency within mathematics education.
Mathematics plays a central role in Al-related societal developments, both as a foundational
discipline for technological innovation and as a school subject concerned with reasoning, modeling,
and problem solving [3]. At the same time, [4] has cautioned that the increasing use of generative Al
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in education raises immediate concerns related to equity, transparency, and assessment practices, all
of which are highly relevant for mathematics classrooms.

Against this background, several guiding questions emerge. First, what changes does Al bring
for teachers of mathematics in higher education? Research has begun to examine how Al systems
may influence teachers’ professional roles, particularly with respect to instructional decision-making,
responsibility, and pedagogical judgment (Kasneci et al., 2023; Selwyn, 2019) [5, 6]. These authors
emphasize that Al should be understood as shaping instructor work rather than replacing it, while
also noting the need for instructors to critically evaluate Al-generated outputs.

Second, how does Al mediate students’ learning of mathematics in higher education? Earlier
work on intelligent tutoring systems conceptualized Al as a form of classroom support capable of
guiding learners through feedback and adaptive responses (du Boulay, 2016) [7]. More recent
frameworks distinguish between different ways in which Al may be involved in learning processes,
ranging from Al-directed instruction to Al-supported and Al-empowered learning environments
(Ouyang et al., 2021) [8]. These perspectives shows that Al mediates learning by influencing how
students engage with tasks, representations, and feedback, rather than by simply delivering content.

Third, what happens to assessment validity in the presence of Al in higher education?
Educational measurement scholars have argued that Al-generated responses challenge traditional
assumptions about authorship, construct representation, and the interpretation of student performance
(Dorsey & Michaels, 2022; Williamson & Ecker, 2020) [9, 10]. These concerns are particularly
salient in mathematics education, where assessment has traditionally relied on written solutions as
evidence of students’ reasoning and understanding.

The purpose of this study is to provide a state-of-the-art overview of research addressing these
issues in mathematics in higher education. Following the structure adopted in recent work in the field
(Weigand et al., 2024) [11], we focus on three interrelated areas: teaching mathematics with Al,
learning mathematics with Al, and assessment with Al. By synthesizing recent research across these
areas, this paper aims to clarify current conceptualizations, identify emerging research orientations,
and outline challenges that require further investigation

Terminology and Methodological Considerations

As in the broader literature on digital technologies, research on Al in education employs a
variety of partially overlapping terms. These terms are sometimes used interchangeably, despite
referring to conceptually distinct systems and practices. To avoid ambiguity, we briefly clarify the
terminology adopted in this paper.

Al is used here as an overarching term to refer to computer systems designed to perform tasks
that typically require human intelligence, such as reasoning, learning from data, problem solving, and
decision making. In educational contexts, Al is commonly associated with systems that can adapt to
user input, analyze learner data, or generate responses based on computational models.

Within this broad category, generative Al refers to Al systems based on large-scale models
that are capable of producing new content, such as text, code, images, or mathematical solutions, in
response to user prompts (Bommasani et al., 2021) [12]. Recent educational research has emphasized
that generative Al differs from earlier educational technologies because it can autonomously generate
explanations and solution paths rather than merely supporting predefined instructional sequences [5].

A longer-standing line of research concerns intelligent tutoring systems (ITS). These systems
are designed to model aspects of students’ knowledge or problem-solving processes and to provide
feedback, hints, or instructional guidance accordingly [7]. ITS typically rely on structured domain
models and learner models and are therefore conceptually distinct from generative Al systems, which
do not necessarily incorporate explicit representations of curricular goals or student understanding.

Related to ITS are adaptive learning systems, which personalize instructional content or
learning trajectories based on learner data. Such systems adjust task sequences, feedback, or difficulty
levels through predefined rules or learner models, often with the aim of supporting individualized
learning pathways. While adaptive systems may incorporate Al techniques, they do not necessarily
generate new content in the way generative Al systems do.
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Another relevant concept is learning analytics, which refers to the measurement, collection,
analysis, and reporting of data about learners and their contexts for the purpose of understanding and
optimizing learning and learning environments. Learning analytics focuses primarily on data-driven
insight and decision support rather than on direct instructional interaction with learners and it is
therefore analytically distinct from tutoring or generative systems.

Finally, recent discussions have emphasized the importance of distinguishing between Al-
assisted and Al-generated work. Al-assisted work refers to student output in which Al tools support
human authorship, for example by offering feedback or suggestions, whereas Al-generated work
refers to outputs primarily produced by Al systems themselves [4]. This distinction has become
particularly important in relation to assessment, as Al-generated responses challenge traditional
assumptions about authorship and construct validity in educational measurement [9].

In this paper, we use artificial intelligence as an umbrella term, while distinguishing between
generative Al, intelligent tutoring systems, adaptive learning systems, and learning analytics where
analytically relevant. These distinctions provide a conceptual basis for the subsequent synthesis of
research on teaching, learning, and assessment in mathematics education.

Methodological Positioning of the Study

This paper adopts a state-of-the-art approach, also referred to as a narrative review, with the
aim of synthesizing and conceptually organizing recent research on Al in mathematics education in
higher education. State-of-the-art reviews are characterized by an expert-driven synthesis of
influential and emerging work, with a primary focus on identifying dominant research orientations,
conceptual developments, and open questions within a field (Barry et al.,, 2022) [13]. Unlike
systematic reviews, such reviews do not aim at exhaustive coverage or replicable search procedures
but instead seek to provide an integrative perspective that reflects the current status of research.

Consistent with this methodological orientation, the present review draws on a broad range of
sources, including peer-reviewed journal articles, conference proceedings, and selected policy and
research reports. Previous methodological analyses have emphasized that narrative and state-of-the-
art reviews often rely on multiple source types in order to capture both established research findings
and emerging discussions that may not yet be fully represented in journal publications [11].
Conference contributions and policy documents are therefore included where they provide insight
into current trends, conceptual debates, or research directions relevant to mathematics education.
Literature was identified through searches in databases such as Scopus, Web of Science, and Google
Scholar, using keywords related to artificial intelligence, mathematics education, and higher
education.

The time frame of the literature considered is primarily the most recent five to seven years,
reflecting the rapid development of Al technologies and their educational applications. At the same
time, earlier seminal contributions are included selectively where they provide necessary conceptual
or historical grounding for understanding contemporary research (Barry et al., 2022) [14]. This
combination of recent and foundational work is typical of state-of-the-art reviews, which aim to
situate current developments within a broader research trajectory.

Methodologically, the review is non-systematic and expert-driven. Narrative reviews have
been shown to play a complementary role to systematic and scoping reviews by enabling theoretical
integration, critical interpretation, and conceptual clarification that extend beyond procedural
mapping of the literature. While systematic and scoping reviews prioritize transparency and
reproducibility of search and screening processe), the present approach emphasizes analytical
coherence and interpretive synthesis.

The purpose of this methodological choice is field mapping and agenda setting. By organizing
the literature around the interrelated themes of teaching mathematics with Al, learning mathematics
with Al, and assessment with Al, the survey seeks to clarify how current research conceptualizes the
role of Al in mathematics education, to identify converging and diverging perspectives, and to
highlight issues that warrant further empirical and theoretical investigation [11, 13].

156



No4 (53) 2025 «Yessenov Science Journal»

Teaching Mathematics with Al

The increasing presence of Al in educational contexts has prompted renewed discussion about
the competencies required of teachers, including instructors of mathematics in higher education.
While earlier research on digital competence focused on teachers’ ability to integrate technological
tools into instruction, recent literature emphasizes that Al introduces additional demands related to
understanding system behavior, exercising pedagogical judgment, and assuming ethical and
epistemic responsibility [3,14]. As a result, teachers’ competencies in Al-rich environments cannot
be reduced to technical proficiency alone.

A central component of teachers’ Al competencies is Al literacy. Al literacy has been defined
as a set of understandings and skills that enable individuals to critically engage with Al systems,
including knowledge of how such systems function, what their limitations are, and how their outputs
should be interpreted (Guvercin, 2025; Long & Magerko, 2020) [15,16]. Reviews of the educational
literature further emphasize that Al literacy for teachers involves awareness of data use, algorithmic
bias, and uncertainty in Al-generated responses. For mathematics teachers, Al literacy is particularly
relevant because Al systems may produce mathematically correct-looking solutions or explanations
whose underlying reasoning is opaque or incomplete.

Beyond technical understanding, the literature consistently shows the importance of
pedagogical judgment in Al-supported teaching. Several authors caution against framing Al as a
substitute for teachers’ instructional decision-making, instead indicating that Al systems should be
understood as tools whose outputs require professional interpretation and contextualization [6].
Studies examining generative Al in educational settings similarly argue that teachers must decide
when, how, and for what purposes Al-generated content is pedagogically appropriate, rather than
relying on automated responses uncritically [5]. In mathematics education, this judgment is closely
connected to decisions about task selection, explanation quality, and the balance between procedural
fluency and conceptual understanding.

Closely related to pedagogical judgment is teachers’ ethical and epistemic responsibility when
working with Al systems. Policy-oriented and scholarly discussions underline that educators remain
accountable for instructional decisions, even when Al tools are involved in generating content or
feedback [4]. From an epistemic perspective, concerns have been raised about the trustworthiness,
transparency, and explainability of Al-generated outputs, particularly in domains such as
mathematics where correctness and justification are central [10]. Ethical frameworks for Al further
stress that teachers need to be attentive to issues of fairness, bias, and the responsible use of learner
data.

Rather than proposing entirely new competence models, recent research suggests that
teachers’ Al competencies can be understood as extensions of existing frameworks, such as
Technological Pedagogical Content Knowledge (TPACK), Artificial Intelligence Pedagogical
Content Knowledge (AIPACK) and DigCompEdu. The TPACK framework conceptualizes teacher
knowledge as an integration of content, pedagogy, and technology, and has been widely used to
analyze teachers’ technology-related competencies in mathematics education. The AIPACK
framework (Balta, 2025) [17] conceptualizes teacher knowledge as an integration of content,
pedagogy, and Al. Similarly, DigCompEdu provides a structured description of educators’ digital
competences, including professional engagement, pedagogical use of technology, and assessment
practices. Recent reviews argue that these frameworks remain relevant in the context of Al, but
require refinement to account for features such as automation, adaptivity, and content generation.

Teachers as Designers in Al-supported Environments

In mathematics education, teachers have long been conceptualized as implementers of
curriculum materials and also as designers of tasks and learning environments. Research on digital
technologies has emphasized that teachers’ design work involves selecting, adapting, and sequencing
tasks, as well as orchestrating tools and representations in ways that support students’ mathematical
activity. The introduction of Al systems extends this design role by introducing new forms of
interaction between teachers, tasks, and technological resources.
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One emerging aspect of teachers’ design work in Al-supported environments concerns prompt
design as task design. Studies on generative Al in education show that the prompts provided to Al
systems strongly influence the nature, quality, and pedagogical relevance of the generated responses
[5]. From an educational perspective, prompts can therefore be understood as instructional artifacts
that encode learning goals, constraints, and expectations, rather than as purely technical inputs. While
research on prompt design has largely developed outside mathematics education, it aligns with earlier
findings that task formulation plays a central role in shaping students’ engagement and reasoning
processes.

Closely related is the challenge of designing Al-supported mathematical tasks. Recent
discussions in mathematics education suggest that Al systems may be used to support task variation,
generate examples or counterexamples, and provide alternative solution strategies, but that these
possibilities need to be embedded within coherent task designs that foreground mathematical meaning
(Zreik, 2024) [18]. From this perspective, Al does not replace established principles of task design;
rather, it introduces additional design parameters related to automation, adaptivity, and content
generation. Earlier theoretical work on instrumentation and teachers’ documentation work remains
relevant here, as it emphasizes that tools shape mathematical activity through their affordances and
constraints, and that teachers play a key role in aligning these affordances with instructional
intentions.

A further dimension of teachers’ design work involves the orchestration of human—Al
interaction in classrooms. Research on technology-rich mathematics classrooms has shown that
teachers actively manage how tools are introduced, when they are used, and how students’
interactions with these tools are discussed and reflected upon. This notion of instrumental
orchestration provides a useful lens for understanding Al-supported instruction, as it foregrounds the
teacher’s responsibility for structuring learning situations and mediating students’ engagement with
technological resources. In the context of Al, orchestration includes decisions about when Al systems
are appropriate, how their outputs are interpreted, and how Al-mediated activity is connected to
mathematical discourse.

Policy-oriented and critical perspectives further stress that Al systems should be embedded
within teacher-led instructional frameworks, rather than operating autonomously in classrooms [1,
6]. These authors emphasize that teachers remain accountable for pedagogical decisions and learning
outcomes, even when Al systems contribute to content generation or feedback. As a result, human—
Al orchestration in mathematics classrooms is not primarily a technical issue, but a pedagogical one,
involving judgment about instructional goals, equity, and the role of automation in learning.

Al-enhanced Teaching Practices

Recent literature suggests that Al may influence teaching practices in mathematics education
in multiple ways, particularly with respect to lesson planning, differentiation, and instructional
support. Research and policy reports emphasize that Al systems can assist teachers by providing
suggestions, resources, or alternative representations, while leaving pedagogical decision-making
with the teacher. In this sense, Al is typically framed as a supportive technology rather than an
autonomous instructional agent.

One area where Al has attracted attention is lesson planning. Studies on generative Al indicate
that such systems can be used to generate draft lesson plans, examples, explanations, or assessment
items that teachers may adapt to their instructional goals [5]. These contributions are described as
potentially reducing preparation time and supporting idea generation, particularly when teachers
retain control over task selection, sequencing, and adaptation. However, existing research also
stresses that Al-generated plans require careful review, as they may not align with curricular
intentions or pedagogical principles without teacher intervention [1].

Al systems have also been discussed in relation to differentiation and scaffolding. Earlier work
on intelligent tutoring systems and adaptive learning environments demonstrates that Al-based
systems can provide individualized feedback, hints, or task progression based on learner responses
[7]. These features have been associated with opportunities for supporting learners at different levels
of understanding and pacing instruction more flexibly. At the same time, the literature notes that
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adaptive support is most effective when integrated into teacher-led instructional designs, rather than
functioning independently of classroom practices.

Alongside these opportunities, several authors show risks associated with Al-enhanced
teaching practices. One concern relates to the potential deskilling of teachers if instructional decisions
are increasingly delegated to automated systems [6]. From this perspective, reliance on Al-generated
content or recommendations may reduce opportunities for teachers to engage in reflective planning
and professional judgment. Related concerns involve overreliance on Al outputs, particularly when
teachers or students accept generated explanations or solutions without critical evaluation [5].

Issues of bias and fairness further complicate the use of Al in teaching. Ethical analyses and
policy guidance emphasize that Al systems may reflect biases present in their training data and that
these biases can influence instructional content or feedback in subtle ways. In mathematics education,
where correctness and justification are central, such biases raise questions about the trustworthiness
of Al-generated explanations and examples. Scholars therefore stress that teachers remain responsible
for monitoring Al use and for ensuring that instructional practices align with ethical and educational
standards.

Learning Mathematics with Al

Recent literature increasingly conceptualizes Al as a tool used by learners, and as a co-
participant in learning processes. This perspective reflects a shift from earlier views of educational
technology as a passive medium toward understandings of learning as distributed across humans and
technological systems. In the context of mathematics education, this shift raises questions about how
Al systems participate in explanation, tutoring, and feedback, and how such participation reshapes
students’ engagement with mathematical ideas.

One line of research frames Al as an explainer, tutor, or feedback provider. Earlier studies on
intelligent tutoring systems describe Al-based environments that model aspects of learners’
knowledge and provide adaptive feedback or guidance during problem solving [7]; VanLehn, 2011).
These systems are designed to respond to students’ actions in ways that resemble certain features of
human tutoring, such as step-by-step feedback or targeted hints. More recent discussions extend this
view to generative Al systems, which can produce explanations or solution strategies in response to
learners’ prompts, thereby offering new forms of interaction between students and mathematical
content.

Building on these developments, several authors propose understanding learning with Al
through a humans-with-Al perspective, which emphasizes the joint activity of learners and intelligent
systems. This perspective resonates with earlier theoretical approaches in mathematics education that
conceptualized learning as mediated by tools and representations, while acknowledging that Al
systems differ from earlier technologies due to their adaptive and generative capabilities. Frameworks
distinguishing between Al-directed, Al-supported, and Al-empowered learning further indicate that
Al may play different roles in learning activity, ranging from guiding learners’ actions to supporting
reflection and exploration [8]. In mathematics education, such distinctions have been used to discuss
how Al systems may influence students’ reasoning processes and engagement with representations
[18].

At the same time, the literature draws attention to tensions between productive struggle and
the availability of immediate answers provided by Al systems. Research on learning emphasizes that
struggling with challenging problems can play a productive role in increasing conceptual
understanding and deeper learning. From this perspective, the capacity of Al systems to generate
complete solutions or explanations on demand may risk short-circuiting opportunities for sense-
making if not carefully mediated. Studies examining generative Al in educational contexts caution
that learners may become overly reliant on Al-generated responses, potentially reducing engagement
in mathematical reasoning and problem solving (Dominguez-Gonzalez et al., 2023; Kasneci et al.,
2023) [5, 19].

Multiple resources: Al, CAS, DGS, and Paper-and-Pencil

Research in higher mathematics education has long emphasized that learning typically
involves the coordinated use of multiple resources, including symbolic tools, graphical
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representations, digital environments, and paper-and-pencil work. Rather than replacing existing
resources, Al systems are increasingly discussed as becoming part of a broader ecology of tools with
which students interact. From this perspective, understanding learning with Al requires attention to
how learners transition within, across, and beyond different resources.

Theoretical work on instrumentation shows that learners’ engagement with mathematical tools
involves processes through which artifacts become instruments for thinking, shaped by both the
affordances of the tools and the users’ schemes of action Subsequent research has shown that students
frequently move between different tools, such as CAS, dynamic geometry software (DGS), and
paper-and-pencil, during mathematical activity, and that these transitions play a central role in
meaning making. Recent discussions suggest that Al systems can be understood within this
framework as additional resources that learners may draw upon, rather than as standalone
environments [18].

Within Al-supported environments, transitions within tools may occur when learners interact
iteratively with an Al system, for example by refining prompts or interpreting feedback. Transitions
across tools involve movement between Al systems and other resources, such as using Al-generated
explanations alongside CAS output or DGS constructions. Finally, transitions beyond tools refer to
moments when learners disengage from digital environments to reason with paper-and-pencil or
verbal explanations. Prior research on technology integration indicates that such transitions are not
incidental but are integral to students’ mathematical activity, as they support comparison, verification,
and reflection.

A related line of research concerns representational fluency, understood as learners’ ability to
interpret, transform, and coordinate multiple representations of mathematical ideas. Conceptual
frameworks emphasize that learning is supported when learners can flexibly move between symbolic,
graphical, numerical, and verbal representations, while recognizing their distinct roles and
limitations. Technology-enhanced learning environments have been shown to influence how students
engage with representations, sometimes foregrounding particular forms while backgrounding others.

In Al-supported contexts, representational fluency takes on additional dimensions. Al systems
can generate representations dynamically, including symbolic expressions, graphs, verbal
explanations, or visualizations, potentially supporting learners’ exploration of mathematical
relationships. At the same time, the literature cautions that automatically generated representations
may obscure underlying structures if learners engage with them uncritically. Studies comparing
different technology-enhanced environments suggest that learning outcomes depend on the
availability of representations, and on how learners are guided to interpret and connect them (Ng et
al., 2020) [20].

Opportunities and Risks for Mathematical Understanding

The growing use of Al in mathematics learning environments has prompted renewed
discussion about its potential contributions to, and risks for, students’ mathematical understanding.
Existing research shows that Al systems may support learning in certain respects, while also
introducing challenges related to misconceptions, reliability of explanations, and equity. From a
mathematics education in higher education perspective, these opportunities and risks need to be
examined in relation to conceptual understanding, the emergence of erroneous reasoning, and
differential access to Al-supported learning.

With respect to conceptual understanding, research on technology use in mathematics
education consistently emphasizes that digital tools can support meaning-making when they facilitate
connections between representations and encourage reflection on underlying concepts. Recent
discussions of Al in mathematics education extend this view by showing that Al systems may offer
new forms of explanation, feedback, and representational support that can potentially enrich students’
engagement with mathematical ideas [18]. However, studies of advanced tools such as computer
algebra systems also caution that conceptual understanding does not automatically follow from tool
use; rather, it depends on how learners interpret outputs and justify results within mathematically
meaningful activity.
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At the same time, the literature points out to the risks related to misconceptions and incorrect
explanations, which have gained renewed attention in discussions of generative Al. Research on
learning has long shown that learners’ misconceptions can be locally coherent and resistant to change,
making them difficult to detect and address. In the context of Al-supported learning, this concern is
compounded by the fact that Al systems may generate explanations or solutions that appear plausible
while being mathematically incorrect. Studies examining large language models document systematic
instances of such erroneous outputs, often referred to as “hallucinations,” which may mislead learners
if accepted uncritically (Borji, 2023) [20]. Educational analyses further warn that the fluency and
confidence of Al-generated responses can obscure underlying errors, posing challenges for learners
who lack the expertise to evaluate correctness [5].

Beyond issues of correctness, scholars also raise concerns about equity and access in Al-
supported mathematics learning. Critical analyses of Al in education argue that access to Al
technologies is unevenly distributed and that existing social and educational inequalities may be
reinforced rather than mitigated by their use [6]. Policy guidance similarly emphasizes that Al
systems may embed biases related to language, culture, or prior data, which can affect the quality and
fairness of learning opportunities [4]. From this perspective, Al-supported learning environments
may differentially benefit students depending on their access to technology, prior knowledge, and
support structures. Broader analyses of Al in education further situate these concerns within political
and economic contexts that shape how Al systems are developed and deployed, showing the need for
transparency and accountability Williamson & Eynon, 2020) [21].

Assessment with Al

Al in Formative and Summative Assessment

The increasing use of Al in higher educational contexts has prompted renewed discussion
about its role in assessment, particularly with respect to formative and summative purposes. Existing
research distinguishes between using Al with assessment, where Al supports assessment processes,
and assessment conducted through Al, where Al systems assume a more central role in generating
judgments or scores.

Several authors argue that Al can contribute to assessment practices when it is used in support
of human judgment, rather than as a substitute for it. Analyses of Al and automated scoring show that
Al systems may assist with tasks such as organizing evidence, generating feedback, or supporting
scoring processes, but that assessment decisions ultimately require interpretive judgment to ensure
construct validity and accountability. From this perspective, assessment with Al refers to the use of
Al as a tool that augments assessment practices without displacing human responsibility.

In contrast, assessment through Al involves a greater delegation of evaluative functions to
automated systems. Research in educational measurement cautions that such delegation raises
concerns related to transparency, interpretability, and the alignment between assessment outcomes
and intended constructs [9]. Earlier work on digital assessment similarly stresses the importance of
distinguishing between technology-supported assessment and technology-driven assessment,
particularly in contexts where assessment outcomes carry significant consequences for learners.
These concerns are especially salient in mathematics education, where assessment often serves as
evidence of reasoning, understanding, and justification.

A further line of research shows the potential of Al to support continuous feedback systems,
which are closely associated with formative assessment. Studies on formative feedback emphasize
that timely, specific, and task-focused feedback can support learning when it is integrated into
instructional activity. Al-based systems, including intelligent tutoring systems, have been shown to
provide ongoing feedback during problem solving, adapting responses to learners’ actions and
offering guidance without assigning final judgments [7]. Such feedback mechanisms align with
conceptions of formative assessment that emphasize learning support rather than evaluation.

The literature consistently indicates that Al aligns more readily with formative purposes,
where feedback and adaptation are central, than with summative purposes that require stable
interpretations and defensible judgments. Policy-oriented and conceptual analyses suggest that Al-
supported feedback systems may contribute to formative assessment by enabling more frequent
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feedback cycles and supporting teachers in monitoring student progress [1]. However, these
contributions do not change the fundamental distinction between formative and summative
assessment. Formative assessment is defined by its function in supporting learning, whereas
summative assessment serves to evaluate learning outcomes at particular points in time.

Al-generated Feedback and Adaptive Assessment

A growing body of literature discusses the use of Al to generate feedback and to support
adaptive assessment processes. These developments raise questions about the reliability and
transparency of Al-generated feedback, as well as about the balance between personalization and
standardization in assessment practices. From an assessment perspective, these issues are central to
determining how Al-supported systems align with established principles of validity and fairness.

Without insight into how feedback is generated or how learner responses are interpreted, it
becomes difficult for educators and learners to judge the appropriateness of Al-supported assessment
outcomes. Research on Al-based and automated assessment show that Al systems can produce
feedback and scoring with a high degree of consistency, particularly when models are trained on large
datasets and apply stable decision rules (Williamson & Bejar, 2020). Such consistency is often
presented as an advantage in comparison to human scoring, which may vary across raters or contexts.
However, assessment scholars caution that reliability alone is insufficient; Al-generated feedback
must also be transparent and interpretable in order to support valid assessment use [9].

Concerns about transparency are particularly salient in adaptive assessment systems, where
feedback and task selection are dynamically adjusted based on inferred learner states. Research on
adaptive learning technologies indicates that such systems rely on underlying models of learner
knowledge, which necessarily involve assumptions about learning progressions and performance
indicators. While these models can support responsive feedback, the literature emphasizes that their
functioning should be made explicit to ensure that teachers can interpret results and intervene
appropriately. From this perspective, transparency is closely linked to accountability, as opaque
systems limit opportunities for professional judgment and critical evaluation.

A further theme in the literature concerns the tension between personalization and
standardization. Adaptive assessment systems are designed to tailor feedback, task difficulty, or
learning paths to individual learners, thereby supporting differentiated learning experiences. Such
personalization aligns well with formative assessment purposes, where variation across learners is
both expected and pedagogically meaningful. At the same time, assessment theory show that
standardization is essential when assessment outcomes are used for summative or comparative
purposes.

Studies of adaptive educational systems therefore stress the importance of clarifying
assessment purposes when deploying Al-generated feedback. Personalized feedback may be
appropriate and beneficial for supporting learning, but its use in evaluative contexts requires careful
consideration of how results are interpreted and compared. Assessment researchers caution that
blending formative and summative purposes within the same adaptive system can lead to ambiguity
about what assessment outcomes represent and how they should be used [9].

Validity, Authorship, and Academic integrity

The integration of Al into educational contexts raises fundamental questions about assessment
validity, authorship, and academic integrity. In particular, the availability of Al systems that can
generate text, solutions, or explanations challenges traditional assumptions about what constitutes
student work and how assessment evidence should be interpreted. From an assessment perspective,
these issues are central because validity depends on a clear relationship between observed
performance and the constructs being assessed.

Assessment scholars argue that Al complicates the interpretation of assessment evidence by
weakening the link between a student’s knowledge or skills and the products submitted for evaluation
[9]. When AI systems contribute to the generation of responses, it becomes less clear whether
assessment outcomes reflect individual understanding, collaborative activity, or automated
assistance. Similar concerns have been raised in discussions of automated scoring, where the
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involvement of technological systems requires explicit consideration of how performance evidence
is produced and interpreted [10].

Related discussions focus on authorship and originality. Research on Al-assisted writing and
problem-solving shows that Al blurs established distinctions between independent work, permitted
assistance, and inappropriate substitution. Rather than framing these challenges solely in terms of
misconduct, recent scholarship emphasizes the need to clarify expectations about disclosure,
collaboration, and the acceptable use of Al tools. From this perspective, academic integrity concerns
are closely connected to assessment design and institutional norms, rather than to individual student
behavior alone.

These challenges have prompted renewed interest in authentic assessment redesign. The
literature on authentic assessment emphasizes tasks that require learners to demonstrate
understanding through meaningful performances, contextualized problem solving, and reflective
processes. Such approaches shift the focus from static products to processes and reasoning, thereby
reducing the relevance of simple reproduction or outsourcing of answers. In Al-rich contexts,
authentic assessment is discussed as a way to preserve validity by aligning assessment tasks more
closely with learning goals that cannot be easily delegated to automated systems.

Policy-oriented analyses and integrity research further argue that responses to Al-related
challenges should extend beyond detection or prohibition. Instead, they call for systemic approaches
that integrate transparency, ethical guidance, and pedagogical redesign. Critical perspectives caution
that surveillance-oriented responses may raise equity and trust concerns, while failing to address
underlying questions about what assessment is intended to measure [6]. From this viewpoint,
academic integrity in the age of Al is a technical issue, and a conceptual and educational one.

Task Design for AI-aware Assessment

The availability of Al tools capable of generating complete solutions and explanations has
intensified attention to assessment task design. In Al-rich contexts, the validity of assessment depends
increasingly on tasks that elicit evidence of students’ reasoning, interpretation, and decision-making,
rather than on final products alone. As a result, existing research on authentic and process-oriented
assessment has gained renewed relevance.

One line of work emphasizes the value of oral examinations, portfolios, and process evidence
as sources of assessment information. Research on educative and authentic assessment argues that
understanding is more accurately inferred when learners are required to explain their reasoning,
justify decisions, and reflect on their work. Oral questioning and dialogic assessment practices allow
assessors to probe students’ thinking and to clarify how responses are constructed, thereby reducing
ambiguity about authorship and assistance. Similarly, portfolio-based assessment foregrounds
learning processes over time by documenting intermediate products, revisions, and reflections,
offering a richer basis for interpretation than single, decontextualized responses.

The assessment literature further suggests that process-oriented evidence aligns closely with
formative assessment principles. Classroom-based assessment research highlights that evidence
gathered through discussion, observation, and ongoing documentation can support valid inferences
about learning while remaining integrated with instruction. In Al-supported environments, such
approaches may provide insight into how learners engage with tasks and resources, including Al
systems, rather than focusing solely on outputs that could have been externally made.

A complementary body of research addresses the design of Al-resilient mathematics tasks,
that is, tasks whose assessment value does not depend on restricting access to tools but on the nature
of the mathematical activity involved. Tasks that foreground creative reasoning provide assessment
evidence that extends beyond what can be captured by automated solution generation. Studies on task
design in mathematics education emphasize that tasks requiring explanation, comparison of
strategies, and interpretation of errors are less amenable to simple answer reproduction (Swan, 2005).
Similarly, theoretical work on mathematical reasoning distinguishes between imitative reasoning,
which follows known procedures, and creative reasoning, which requires learners to construct and
justify solution paths (Lithner, 2008).
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Research on cognitively demanding tasks further supports this perspective. Tasks that
maintain high levels of cognitive demand require learners to make sense of concepts, connect
representations, and articulate reasoning throughout the problem-solving process. In the context of
Al, such tasks shift the focus of assessment from producing correct answers to demonstrating
understanding through argumentation and interpretation. Assessment scholars note that preserving
validity under these conditions depends on aligning task demands with the intended constructs, rather
than on attempting to control tool use directly [9].

From a mathematics education standpoint, competence-oriented frameworks reinforce the
importance of assessing processes such as reasoning, communication, and modeling (Niss &
Hgjgaard, 2019). Recent discussions of Al in mathematics education argue that the ease with which
solutions can be generated heightens the importance of tasks that assess how learners interpret results,
evaluate methods, and connect representations [18]. These perspectives show continuity with
longstanding principles of task design, while also indicating their renewed significance in Al-aware
assessment contexts.

Conclusion and Future Agenda

This review set out to examine how Al is reshaping mathematics education across the
interrelated domains of teaching, learning, and assessment. Rather than treating Al as a discrete
innovation, the review situated Al within established theoretical and methodological traditions of
mathematics in higher education. From this perspective, Al emerges not as a disruptive replacement
of existing practices but as a development that amplifies longstanding questions about pedagogy,
learning processes, and assessment validity.

Across the literature, several promising directions can be identified. In teaching, Al appears
to offer support for lesson planning, task adaptation, and feedback generation, particularly when
teachers retain professional judgment and design responsibility. The extension of existing
competence frameworks, such as TPACK, AIPACK and DigCompEdu, suggests continuity rather
than rupture in how teacher competencies are conceptualized.

In learning, the framing of Al as a co-participant highlights opportunities for interactive
explanation, adaptive feedback, and representational support. When integrated alongside other
mathematical resources, such as CAS, DGS, and paper-and-pencil, Al may contribute to learners’
engagement with multiple representations and to exploratory activity. Similarly, in assessment, Al
shows potential in supporting formative practices through continuous feedback systems that align
with established theories of formative assessment.

Unresolved Issues. At the same time, the literature reveals a number of unresolved issues. A
persistent concern relates to the balance between automation and professional judgment. While Al
systems can generate explanations, solutions, and feedback, questions remain about when such
outputs support learning and when they risk undermining conceptual understanding or productive
struggle.

In assessment, unresolved tensions persist between personalization and standardization,
particularly when adaptive systems are used in contexts that require comparability and defensible
judgments. The meaning of assessment evidence becomes increasingly ambiguous when Al
contributes to the production of student work, raising ongoing questions about validity, authorship,
and integrity.

Equity and ethical considerations also remain insufficiently resolved. Differences in access to
Al tools, variability in data quality, and the potential for algorithmic bias complicate claims about the
educational benefits of Al. These issues extend beyond technical design and point to broader
structural and governance challenges.

Research Gap. The review points to several research gaps that warrant systematic
investigation. Empirical research remains limited with respect to how teachers actually integrate Al
into mathematics classrooms over time, including how they design tasks, orchestrate resources, and
interpret Al-generated outputs. Similarly, more research is needed on how students engage with Al
as a learning partner, particularly in relation to reasoning, sense-making, and the development of
mathematical understanding. In assessment, there is a lack of empirical studies examining how Al-
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aware task designs function in practice and how different forms of process evidence are interpreted
by teachers and institutions. Conceptual work is needed to refine theoretical frameworks that account
for AI’s adaptive and generative features while remaining grounded in established mathematics
education theory.

Implications for Teacher Education. For teacher education, the findings suggest a need to
move beyond technical training toward developing Al literacy that encompasses pedagogical
judgment, ethical awareness, and assessment competence. Preparing mathematics instructors
involves helping them critically evaluate Al outputs, design Al-supported tasks, and make informed
decisions about when and how Al should be used.

In terms of curriculum design, Al shows the importance of tasks that foreground reasoning,
interpretation, and representation. Curricula that emphasize mathematical processes rather than
isolated products appear better aligned with Al-rich environments, where solution generation is
readily available. Designing opportunities for students to engage critically with Al-generated
representations and explanations becomes an increasingly relevant curricular concern.

At the level of policy and ethics, the literature shows the need for clear guidance on acceptable
Al use, transparency, and accountability. Policies focused solely on detection or prohibition risk
overlooking deeper questions about assessment purposes and educational values. Instead, policy
frameworks need to address equity, data governance, and the ethical responsibilities of institutions,
teachers, and technology providers.

Overall, the reviewed literature suggests that Al does not fundamentally alter the core aims of
mathematics in higher education, but it does intensify existing challenges related to teaching quality,
learning processes, and assessment validity. Addressing these challenges requires continued dialogue
between mathematics education research, educational practice, and policy, as well as sustained
empirical and theoretical work that keeps pedagogical goals at the forefront of Al integration.
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BbICHIEE MATEMATHUYECKOE OBPA3OBAHUE H HUCKYCCTBEHHBII
HUHTEJUIEKT: COBPEMEHHBIN HAPPATUBHBIN OB30P IIPEIIO/IABAHUAA,
OBYYEHUA U OHEHNBAHUA

Hypu baara
Yuusepcurer SDU, Anmarsl, Kazaxcran
e-mail: nuri.balta@sdu.edu.kz

AnHoranusi. CTpeMHTENbHOE pa3BUTHE CHCTEM HMCKycCTBeHHOTro uHTteuiekra (M)
TpanchopMupyer 00pa3oBaTelbHbIE TPAKTUKHU B PA3JIMUHBIX 00JIACTSIX, BKJIIOYAsi MAaTEMaTHYECKOE
obOpazoBanue B Bblciied mkone. TexHomormn WM, B wyactHocTm reHepatuBHbli WU u
HMHTEJUICKTyaJIbHbIE OO0YYalolllie CHUCTEMbI, OTKPBHIBAIOT HOBBIE BO3MOXKHOCTH IS TOJIEPIKKH
npernojaBaHus, OOy4eHHs W OIICHHBAHHS, OJHOBPEMEHHO CO3/aBas Ba)KHbIE IEJaroruueckue,
ATUYECKME W METOJOJIOTUYECKUE BBI3OBbL. B MTaHHOW cTaThe MPEACTABIECH COBPEMEHHBIN
HappaTUBHBIM 0030p TOCIEIHUX HCCIEIOBAaHHUM, TOCBIIMIEHHBIX HcMonb3oBanuiw WU B
MaTreMaTHu4ecKoM oOpa3oBaHMHM B BhIcIIed mikoje. O630p 0000maeT auTeparypy 3a IMOCIEIHHE
MATb—CEMb JIET U CTPYKTYPUPYET €€ BOKPYT TPEX B3aMMOCBS3aHHBIX HAINlPaBJICHUI: MPENoJaBaHue
MaTeMaTuKu ¢ ucrojb3oBannem MU, obyuenne maremarnke ¢ ucrnoib3oBanneM MU u onennBanme
¢ npuMeHenuem M.

Ananmu3 mokaseiBaeT, 4to MW o6mamaer moTeHmHWATIOM HJisi TMOJACPKKH IUIAHUPOBAHUS
oOydeHus, MPEJOCTaBICHHUS aJanTHUBHOW OOpaTHON CBSI3M U HHTEPAKTUBHBIX OOBSICHEHH, TeM
CaMbIM pacIIupsisi BO3MOXKHOCTHU U depeHIIPOBAaHHOTO 00yUYeHHS U (POPMUPYIOIIETO OLIEHUBAHUSI.
B To e BpeMs B nMTepaTrype OTMEUAIOTCs CEpbE3HBIC MPOOJIEMBI, CBS3aHHBIE C MOHMMAaHUEM
MAaTeMaTUYECKUX KOHUEMIMNN, YPEe3MEPHON 3aBUCUMOCTHIO OT aBTOMATH3MPOBAHHBIX PEIICHUU,
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BaJIMIHOCTBIO OLIEHUBAHUSI, aBTOPCTBOM U aKaJIEMHUYECKOM T0OPOCOBECTHOCTRI0. OCc000€ BHUMaHNE
yaensiercss pa3paboTke 3agaHuil ¢ yuétoM ucrosib3oBanust MMM 1 HeoOX0AMMOCTH aKLIEHTUPOBATH
BHUMaHUE Ha PACCYXKJICHUU, WUHTEPIPETALUU U MATEeMaTHYECKOM KOMMYHHMKALlUU B TPAKTUKE
OLICHUBAHUSI.

B o0030pe Takke BBIABISIOTCS KIIOYEBBIE MPOOEIBI B HCCICIOBAHUSAX, KacaroIIuecs
uHterpanun MM B yueOHBIN mporecc, B3aumojeicTBus cryiaeHToB ¢ MU kak ¢ mapTHEpOM B
o0OydeHuH, a Takxke pa3padorku yctonunBeix K U crpateruit onennBanus. O0CyX1at0TCs BEIBOIBI
U pPEeKOMEHJAIMH [UIsl TOATOTOBKM TperojaBaresieil, pa3paboTKu Yy4eOHbIX MporpamMmMm U
00pa30BaTENbHON MOJTUTUKH.

KiroueBble cj10Ba: WCKYCCTBEHHBIM MHTEIUICKT B 00pa3oBaHUM; TeHepaTuBHbIA WU;
MaTeMaTHueckoe oOpa3oBaHue; BbIcIIee oOpazoBanue; o0yueHue ¢ noanepxkoi MU; onennBanue ¢
yuérom NU; komnerenuuu npenoaasatens; MA-rpaMoTHOCTS.

KOFAPBI BIIIMAEI'T MATEMATHKAIA )KACAH/IbI HTHTEJIJIEKT: OKBITY,
OKY KIOHE BATAJIAYbIH KA3IPT'T )KAFIAUBIHA APHAJIFAH HAPPATUBTIK
moJay

Hypu baara
CIY Vuusepcureti, Anmmatsel, Kazakcran
e-mail: nuri.balta@sdu.edu.kz

Anparna. Xacannel unremiekt (OKN) xkyiienepiniH KapKbIHABI JaMybl TYPJIl cajanapaarsl
OumiM Oepy ToxipuOeNnepiH, COHBIH INIHAC JKOFapbl OUTIMIEriT MaTeMAaTHKAIBIK OuTiM Oepynmi e
e3reprin xatblp. JKM TexHonorusnapsl, ocipece reHepaTunTi KM MeH MHTEUIEKTYaabl OKBITY
KYHenepi, OKbITY, OKY KoHe Oarasiay bl KOJIIAy/ IbIH )KaHa MYMKIHAIKTePiH YChIHA OTHIPHII, COHBIMEH
KaTap MaHbI3/1bl [1€1arOrMKaJIbIK, STUKAJIBIK JKOHE 9/IICHaMaJIbIK Macelesiep/ii 1€ TybIHAaTaabl. by
Makaiazga >Korapbl OumiMaeri marematukaiblk Oimim Oepyne XU kommanyra apHaiaFaH COHFBI
3epTTeyJepiH 3aMaHayd HappaTHBTIK IIOJybl YChIHbUIAABL. [llomy coHFbl Oec—KeTi >KbUIJaFrbl
oneOueTTepl KWHAKTAM, OJapabl e3apa OailmaHbICThl ymI OarblT OoMbIHIIA >xyheneimi: KU
KeMeTiMeH MaTeMaTHKaHbl OKbITY, K keMeriMen maremaTtukansl oKy skoHe JKU Herizinge Oaranay.

Tannay wotmxenepi KU-miH oKy mpolieciH >kocmapiayabl KojjayFa, OelimiaenreH Kepi
OaiiaHpIC YChIHYFa ’KOHE MHTEPAKTHBTI TYCIHAIpYJiep Oepyre MyMKIHIIK OepeTiHiH, COJl apKbLIbI
capajaHfaH OKbITY MEH KaJbIITAaCThIPYIIbl Oarajiay/IblH MYMKIHAIKTEpIH KEHEUTETIHIH KepCceTel.
CoHbIMEH KaTap, oneOMeTTep/ie MaTeMaTHKalblK YFBIMAAPAbI TYCIHY, aBTOMATTaHJBIPBIIFaH
Hmenrmaepre maMaaaH ThIC TOYENIUTIK, OaralayablH BaTUATUIIT, aBTOPJIBIK JKOHE aKaJIeMMSUIBIK
a/laJIbIKKa KaThICTHI eNeyJIl Macenenep Jie aramn otineni. Epexme Hazap XK-ai eckepin 93ipiaeHeTiH
TanceIpMaIapApl KoOanayra KoHe Oaranay ToXIPHUOECIHAE MoMeNiey, WHTEPHpPETalus KoHE
MaTEeMaTHKAIBIK KOMMYHHKAIUsAFa 0aChIMIBIK OepyIiH KaXKEeTTUTITIHE ayAapblaaibl.

[Monyna conpaii-ak XKU-ai oKy mporiecine enrizy, cryaeHtrepaid XKH-MeH oky cepikreci
periHae e3apa opekerrecyl koHe JKM-re TesiMai Oaranay cTpaTerHsUIapblH 93ipiieyre KaThICThI
HETI3T1 3epTTey OJIKBUIBIKTaphl aHBIKTaNanbl. llemarorrapasl maspriay, oKy OarmapiaManapbiH
a3ipiiey oHe O11iM Oepy casicaTblHa KaThICThl KOPBITHIH/IBIIAP MEH YCHIHBICTAP TAJIKbIJIAHAbI.

Tyitin ce3aep: OimiM Oepypaeri >kacaHabpl MHTEINEKT;, reHepatuBTi JKM; MaremaTwkaibiK
6imim Oepy; xorapsl OimimM; KM kommayeimeH okbiTy; JXKUM-re Oelfimaenren Oaranay; MyFasliM
Ky3bIperTinikTepi; XKW cayaTThUIBIFbI.
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