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Generative Artificial Intelligence (GenAl) provides personalised explanations, immediate feedback, and interactive
problem-solving support; however, evidence of its effectiveness in strengthening mathematical reasoning in
developing educational contexts remains limited. This study developed an Al-Assisted Mathematics Learning Model
and illustrated its evaluation through a quasi-experimental mixed-methods design involving 120 secondary school
learners and 10 mathematics teachers. Learners were divided equally between a GenAl-assisted experimental group
and a conventional-instruction control group. Data were obtained through mathematical reasoning tests,
questionnaires, classroom observations, and semi-structured interviews. In the analysis, the experimental group
achieved a significantly higher adjusted post-test mean than the control group, F(1,117) = 180.96, p < .001, partial n?
= .607. Synthetic qualitative evidence illustrated potential benefits related to personalised explanations, immediate
feedback, strategy comparison, and reflective problem-solving, while highlighting concerns about inaccurate
responses, learner dependence, technological access, and teacher mediation. The proposed model provides a
structured framework for investigating the responsible integration of GenAl into Namibian secondary school
mathematics education.

Keywords: Generative Atrtificial Intelligence; mathematics education; mathematical reasoning; secondary school
learners.

1. Introduction
11 Background of the Study

Mathematical reasoning is a central objective of mathematics education because it enables learners to analyse
problems, formulate conjectures, construct logical arguments, justify solutions, and apply mathematical knowledge in
routine and non-routine situations (Kilpatrick et al., 2001 ; National Council of Teachers of Mathematics, 2014).
Accordingly, contemporary mathematics curricula increasingly emphasise conceptual understanding, critical thinking,
problem-solving, and mathematical communication rather than procedural fluency alone. Nevertheless, many
secondary school learners continue to experience difficulty in developing these competencies, particularly in learning
environments dominated by memorisation, algorithmic procedures, and teacher-centred instruction.

Recent developments in artificial intelligence (Al), especially generative artificial intelligence (GenAl), have created
new opportunities for supporting mathematics teaching and learning. GenAl applications such as ChatGPT, Gemini,
and Microsoft Copilot can generate personalised explanations, provide immediate feedback, suggest alternative
solution strategies, and facilitate interactive mathematical discussions. These capabilities may strengthen conceptual
understanding and mathematical reasoning by allowing learners to examine multiple representations, compare
solution methods, identify errors, and receive support throughout the problem-solving process (Kasneci et al., 2023;
Miao and Holmes, 2023; Walkington, 2025).

The educational value of GenAl, however, depends on how it is incorporated into classroom practice. Uncritical
dependence on Al-generated solutions may reduce learners’ engagement in independent reasoning and encourage
the reproduction of answers without adequate conceptual understanding. GenAl systems may also produce
inaccurate, incomplete, or misleading mathematical explanations. Teacher mediation, verification of Al-generated
content, and explicit instruction in the critical use of Al are therefore necessary for meaningful and responsible
implementation (Giannakos et al., 2025; Kasneci et al., 2023; Miao and Holmes, 2023; UNESCO, 2021b).

Evidence from Namibia has begun to illustrate both the possibilities and constraints associated with Al-supported
mathematics education. For example, Elifas and Simuja (2024) examined the experiences of 13 mathematics teachers
who integrated Al technologies into rural upper-primary mathematics classrooms in Namibia. The study reported
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perceived improvements in learners’ mathematical comprehension, visualisation, and problem-solving. However, it
also identified inadequate infrastructure, limited access to digital devices, insufficient teacher training, and a shortage
of culturally relevant Al resources. Similarly, Stefanus et al. (2025) found that Namibian teachers demonstrated positive
intentions to adopt Al, although limited resources and low perceived behavioural control remained important
implementation barriers.

These studies provide valuable contextual evidence, but they do not establish whether GenAlassisted instruction
produces measurable improvements in the mathematical reasoning of secondary school learners. In particular, limited
quasi-experimental evidence is available comparing GenAl-assisted instruction with conventional teaching while
simultaneously examining learners’ and teachers’ experiences. The present study addressed this gap by investigating
the effect of structured GenAl-assisted instruction on learners’ logical reasoning, conceptual understanding, problem-
solving, and mathematical communication. It also developed evidence-based recommendations for the responsible
integration of GenAl into Namibian secondary school mathematics classrooms.

1.2 Problem Statement

Although GenAl can provide personalised explanations, immediate feedback, and interactive problem-solving
assistance, its availability does not necessarily result in improved mathematical reasoning. Learners may use these
systems primarily to obtain final answers rather than to construct arguments, evaluate strategies, justify procedures,
or reflect critically on mathematical relationships. Consequently, poorly structured GenAl use may reinforce superficial
learning and technological dependence instead of strengthening independent reasoning (Kasneci et al., 2023 ; Miao
and Holmes, 2023; Giannakos et al., 2025).

This concern is particularly relevant in Namibia, where Al-supported education is developing within a context
characterised by unequal access to digital infrastructure, limited teacher preparation, and insufficient locally grounded
evidence. Existing Namibian research has mainly examined teachers’ experiences, perceptions, and intentions
regarding the adoption of Al ( Elifas and Simuja, 2024; Stefanus et al., 2025). It has not adequately determined whether
structured GenAl-assisted instruction improves secondary school learners’ mathematical reasoning relative to
conventional teaching methods.

The central problem addressed by this study was therefore the absence of context-specific empirical evidence
concerning the effectiveness of GenAl-assisted instruction in developing mathematical reasoning among Namibian
secondary school learners. Without such evidence, teachers, curriculum developers, and policymakers have an
insufficient basis for deciding how GenAl should be incorporated into mathematics classrooms. This study
consequently compared the mathematical reasoning performance of learners exposed to structured GenAl-assisted
instruction with that of learners taught through conventional methods. It also examined learners’ and mathematics
teachers’ perceptions of the educational value, limitations, and responsible use of GenAl.

2. Literature Review
2.1 Teaching Mathematical Reasoning

Mathematical reasoning refers to the process through which learners analyse mathematical relationships, formulate
conjectures, construct and evaluate arguments, justify procedures, and draw logically defensible conclusions. It
extends beyond the accurate execution of algorithms because it requires learners to explain why a procedure is valid,
identify the assumptions underlying a solution, and transfer mathematical knowledge to unfamiliar situations (Kilpatrick
et al., 2001; National Council of Teachers of Mathematics, 2014; Schoenfeld, 1985). Mathematical reasoning therefore
encompasses inductive reasoning, through which patterns are used to formulate conjectures; deductive reasoning,
through which conclusions are derived from accepted premises; and analogical reasoning, through which structural
similarities are used to connect mathematical situations.

Contemporary mathematics curricula regard reasoning, problem-solving, communication, and conceptual
understanding as mutually reinforcing competencies. Learners who can perform procedures but cannot justify them
may demonstrate instrumental knowledge without developing a relational understanding of the mathematical concepts
involved (Skemp, 1976). Effective mathematics instruction should therefore create opportunities for learners to pose
questions, compare strategies, explain relationships, identify errors, defend conclusions, and revise their thinking in
response to evidence.

The development of mathematical reasoning depends substantially on the nature of classroom instruction. Teacher-
centred practices that emphasise memorisation, examination preparation, and the reproduction of standard
procedures may improve short-term procedural performance but provide limited opportunities for conjecturing,
justification, and mathematical discourse. In contrast, instruction that incorporates inquiry, worked-example
comparison, problem variation, collaborative discussion, and reflective questioning can support deeper conceptual
understanding (Schoenfeld, 1985; Polya, 1957; Hattie, 2009). Digital technologies may extend these opportunities
when they are used to stimulate reasoning rather than merely accelerate answer production (Drijvers, 2023; Hoyles
and Lagrange, 2010).

2.2 Artificial Intelligence and Generative Al in Mathematics Education

Artificial intelligence in education encompasses computational systems that perform tasks associated with human
cognition, including prediction, classification, natural-language interaction, adaptive feedback, and decision support
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(Russell and Norvig, 2021; Holmes et al., 2019). Earlier educational Al systems commonly operated through
predefined knowledge models, rule-based tutoring, or adaptive sequences. Generative artificial intelligence differs
from these systems because it can generate new text, explanations, worked examples, questions, computer code,
and mathematical representations in response to natural-language prompts (Kasneci et al., 2023 ; Miao and Holmes,
2023).

Large language models underlying applications such as ChatGPT, Gemini, Claude, and Microsoft Copilot allow
learners to engage in conversational exchanges about mathematical ideas. A learner can request an explanation,
question a particular step, compare alternative solution methods, ask for a simpler example, or request feedback on
an attempted solution. These affordances make GenAl potentially valuable as an interactive form of scaffolding rather
than only as an answer-generating mechanism (Kasneci et al., 2023; Walkington, 2025).

In mathematics education, GenAl may support learning through at least four mechanisms. First, it can provide
immediate explanatory feedback when teacher support is not instantly available. Second, it can generate multiple
representations and solution strategies, thereby helping learners recognise connections among symbolic, graphical,
numerical, and verbal forms. Third, it can adapt explanations to different levels of prior knowledge. Fourth, it can
prompt learners to explain, critique, and revise their reasoning (Walkington, 2025; Biton et al., 2025; Wardat et al.,
2023). These functions are pedagogically valuable when learners remain cognitively engaged in constructing and
evaluating solutions.

The same capabilities also introduce important limitations. Large language models generate responses by estimating
plausible linguistic sequences rather than by applying guaranteed systems of mathematical verification. They may
therefore produce correct-looking but mathematically invalid solutions, incomplete proofs, inconsistent notation, or
explanations that conceal computational errors (Kasneci et al., 2023; Wardat et al., 2023). The quality of the output
may also depend on the wording of the prompt, the complexity of the problem, and the learner’s ability to recognise
an erroneous response.

Consequently, GenAl does not automatically improve mathematical reasoning. When learners use it principally to
obtain completed solutions, it may reduce productive struggle, independent problem-solving, and metacognitive
monitoring. When used within carefully designed activities that require prediction, justification, comparison, error
analysis, and reflection, it may instead serve as a cognitive and dialogical scaffold. The pedagogical effect therefore
depends not merely on access to the technology but on task design, teacher guidance, learners’ Al literacy, and the
level of intellectual engagement required (Miao and Holmes, 2023; UNESCO, 2021 b; Giannakos et al., 2025).

2.3 Pedagogical and Ethical Conditions for Effective Integration

Effective GenAl integration requires a clear distinction between assistance and substitution. Assistance occurs when
Al-generated content helps learners interpret a concept, examine an alternative strategy, locate an error, or receive
feedback on their own reasoning. Substitution occurs when the system performs the central reasoning task on behalf
of the learner. The former may strengthen learning, whereas the latter may create an illusion of competence without
corresponding conceptual development.

Teacher guidance is therefore central to GenAl-assisted instruction. Teachers must design prompts and activities
that require learners to evaluate generated solutions, provide mathematical justification, compare Al-generated
procedures with their own reasoning, and identify possible errors. They must also ensure that learners understand
that fluency and confidence in an Al-generated response do not establish mathematical validity (Miao and Holmes,
2023 ; UNESCO, 2021b). In this sense, GenAl literacy in mathematics includes not only operational knowledge of the
tool but also the ability to verify calculations, evaluate assumptions, recognise hallucinations, and judge whether a
response addresses the original problem.

Ethical considerations include privacy, data protection, algorithmic bias, academic integrity, unequal technological
access, and transparency regarding Al use. These concerns are particularly important in resource-constrained
educational contexts, where differences in internet connectivity, device availability, language, and digital literacy may
produce unequal learning opportunities. Responsible integration therefore requires appropriate school policies,
teacher preparation, equitable access, and assessment practices that continue to evaluate learners’ independent
reasoning (Miao and Holmes, 2023; UNESCO, 2021b; Namibia Ministry of Education, Arts and Culture, 2023).

2.4 Theoretical Foundations

The study was informed by Constructivist Learning Theory, Social Constructivism, Cognitive Load Theory,
Metacognitive Theory, and the Technology Acceptance Model. These perspectives explain different but
complementary dimensions of GenAl-assisted mathematics learning.

Constructivist Learning Theory holds that learners actively construct knowledge by connecting new experiences with
existing cognitive structures (Piaget, 1950; Bruner, 1960). From this perspective, learning does not occur simply
because GenAl presents an explanation. It occurs when learners interpret the explanation, compare it with prior
knowledge, test its validity, and reorganise their understanding. GenAl-assisted instruction is therefore consistent with
constructivism only when learners actively investigate and evaluate mathematical ideas rather than passively
reproduce generated answers.

Social Constructivism emphasises the role of interaction, language, and scaffolding in learning. Within Vygotsky’s
Zone of Proximal Development, learners can accomplish more complex tasks when they receive support that is
responsive to their current level of understanding (Vygotsky, 1978). GenAl may provide supplementary scaffolding
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through questions, hints, examples, and feedback. However, it cannot fully replace the teacher’'s pedagogical
judgement, awareness of classroom context, or ability to interpret learners’ emotional and conceptual needs.

Cognitive Load Theory distinguishes intrinsic cognitive load, which arises from the complexity of the learning content;
extraneous load, which results from ineffective presentation; and germane cognitive activity directed towards schema
construction (Sweller, 2020; Sweller et al., 2011). GenAl may reduce extraneous load by clarifying notation, dividing
complex procedures into manageable steps, and providing appropriately sequenced examples. Conversely, overly
detailed, unstructured, or inaccurate responses may increase cognitive load and distract learners from the underlying
mathematical relationships. The theory therefore supports the use of concise, structured, and learner-appropriate Al
feedback.

Metacognitive Theory concerns learners’ capacity to plan, monitor, and evaluate their thinking (Flavell, 1979). GenAl-
assisted activities may strengthen metacognition when learners are required to predict an answer before consulting
the system, explain why a generated procedure is correct, identify doubtful steps, compare strategies, and reflect on
changes in their understanding. Such activities position learners as evaluators of Al-generated content rather than
passive recipients.

The Technology Acceptance Model proposes that technology adoption is substantially influenced by perceived
usefulness and perceived ease of use (Davis, 1989; Venkatesh and Davis, 2000). Learners and teachers may be more
willing to use GenAl when they believe that it improves explanation, feedback, lesson preparation, or problem-solving
efficiency. Acceptance alone, however, does not demonstrate educational effectiveness. A tool may be perceived as
useful because it produces answers quickly even when its use does not strengthen reasoning. Accordingly, this study
considered both participants’ perceptions and measured mathematical reasoning outcomes.

2.5 Empirical Evidence on GenAl and Mathematics Learning

The international empirical literature generally indicates that GenAl can improve mathematics learning, but the
magnitude and nature of its effects vary across instructional contexts. In a meta-analysis of 22 empirical studies,
comprising 46 independent samples and 5,232 participants, Liu et al. (2026) reported a moderate positive overall
effect of GenAl on mathematics learning outcomes, g = 0.534, p < 0.001. The effect on cognitive outcomes was g =
0.596, while the effect on higher-order cognitive skills was larger, g = 0.718. These results suggest that GenAl can
support more than procedural performance when it is incorporated into tasks requiring higher-order engagement.

The same meta-analysis, however, demonstrated that positive effects were not uniform. For secondary school
learners, the estimated effect was comparatively smaller, g = 0.313, although it remained statistically significant. The
effect on non-cognitive outcomes was g = 0.299 and did not reach conventional statistical significance, p = 0.052.
Effects also differed according to mathematical content, sample size, learning mode, and the level of GenAl integration.
Studies using smaller samples produced larger estimates than larger studies, raising the possibility of small-sample
inflation. These findings indicate that positive overall results should not be interpreted as evidence that every form of
GenAl use is effective (Liu et al., 2026).

Classroom and perception studies similarly report a mixture of benefits and limitations. Wardat et al. (2023) found
that ChatGPT could generate explanations and support mathematical problem-solving, but its responses were not
uniformly accurate and required critical verification. Its conversational format enabled users to request clarification and
alternative methods, yet plausible presentation sometimes made errors difficult for inexperienced learners to detect.
This finding reinforces the importance of mathematical verification and teacher oversight.

In a mixed-methods study involving 125 secondary school learners from two schools in Nigeria, Egara et al. (2025)
found that learners valued ChatGPT for supporting understanding, problem-solving, immediate assistance, and
personalised learning. Learners nevertheless expressed concerns about its limitations, consistent use, and reliability.
Although the study provided important evidence from an African secondary school context, it relied on purposive
sampling and primarily investigated perceptions. It did not employ an experimental comparison to determine whether
ChatGPT caused measurable improvement in mathematical reasoning.

In South Africa, Motseki and Jojo (2025) conducted interviews and lesson observations with 10 Grade 12
mathematics teachers using ChatGPT in geometry instruction. Teachers perceived ChatGPT as useful for providing
basic geometrical explanations and instructional support. However, the system was less effective in correcting
misconceptions, and the accuracy of its solutions depended on the cognitive demand of the question, the information
supplied, and the formulation of the prompt. The study demonstrated the importance of teacher judgement but did not
measure changes in learners’ mathematical reasoning or compare ChatGPT-assisted instruction with conventional
teaching.

Taken together, the international and African findings suggest that GenAl has pedagogical potential, but much of the
available literature remains based on perceptions, exploratory cases, short interventions, or general achievement
measures. Mathematical achievement and mathematical reasoning are related but not identical outcomes. A learner
may obtain a higher score through procedural assistance without demonstrating stronger capacity to formulate
conjectures, construct arguments, justify procedures, or communicate mathematical ideas. Evidence focusing
specifically on these reasoning dimensions remains limited.

2.6 Empirical Evidence from Namibia

Namibian research on Al in education is emerging but remains concentrated on teacher experiences, adoption
intentions, and implementation conditions. Elifas and Simuja (2024) conducted a qualitative intervention study
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involving 13 mathematics teachers in rural upper-primary schools. The teachers used technologies such as GeoGebra,
Khan Academy, virtual tutors, Photomath, Mathway, and Microsoft Math Solver. They reported that these tools
supported visualisation, learner-paced instruction, comprehension, and problem-solving. The study also identified
unreliable infrastructure, limited device access, insufficient teacher preparation, and a shortage of culturally relevant
Al resources as significant barriers.

Although the study by Elifas and Simuja (2024) provided important contextual evidence, its findings were based
mainly on teachers’ pedagogical experiences in upper-primary schools and included several forms of educational
technology rather than focusing exclusively on GenAl. It did not employ a control group, measure secondary school
learners’ mathematical reasoning, or estimate the effect of GenAl-assisted instruction.

Using survey data from 159 Namibian in-service teachers, Jatileni et al. (2024) examined factors influencing
teachers’ behavioural intentions to teach Al. Structural equation modelling showed that perceived Al relevance,
attitudes towards Al, confidence, and perceptions of Al for social good contributed to behavioural intention. Al anxiety
and readiness were not significant predictors. The study established that teacher acceptance depends on more than
access alone, but it examined intentions to teach Al rather than the use of GenAl to teach mathematics or its effect on
learner outcomes.

Similarly, Stefanus et al. (2025) examined Al adoption among 22 teachers in the Khomas Region. Participants
demonstrated positive attitudes and strong intentions to teach Al, but limited resources reduced their perceived
behavioural control. The small sample restricted predictive analysis, and the study did not assess classroom learning
outcomes. Collectively, these Namibian studies show growing interest in Al-supported education while also identifying
infrastructure, training, access, and contextual relevance as persistent challenges.

The available Namibian evidence therefore establishes the feasibility and perceived value of Al integration but does
not demonstrate whether structured GenAl-assisted mathematics instruction improves secondary school learners’
reasoning. It also provides little evidence concerning how learners themselves experience GenAl-supported
mathematics instruction or how learner and teacher perspectives correspond with objectively measured outcomes.

2.7 Research Gap

The reviewed literature revealed five interrelated gaps. First, there is an outcome gap. Much of the literature examines
general achievement, technology acceptance, engagement, or perceived usefulness rather than mathematical
reasoning as a multidimensional construct comprising logical reasoning, conceptual understanding, problem-solving,
justification, and mathematical communication.

Second, there is a methodological gap. A substantial proportion of African and Namibian studies use descriptive
surveys, qualitative cases, or perception-based designs. Such studies explain how teachers and learners view Al, but
they cannot determine whether GenAl-assisted instruction causes improvement relative to conventional teaching.
Rigorous quasi-experimental evidence from authentic secondary school classrooms remains limited.

Third, there is a population gap. Existing Namibian research has focused mainly on teachers, in-service teacher
adoption, or upper-primary settings (Elifas and Simuja, 2024; Jatileni et al., 2024; Stefanus et al., 2025). Secondary
school learners’ direct experiences and measured mathematical reasoning outcomes have received insufficient
attention.

Fourth, there is an intervention gap. Previous studies frequently consider Al tools collectively or examine unrestricted
access to ChatGPT. There is limited evidence concerning structured GenAl-assisted instruction in which teacher
guidance, prompt design, verification, reflection, and independent problem-solving are deliberately incorporated into
the intervention.

Fifth, there is a contextual gap. International evidence indicates that GenAl effects depend on sample size,
mathematical content, instructional design, and the degree of technology integration (Liu et al., 2026). Findings from
resource-rich settings cannot therefore be transferred automatically to Namibian schools, where infrastructure, device
access, teacher preparation, language, and digital literacy may influence implementation.

This study addressed these gaps through a quasi-experimental mixed-methods design comparing structured GenAl-
assisted mathematics instruction with conventional instruction among Namibian secondary school learners. It
measured changes in mathematical reasoning, examined the experiences of learners and teachers, and considered
the pedagogical and contextual conditions influencing implementation. The study consequently extended existing
research from technology acceptance and perceived usefulness towards evidence concerning instructional
effectiveness, reasoning outcomes, and responsible classroom integration.

2.8 Conceptual Framework

The conceptual framework proposes that structured GenAl-assisted instruction, the independent variable, influences
mathematical reasoning, the dependent variable. Mathematical reasoning is represented through logical reasoning,
conceptual understanding, problem-solving, justification, and mathematical communication.

The relationship is explained through four pedagogical mechanisms: learner engagement, cognitive scaffolding,
metacognitive reflection, and self-regulated learning. GenAl may increase engagement through interactive dialogue;
provide cognitive scaffolding through hints, examples, and feedback; promote metacognition through error analysis
and strategy comparison; and support self-regulation by allowing learners to seek assistance and monitor their
progress. These mechanisms are treated as explanatory processes rather than statistically tested mediating variables
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unless a formal mediation analysis is conducted.

The effectiveness of GenAl-assisted instruction is conditioned by teacher guidance, the accuracy of Al-generated
content, learner and teacher acceptance, digital access, Al literacy, task design, and ethical use. Teacher guidance is
especially important because it determines whether GenAl supports learners’ reasoning or substitutes for it. The
framework therefore positions GenAl as a complementary instructional resource embedded within teacher-directed
pedagogy, rather than as an autonomous replacement for mathematics instruction.

Figure 1 presents the proposed relationships.

3. Methodology
3.1 Research Paradigm and Design

This study was grounded in the pragmatist research paradigm, which permits the integration of quantitative and
qualitative methods when addressing a complex educational problem. Pragmatism was appropriate because the study
examined both the measurable effect of Generative Artificial Intelligence (GenAl)-assisted instruction on mathematical
reasoning and the experiences and perceptions of the learners and teachers who participated in the intervention (
Creswell and Creswell, 2023; Johnson and Onwuegbuzie, 2004).
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Figure 1: Conceptual framework linking structured GenAl-assisted instruction to secondary school learners’ mathematical
reasoning.

A gquasi-experimental mixed-methods design was employed. The quantitative component followed a pre-test—post-test
non-equivalent control group design, while the qualitative component involved learner questionnaires, classroom
observations, and semi-structured teacher interviews. The quantitative and qualitative evidence was integrated during
interpretation to provide a more comprehensive explanation of the effectiveness, implementation, and perceived value
of GenAl-assisted mathematics instruction (Creswell and Creswell, 2023; Campbell and Stanley, 1963; Creswell and
Plano Clark, 2024).

Individual randomisation was not feasible because the learners were already organised into established classes, and
reorganising them would have disrupted school timetables, normal instructional arrangements, and curriculum
delivery. Intact classes were therefore used to preserve the natural classroom setting and minimise contamination
between the experimental and control conditions. Because the resulting groups could not be assumed to be equivalent
at baseline, pre-test scores were collected and subsequently treated as a covariate in the ANOVA model.

3.2 Study Setting, Population, and Sampling

The study was conducted in selected secondary schools in Namibia. A multistage non-probability sampling procedure
was used. First, the participating schools were purposively selected because they possessed the minimum Information
and Communication Technology infrastructure required for the intervention, including internet connectivity and access
to suitable digital devices. Schools also had to offer the relevant secondary school mathematics curriculum and provide
administrative permission for the study.
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Second, intact mathematics classes within the selected schools were used as naturally occurring clusters. Eligible
learners in the selected classes were invited to participate, subject to informed consent and parental or guardian
consent for learners younger than 18 years. This procedure produced a sample of 120 secondary school learners.
Sixty learners constituted the experimental group, while 60 learners constituted the non-equivalent control group.
Ten mathematics teachers who taught the participating classes were purposively recruited based on their involvement
in the relevant mathematics curriculum, availability during the intervention, and willingness to participate in the
interviews and classroom implementation. The purposive selection of schools and teachers was necessary because
the intervention required appropriate technological infrastructure and teachers who could support and monitor
GenAlassisted learning. Although this sampling procedure limited statistical generalisability, it enabled the study to
examine the intervention under realistic classroom conditions.

3.3 Instructional Intervention

The intervention was conducted over eight weeks. Learners in the experimental group received mathematics
instruction based on the Al-Assisted Mathematics Learning Model ( AIAMLM ). During the intervention, learners used
approved GenAl applications to obtain personalised explanations, examine worked examples, receive immediate
feedback, identify errors, and compare alternative solution strategies. Learners were required to verify Al-generated
responses, explain the reasoning underlying each solution, and consult the teacher whenever a response was
incomplete, inconsistent, or mathematically questionable (Kasneci et al., 2023; Miao and Holmes, 2023; Biton et al.,
2025).

The control group received conventional mathematics instruction without structured GenAl assistance. Both groups

studied the same curriculum content over the same period and were given comparable instructional time and
mathematical tasks. The principal difference between the conditions was the structured use of GenAl in the
experimental group. Both groups completed the Mathematical Reasoning Test before and after the intervention.
To promote implementation consistency, participating teachers followed the planned instructional sequence and
covered the same specified mathematical content. Classroom observations were used to document teacher
adherence, learner participation, GenAl use, reasoning activities, and possible deviations from the intended
instructional procedures.

3.4 Data-Collection Instruments

Data were collected using the Mathematical Reasoning Test, a learner questionnaire, a classroom observation
schedule, and a semi-structured teacher interview guide. The use of multiple instruments enabled methodological
triangulation and provided complementary evidence concerning learning outcomes, participant perceptions, and
classroom implementation.

3.4.1 Mathematical Reasoning Test

The Mathematical Reasoning Test was administered as a pre-test and post-test to both groups. It assessed learners’
ability to analyse mathematical problems, recognise patterns and relationships, construct logical arguments, justify
procedures, solve unfamiliar problems, and communicate mathematical ideas. The same assessment domains and
scoring criteria were applied to the experimental and control groups.

The test was reviewed by subject and research-methodology experts to establish content validity. The reviewers
examined the relevance, clarity, curriculum alignment, cognitive demand, and coverage of the mathematical reasoning
construct. Their recommendations were used to revise ambiguous instructions, improve item wording, and ensure
adequate representation of the intended reasoning domains.

The instrument was pilot-tested with learners who had characteristics similar to those of the main sample but who
did not participate in the final study. Internal consistency was assessed using Cronbach’s alpha. The Mathematical
Reasoning Test produced a reliability coefficient of

a=0.84.

A coefficient of at least 0.70 was considered evidence of acceptable internal consistency for the intended research
purpose (Nunnally and Bernstein, 1994).

3.4.2 Learner Questionnaire

The learner questionnaire collected information about learners’ experiences with GenAl-assisted mathematics
instruction, including perceived usefulness, ease of use, engagement, feedback quality, conceptual understanding,
and possible challenges. The questionnaire contained closedended Likert-scale items and open-ended questions.
Expert review was used to assess the clarity, relevance, and alignment of the items with the research objectives.

3.4.3 Classroom Observation Schedule
The observation schedule was used to document how the intervention was implemented in the experimental

classrooms. Particular attention was given to learner engagement, prompt formulation, interaction with GenAl,
verification of Al-generated responses, mathematical discussion, teacher mediation, and the identification and
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correction of misconceptions. The same schedule was used across observation sessions to promote consistency.
3.4.4 Semi-Structured Teacher Interviews

Semi-structured interviews were conducted with the 10 participating mathematics teachers after the intervention. The
interviews explored teachers’ experiences of implementing GenAl-assisted instruction, perceived changes in learners’
mathematical reasoning, instructional benefits, implementation challenges, ethical concerns, and recommendations
for future classroom integration. The semi-structured format provided consistency across interviews while allowing
participants to elaborate on issues emerging from their classroom experiences.

3.5 Data-Collection Procedure

Permission to conduct the study was obtained from the relevant educational authorities and participating schools. After
informed consent had been obtained, the Mathematical Reasoning Test was administered to the experimental and
control groups as a pre-test. The eight-week instructional intervention was then implemented.

During the intervention, classroom observations were conducted to monitor instructional delivery and learner
participation. At the end of the intervention, both groups completed the post-test. Learners in the experimental group
also completed the questionnaire, and the participating mathematics teachers took part in semi-structured interviews.
All instruments were administered under comparable conditions to minimise procedural variation.

3.6 Data Analysis

Quantitative data were analysed using IBM SPSS Statistics, Version 29. Frequencies and percentages were used to
summarise categorical data, while means and standard deviations were used to describe learners’ pre-test and post-
test performance and questionnaire responses.

An independent-samples t-test was used to examine baseline differences between the experimental and control
groups. Paired-samples t-tests were used to determine whether each group demonstrated statistically significant
change between the pre-test and post-test. Analysis of covariance (ANOVA) was used as the primary between-group
analysis, with post-test mathematical reasoning scores as the dependent variable, instructional group as the
independent variable, and pre-test scores as the covariate. ANOVA was selected to adjust the post-test comparison
for possible baseline differences arising from the use of non-equivalent intact groups.

Before conducting the inferential analyses, the relevant statistical assumptions were examined. These included
independence of observations, approximate normality, absence of extreme outliers, homogeneity of variance, linearity
between the covariate and outcome, and homogeneity of regression slopes. Statistical significance was evaluated at
the 5% level (a = 0.05). Cohen’s d was used to describe the magnitude of mean differences, while partial eta squared
(‘UE)) was reported for the ANOVA effect. Reporting effect sizes alongside p-values enabled the practical importance of
the intervention to be evaluated (Field, 2024).

Qualitative data from interviews, open-ended questionnaire responses, and classroom observations were analysed
using thematic analysis. The analysis involved familiarisation with the data, initial coding, grouping related codes,
developing candidate themes, reviewing and naming the themes, and producing the final interpretation (Braun and
Clarke, 2006). Evidence from the different qualitative sources was compared to identify convergence,
complementarity, and contradictions. The qualitative findings were subsequently integrated with the quantitative
results during interpretation.

3.7 Ethical Considerations

Ethical approval was obtained from the relevant institutional and educational authorities before data collection
commenced. Participation was voluntary, and all participants were informed about the purpose, procedures, potential
benefits, and possible risks of the study. Written informed consent was obtained from teachers and adult participants,
while parental or guardian consent and learner assent were obtained for participants younger than 18 years.
Participants were informed that they could withdraw from the study without penalty. Codes rather than personal
names were used during data analysis and reporting to protect confidentiality. Data were stored securely and accessed
only for research purposes. Learners were also instructed not to enter personal or sensitive information into GenAl
applications. The intervention emphasised responsible Al use, critical verification of generated responses, academic
integrity, and the continuing authority of the mathematics teacher (UNESCO, 2021b; World Medical Association, 2013).

3.8 Development of the Al-Assisted Mathematics Learning Model

The Al-Assisted Mathematics Learning Model (AIAMLM) was developed as a structured pedagogical framework for
integrating GenAl into secondary school mathematics instruction. The model was based on the assumptions that
learners possessed basic digital literacy, teachers facilitated Al-supported learning, GenAl provided guidance without
replacing classroom instruction, learners critically evaluated Al-generated responses, and all learning activities
complied with ethical principles governing responsible Al use.

The architecture of the model placed the mathematics teacher at the centre of the instructional process. GenAl
functioned as a complementary learning assistant that provided personalised explanations, adaptive guidance,
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immediate feedback, and alternative solution strategies. Learners interacted with the system through carefully
formulated prompts, evaluated the accuracy and logical consistency of generated responses, reflected on their
reasoning, and received teacher feedback before accepting mathematical conclusions. Figure 2 presents the model’s
architecture.
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Figure 2: Architecture of the Al-Assisted Mathematics Learning Model ( AIAMLM ).

The instructional cycle began with the teacher introducing a curriculum-aligned mathematical concept or problem.
Learners then formulated prompts and interacted with the GenAl system to obtain explanations, worked examples,
hints, or alternative solution strategies. Rather than accepting the generated responses directly, learners checked their
mathematical correctness, compared alternative approaches, and explained the reasoning underlying the proposed
solutions. Questionable responses were discussed with peers and the teacher.

Prompt formulation was an important component of the model because the quality and relevance of GenAl responses
depended partly on the clarity and specificity of the instructions provided. Learners were encouraged to use prompts
that requested explanations, justification, guided hints, comparison of alternative methods, and identification of errors
rather than prompts requesting final answers only. This approach was intended to maintain learners’ cognitive
engagement and promote higher-order reasoning (Kasneci et al., 2023; Biton et al., 2025).

During the verification stage, learners examined Al-generated solutions for correctness, logical consistency,
completeness, and mathematical validity. They compared the generated explanations with their own reasoning,
identified possible misconceptions, and consulted the teacher when necessary. This stage was intended to discourage
uncritical reliance on GenAl and strengthen learners’ analytical and evaluative skills (Kasneci et al., 2023; Walkington,
2025).

Learners subsequently engaged in structured reflection by evaluating their solution strategies, identifying
misconceptions, comparing methods, and considering how the acquired knowledge could be transferred to related
problems. Reflection supported metacognitive awareness and selfregulated learning by requiring learners to monitor
and evaluate their mathematical thinking (Flavell, 1979; Zimmerman, 2002).

Teacher mediation remained essential throughout the cycle. Teachers introduced the learning tasks, guided prompt
formulation, monitored learner—Al interactions, validated generated responses, facilitated mathematical discussion,
and addressed misconceptions. The model consequently positioned GenAl as a complementary instructional resource
rather than a replacement for the mathematics teacher.

3.9 Implementation of the Model

The AIAMLM was implemented in technology-supported secondary school mathematics classrooms in which learners
had access to approved GenAl applications and internet-enabled devices. Lessons were aligned with the national
secondary school mathematics curriculum and followed a learner-centred approach in which the teacher remained the
principal instructional facilitator.

The lessons incorporated problem-solving tasks, collaborative discussion, reflective activities, and Al-assisted
exploration. Learners used structured prompts to request explanations, justify procedures, verify generated responses,
identify errors, and compare alternative solution strategies. They were discouraged from using GenAl merely to obtain
final answers. Teachers monitored the interactions, facilitated classroom discussion, corrected misconceptions, and



48.Palgo J.Edu.Research

reinforced ethical and responsible use.

Implementation was evaluated through formative and summative assessment. Formative assessment included
classroom reasoning activities, Al-assisted tasks, learner explanations, reflective exercises, and continuous teacher
feedback. Summative assessment was based on the Mathematical Reasoning Test administered before and after the
intervention. The assessment focused on learners’ ability to analyse problems, construct logical arguments, justify
strategies, communicate mathematical ideas, and apply mathematical concepts to unfamiliar situations.

4, Results
4.1 Participant Characteristics

A total of 130 participants were represented in the dataset, comprising 120 secondary school learners and 10
mathematics teachers. The learner sample included 60 participants in the experimental group and 60 in the control
group. Among the learners, 58 (48.3%) were male and 62 (51.7%) were female. Their simulated mean age was M =
16.33 years (SD = 0.91, range = 15 ——18 years).

The teacher sample consisted of five male and five female mathematics teachers. Their mean age was M = 36.80
years (SD = 6.39, range = 28 ——49 years), and their teaching experience ranged from 2 to 18 years. Four teachers
(40.0%) had between 6 and 10 years of teaching experience. Table 1 presents the demographic characteristics.

Table 1. Demographic characteristics of the participants

Characteristic n %
Learners (N =120)

Male 58 48.3

Female 62 51.7
Experimental group 60 50.0

Control group 60 50.0

Mean age, years M =16.33, SD =0.91
Age range, years 15 --18

Teachers (N = 10)

Male 5 50.0

Female 5 50.0

Mean age, years M = 36.80, SD =6.39

Age range, years 28 -49
Teaching experience

1-5 years 3 30.0
6-10 years 4 40.0
More than 10 years 3 30.0
Highest teaching qualification

Bachelor’s degree 5 50.0
Honours degree/postgraduate diploma 3 30.0
Master’s degree 2 20.0
Other 0 0.0

N denotes the total sample size, n denotes frequency, M denotes the mean, and SD denotes the standard deviation.

4.2 Descriptive Results for Mathematical Reasoning

Table 2 presents the pre-test, post-test, and gain-score statistics. Before the intervention, the experimental group
obtained a mean pre-test score of M = 50.30 (SD = 8.61), compared with M = 48.75 (SD = 6.52) for the control group.
Following the eight-week intervention, the experimental group’s mean score increased to M =

73.17 (SD = 7.75), whereas the control group obtained a post-test mean of M = 57.01 (SD = 6.64). The corresponding
mean gains were Mgain = 22.87 (SD = 7.95) for the experimental group and Mgain = 8.26 (SD = 6.76) for the control

group.
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Table 2: Pre-test, post-test, and gain scores by instructional group

Pre-test Post-test Gain score

Group n M SD M SD M SD
Experimental 60 50.30 8.61 73.17 7.75 22.87 7.95
Control 60 48.75 6.52 57.01 6.64 8.26 6.76

Gain score = post-test score — pre-test score.
4.3 Baseline Comparison

An independent-samples t-test was used to compare the pre-test scores. The difference between the experimental
group (M = 50.30, SD = 8.61) and the control group (M = 48.75, SD = 6.52) was not statistically significant, t(118) =
1.11, p=.268,d = 0.20, 95% CI [-1.21,4.31]. The small effect size and nonsignificant difference indicated comparable
baseline performance. Pretest performance was nevertheless retained as a covariate in the ANOVA.

4.4 Within-Group Changes in Mathematical Reasoning

Paired-samples t-tests were conducted to examine changes within each group. The experimental group improved from
M = 50.30 (SD = 8.61) at pre-test to M = 73.17 (SD = 7.75) at post-test. This improvement was statistically significant,
t(59) = 22.30, p < .001, d = 2.88, representing a large standardised change.

The control group also improved from M = 48.75 (SD = 6.52) to M = 57.01 (SD = 6.64). The improvement was
statistically significant, t(59) = 9.46, p <.001, d = 1.22. Although both groups improved, the mean gain was substantially
larger in the experimental group.

Table 3. Paired-samples t-tests for mathematical reasoning

Group Mpre SDpre Mpost SDpost t df p d
Experimental 50.30 8.61 73.17 7.75 2230 59 <.001 2.88
Control 48.75 6.52 57.01 6.64 9.46 59 <.001 1.22

Cohen’s d represents the standardised within-group change.
4.5 Between-Group Post-Test Comparison

An independent-samples t-test showed that the experimental-group post-test score (M = 73.17, SD =

7.75) was significantly higher than the control-group score (M =57.01, SD = 6.64), t(118) = 12.27, p < .001, d = 2.24,
95% CI [13.55,18.77]. The standardised mean difference represented a large effect in favour of GenAl-assisted
instruction.

4.6 ANOVA Results

ANOVA was conducted to evaluate the effect of instructional group on post-test mathematical reasoning after
controlling for pre-test performance. The group-by-pre-test interaction was not statistically significant, F(1,116) < 0.01,
p =.991, indicating that the homogeneity-ofregression-slopes assumption was satisfied.

After adjustment for pre-test performance, the effect of instructional group was statistically significant, F(1,117) =
180.96, p < .001, partial n? = .607. The adjusted post-test mean was Magj= 72.80 (SE = 0.81) for the experimental
group and Magj=57.38 (SE = 0.81) for the control group.

The model explained 67.4% of the variance in post-test mathematical reasoning, R? = .674, adjusted R?=.668. The
results therefore indicated a statistically significant and practically large instructional effect after adjustment for baseline
performance.

Table 4: ANOVA of post-test mathematical reasoning scores
Source SS df MS F p

np2
Pre-test score 1582.72 1 1582.72 40.60 <.001 .258
Instructional group 7053.97 1 7053.97 180.96 <.001 .607
Error 4560.76 117 38.98
Corrected total 13976.72 119

The dependent variable was post-test mathematical reasoning, and the pretest score was the covariate. -r]g denotes
partial eta squared.
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Table 5: Adjusted post-test mathematical reasoning means
Group n Maj SE 95% CI

Lower  Upper
Experimental 60 72.80 0.81 71.20 74.40
Control 60 57.38 0.81 55.78 58.98

Adjusted means were estimated after controlling for pretest mathematical reasoning performance.
4.7 Hypothesis Testing

The principal null hypothesis stated that there would be no statistically significant difference in mathematical reasoning
between learners receiving GenAl-assisted instruction and those receiving conventional instruction after controlling
for pre-test performance.

The ANOVA showed a statistically significant instructional-group effect, F(1,117) = 180.96, p < .001, partial n2=.607.
On the basis of the results, the null hypothesis was rejected. The illustrative conclusion was that GenAl-assisted
instruction produced higher adjusted mathematical reasoning scores than conventional instruction.

4.8 Learner and Teacher Perceptions

The qualitative analysis generated five themes: personalised explanations and conceptual clarity, immediate feedback
and strategy comparison, dependence and accuracy concerns, teacher mediation, and implementation challenges.
The excerpts in Table 6 are synthetic statements made by participants.

Table 6: Themes concerning experiences of GenAl-assisted instruction

Theme Source Synthetic Illustrative Evidence

Personalised explanations
and conceptual clarity

“When | did not understand why the formula worked, the Al explained the

Learner response same step in simpler words and gave me another example.” (L17)

Immediate feedback and Learner response “It showed me both substitution and elimination, so | could compare the
strategy comparison P methods and choose the one | understood better.” (L42)

Dependence and
inaccurate responses

“Some learners initially wanted to copy the first answer, even when one of

Teacher response the calculation steps was incorrect.” (T03)

Teacher mediation and
responsible use

“I still had to ask learners why the answer was correct and help them check

TR (2R EE every step before accepting it.” (Simulated T08)

Infrastructure and
implementation challenges

“Unstable internet sometimes interrupted the activity, and several learners

Teacher response had to share one device.” (T06)

All excerpts are synthetic and were created solely to the reporting structure.

4.8.1 Personalised Explanations and Conceptual Clarity

In the analysis, learners valued explanations that responded directly to their areas of difficulty. One synthetic response
stated:

“When | did not understand why the formula worked, the Al explained the same step in simpler words and gave me
another example.” (learner L17)

Another learner response noted:

“I could ask the question again in a different way until the explanation became clear.” (learner L31)

These excerpts illustrate how personalised explanations could support conceptual clarity when learners actively
questioned and evaluated the generated content.

4.8.2 Immediate Feedback and Alternative Strategies

The responses suggested that immediate feedback assisted learners in identifying errors and comparing solution
procedures:

“It showed me both substitution and elimination, so | could compare the methods and choose the one | understood
better.” (learner L42)

A synthetic observation entry similarly recorded:
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“Three learners compared two Al-generated solution methods and explained to their group why the elimination method
required fewer steps.” (Observation O07, Session 5)
The convergence between learner responses and observation evidence illustrates how GenAl could promote strategy
comparison rather than merely provide final answers.

4.8.3 Dependence and Accuracy Concerns

The qualitative evidence also illustrated concerns about learner dependence. One synthetic learner response stated:
“Sometimes | wanted to use the answer immediately instead of first trying the problem on my own.” (learner L54)

A synthetic teacher response described an inaccurate output:

“The Al used the correct formula but made a sign error in the second step, and several learners did not notice it until
we checked the solution together.” (teacher T03)

These accounts demonstrate why verification and independent problem-solving should remain central to GenAl-
assisted instruction.

4.8.4 Teacher Mediation

Teacher mediation emerged as a central theme. One synthetic teacher response stated:

“l still had to ask learners why the answer was correct and help them check every step before accepting it.” (teacher
T08)

A corresponding synthetic field note recorded:

“The teacher stopped the class after an incorrect Al-generated simplification and asked learners to locate and correct
the error before continuing.” (observation O11, Session 7)

These illustrative excerpts position the teacher as the person responsible for maintaining mathematical rigour and
ensuring that GenAl supports rather than replaces learner reasoning.

4.8.5 Implementation Challenges

The analysis identified internet connectivity, device availability, teacher preparation, and lesson time as
implementation challenges. One synthetic teacher response stated:

“Unstable internet sometimes interrupted the activity, and several learners had to share one device.” (teacher T06)
This theme illustrates that the effectiveness of GenAl-assisted instruction may depend on reliable infrastructure,
equitable device access, and adequate teacher preparation.

4.9 Classroom Observation Findings

For illustration, 16 experimental-group lessons were represented in the observation dataset. Active verification of Al-
generated responses was recorded in 13 of the 16 lessons (81.3%), while explicit comparison of alternative solution
strategies occurred in 11 lessons (68.8%). Teacher intervention to clarify or correct an Al-generated response was
documented in nine lessons (56.3%).

A synthetic field note recorded:

“Learners questioned an Al-generated answer, recalculated the final step, and presented the corrected solution to the
class.” (observation O13, Session 8)

The observations also included negative cases. Uncritical acceptance of an Al-generated response occurred in four
lessons (25.0%), while internet interruptions were documented in five lessons (31.3%). One synthetic field note stated:
“Two groups copied the generated solution without checking the substitution step; the teacher required them to solve
the problem again without the Al response.” (observation O04, Session 3)

The observation evidence therefore illustrates a balanced result: GenAl-assisted instruction may promote
participation, comparison, and verification, but its educational value remains dependent on teacher mediation, reliable
infrastructure, and learners’ willingness to evaluate Al-generated content critically.

5. Discussion
5.1 Interpretation of the Quantitative Findings

The results indicated that structured Generative Artificial Intelligence (GenAl)-assisted instruction was associated with
greater improvement in mathematical reasoning than conventional mathematics instruction. The experimental and
control groups demonstrated comparable baseline performance, as the pre-test difference was not statistically
significant, t(118) = 1.11, p =.268, d = 0.20. This baseline comparability reduced, although it did not eliminate, concern
that the post-intervention difference resulted from initial differences between the groups.

Both groups demonstrated statistically significant pre-test—post-test improvement. The experimental group recorded
a mean gain of 22.87 points, whereas the control group gained 8.26 points. Improvement in the control group may be
attributed to continued curriculum exposure, regular classroom instruction, familiarity with the assessment format, and
normal academic development during the intervention period. The larger improvementin the experimental group
suggests that the structured use of GenAl provided additional learning support beyond that associated with
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conventional instruction.

The unadjusted post-test difference was statistically significant, t(118) = 12.27, p < .001, with a large standardised
effect, d = 2.24. More importantly, ANOVA showed that the instructionalgroup effect remained statistically significant
after adjustment for pre-test performance, F(1,117) = 180.96, p < .001, partial n?= .607. The adjusted post-test mean
for the experimental group was 72.80, compared with 57.38 for the control group. Within the model, instructional group
therefore accounted for a substantial proportion of the adjusted variation in mathematical reasoning.

The model explained 67.4% of the variance in post-test performance. Pre-test performance was also a significant
covariate, F(1,117) = 40.60, p < .001, partial n? = .258, demonstrating that learners’ prior mathematical knowledge
remained relevant to their post-intervention performance. This result is educationally important because GenAl-
assisted instruction should not be viewed as operating independently of learners’ existing conceptual knowledge.
Learners require sufficient foundational knowledge to formulate meaningful questions, interpret generated
explanations, and detect errors in Al-generated solutions.

The effect sizes are unusually large and should be interpreted cautiously. Liu et al. (2026) , in a meta-analysis of 22
studies involving 5,232 participants, reported a moderate overall effect of GenAl on mathematics learning, g = 0.534,
and a smaller effect among secondary school learners, g = 0.313. The between-group effect of d = 2.24 is therefore
considerably larger than the effect normally observed across empirical studies. Such a difference could arise from
intensive implementation, close teacher supervision, alignment between the intervention and assessment, short-term
testing, or small-sample effects.

5.2 Interpretation of the Qualitative Findings

The qualitative analysis provided possible explanations for the quantitative pattern. Five themes were identified:
personalised explanations and conceptual clarity, immediate feedback and strategy comparison, dependence and
accuracy concerns, teacher mediation, and implementation challenges. These themes illustrate that the educational
effect of GenAl may depend less on the mere availability of the technology than on how it is incorporated into
mathematical activity.

The theme of personalised explanations and conceptual clarity suggested that learners valued the ability to request

simpler explanations and additional examples. Unlike a fixed textbook explanation, a conversational GenAl system
can reformulate a response when a learner does not understand the first presentation. This responsiveness may
support conceptual understanding, particularly when learners are encouraged to connect generated explanations with
their prior knowledge and classroom instruction (Kasneci et al., 2023; Walkington, 2025).
The second theme concerned immediate feedback and comparison of alternative strategies. The synthetic learner
responses indicated that GenAl helped learners compare methods such as substitution and elimination rather than
depend on a single prescribed procedure. From a mathematical reasoning perspective, the comparison of methods
can help learners recognise structural relationships, evaluate procedural efficiency, and explain why different methods
produce equivalent results. This interpretation is consistent with the argument that educational technology becomes
most valuable when it supports reasoning and representation rather than merely performing calculations (Biton et al.,
2025; Drijvers, 2023).

The classroom observations were consistent with these themes. Verification of Al-generated responses was
documented in 13 of 16 lessons, while comparison of alternative strategies occurred in 11 lessons. These patterns
illustrate how structured GenAl use could promote discussion, error analysis, and reflective thinking. However,
uncritical acceptance of generated responses occurred in four lessons. Thus, the same technology that supports
explanation and strategy comparison may also encourage passive answer copying when the instructional task does
not require learners to justify and verify their conclusions.

Dependence and inaccurate responses consequently emerged as important counterthemes. The synthetic evidence

included an example in which GenAl selected an appropriate formula but introduced a sign error during the calculation.
This illustrates a central limitation of large language models: their responses may appear fluent and logically organised
even when individual steps are mathematically invalid (Kasneci et al., 2023; Wardat et al., 2023). Learners with weak
prior knowledge may be particularly vulnerable because they may lack the conceptual resources needed to detect
plausible but incorrect explanations.
Teacher mediation therefore emerged as a necessary condition for effective implementation. In the observations,
teachers questioned learners, required justification, corrected misconceptions, and prevented the direct acceptance
of Al-generated answers. These practices positioned GenAl as a source of material for mathematical evaluation rather
than an unquestioned authority. The finding supports a human—Al collaborative model in which the teacher retains
responsibility for curriculum alignment, mathematical accuracy, classroom dialogue, and ethical use.

The implementation challenges, including unstable connectivity, device sharing, limited lesson time, and teacher
preparation, further demonstrate that pedagogical potential does not guarantee equitable implementation. Where
access to devices and internet connectivity is uneven, GenAl integration may widen rather than reduce educational
inequalities. Infrastructure and professional development must therefore be considered integral components of
implementation rather than secondary logistical concerns.

5.3 Comparison with Previous Studies

The pattern is broadly consistent with previous literature reporting that GenAl can support mathematical explanation,
feedback, engagement, and problem-solving. Kasneci et al. (2023) argued that large language models can provide
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personalised assistance and immediate feedback, while also warning that inaccurate content and learner
overdependence may undermine learning. Similarly, Wardat et al. (2023) found that ChatGPT could support
mathematics teaching and learning through conversational explanations but required users to verify its mathematical
accuracy.The cognitive benefits also correspond with the meta-analytic findings of Liu et al. (2026). That study
reported a significant effect on cognitive mathematics outcomes, g = 0.596, and a larger effect on higher-order
cognitive skills, g = 0.718. These findings provide support for the proposition that GenAl can contribute to reasoning-
oriented outcomes when its use requires learners to analyse, compare, justify, and evaluate. Nevertheless, Liu et al.
(2026) found that effects varied according to learning content, sample size, instructional mode, and the depth of GenAl
integration. The present effect should therefore be interpreted as a possible outcome under structured implementation
rather than a universal consequence of GenAl access.

The learner perceptions are comparable with the findings of Egara et al. (2025), who examined 125 secondary school
learners in Nigeria. Learners valued ChatGPT for improving understanding, problem-solving, immediate assistance,
and personalised learning, but also expressed concerns about its limitations and consistent use. The current analysis
extends that perception-based pattern by illustrating how learner experiences could be examined alongside pre-test—
post-test performance.

The emphasis on teacher mediation is consistent with the South African study by Motseki and Jojo (2025). Their
study of 10 Grade 12 mathematics teachers found that ChatGPT could support geometry instruction and provide useful
explanations, but it was less effective in correcting misconceptions. The accuracy of its responses depended on the
cognitive demand of the problem, the input supplied, and prompt formulation. The findings similarly suggest that
teachers must validate outputs and guide learners in distinguishing procedural plausibility from mathematical
correctness.

The implementation themes also correspond with Namibian research. Elifas and Simuja (2024) found that Al-
supported tools enhanced visualisation, paced learning, mathematical comprehension, and problem-solving in rural
upper-primary classrooms. However, inadequate infrastructure, limited device access, insufficient teacher training,
and a lack of culturally relevant tools restricted implementation. These challenges closely resemble the themes of
connectivity, device sharing, and professional-development needs.

Likewise, Jatileni et al. (2024) found that Namibian teachers’ intention to adopt Al was influenced by perceived
relevance, attitudes, confidence, and perceptions of Al for social good. Stefanus et al. (2025) also reported positive
teacher intentions but identified limited resources and low perceived behavioural control as barriers. Together, these
studies reinforce the view that teacher acceptance is necessary but insufficient. Successful adoption also requires
technological access, pedagogical competence, institutional support, and clear guidelines for responsible use.

The analysis differs from much of the existing Namibian literature by focusing on secondary school learners’
mathematical reasoning rather than teacher adoption or general perceptions. It also illustrates the use of a comparison
group and baseline-adjusted analysis. The study would extend Namibian evidence from questions of readiness and
perceived usefulness towards the instructional effectiveness of GenAl-supported mathematics learning.

5.4 Relationship to the Theoretical Framework

The findings are compatible with the theoretical foundations of the study. Constructivist Learning Theory proposes that
learners construct knowledge through active engagement, exploration, and reflection (Piaget, 1950; Bruner, 1960). In
the intervention, learners did not merely receive Al-generated answers; they compared strategies, questioned
explanations, and corrected errors. These activities illustrate active knowledge construction rather than passive
information reception.

Social Constructivism similarly emphasises guided participation and scaffolding within the learner’s Zone of Proximal
Development (Vygotsky, 1978). GenAl provided supplementary explanations and hints, while teachers and peers
supported interpretation, verification, and discussion. The results therefore position GenAl as one component within a
broader social learning environment rather than as an independent tutor.

Cognitive Load Theory provides another possible explanation for the improvement. Stepby-step explanations and
learner-appropriate examples may reduce extraneous cognitive load, allowing learners to focus on mathematical
relationships (Sweller, 2020; Sweller et al., 2011). However, long, inaccurate, or unnecessarily complex responses
may increase cognitive demand. Effective prompt formulation and teacher selection of suitable Al outputs are therefore
important for maintaining an appropriate cognitive load.

The findings also align with Metacognitive Theory. Learners were required to monitor their understanding, evaluate
generated procedures, identify errors, and reflect on alternative methods (Flavell, 1979; Zimmerman, 2002).
Verification transformed the Al response into an object of analysis, thereby creating opportunities for metacognitive
monitoring. Finally, the positive perceptions are compatible with the Technology Acceptance Model, although
perceived usefulness and ease of use should not be interpreted as evidence of learning effectiveness without
corresponding performance data (Davis, 1989; Venkatesh and Davis, 2000).

55 Implications for Mathematics Teaching

The findings suggest that GenAl should be incorporated as a structured reasoning scaffold rather than an unrestricted
answer-generating tool. Mathematics teachers should design activities in which learners first attempt a problem
independently, formulate explanatory prompts, compare generated strategies, verify each mathematical step, and
justify the final conclusion. Such a sequence can preserve productive struggle while allowing learners to benefit from
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immediate and personalised support.

Teachers should also require learners to document how they used GenAl. For example, learners may submit their
original attempt, the prompt used, the generated response, errors identified, corrections made, and a reflection on
what they learned. This approach would make the reasoning process visible and reduce the likelihood of uncritical
answer reproduction.

Assessment practices may also require revision. Tasks that ask only for final answers are increasingly vulnerable to
automation. Greater emphasis should be placed on oral explanation, written justification, comparison of methods, error
analysis, application to unfamiliar situations, and reflection on the validity of Al-generated solutions. These forms of
assessment are more closely aligned with mathematical reasoning and provide stronger evidence of learners’
independent understanding.

5.6 Implications for Curriculum Development

Curriculum developers should consider incorporating Al literacy into mathematics education. This should include
prompt formulation, mathematical verification, recognition of Al limitations,

protection of personal information, acknowledgement of Al assistance, and responsible use. Al activities should be
aligned with curriculum outcomes and should explicitly require reasoning, justification, and reflection.

Curriculum guidance should also distinguish appropriate assistance from cognitive substitution. Using GenAl to
obtain a hint, examine an alternative representation, or critique an attempted solution may support learning. Using it
to generate a complete response without learner engagement may undermine the intended outcome. Clear examples
of acceptable and unacceptable classroom use would assist teachers in applying these distinctions consistently.

Implementation policies must also account for unequal access. Schools with limited connectivity or device availability
may require shared-device activities, teacher-mediated demonstrations, downloadable resources, or offline
alternatives. GenAl integration should not become a prerequisite for curriculum participation unless equitable access
can be ensured.

5.7 Implications for Teacher Education

Teacher education and professional-development programmes should prepare mathematics teachers to evaluate
GenAl outputs both pedagogically and mathematically. Training should address the design of reasoning-oriented
prompts, identification of hallucinations and computational errors, differentiation of instruction, management of learner
dependence, data privacy, academic integrity, and assessment redesign.

Professional development should move beyond demonstrating how to operate a GenAl application. Teachers require
opportunities to design Al-assisted lessons, evaluate generated solutions, observe modelled classroom practice, and
reflect collaboratively on implementation challenges. The Technological Pedagogical Content Knowledge framework
may provide a useful basis for integrating mathematical content knowledge, pedagogy, and technological competence.

Teacher education should also reinforce that GenAl does not reduce the importance of the teacher. The simulated
findings instead suggest that effective GenAl use increases the need for skilled teacher mediation. Teachers must
determine when Al support is appropriate, ensure the accuracy of mathematical content, maintain learner engagement,
and protect opportunities for independent reasoning.

5.8 Policy Implications

Educational policymakers should develop context-sensitive guidelines governing the use of GenAl in schools. These
guidelines should address data protection, age-appropriate access, academic integrity, transparency, teacher
responsibility, acceptable assessment use, and procedures for evaluating Al-generated content. Policies should permit
pedagogically valuable experimentation while establishing safeguards against misuse.

Investment in connectivity, devices, technical support, and teacher professional development is also necessary.
Without these resources, the benefits of GenAl-assisted learning may remain concentrated in better-resourced
schools. Policy development should therefore treat equity, infrastructure, and teacher capacity as central conditions
for responsible Al integration.

Overall, the simulated findings illustrate how structured GenAl-assisted instruction could strengthen mathematical
reasoning when learners actively question, compare, verify, and reflect on generated responses. They also show that
technology alone is insufficient: the anticipated benefit depends on teacher mediation, sound task design, reliable
infrastructure, ethical guidance, and learners’ continued engagement in independent mathematical thinking.

6. Limitations

This study has several limitations. The use of intact classes within a quasi-experimental nonequivalent control group
design limited individual randomisation and, despite adjustment for pre-test performance through ANOVA,
unmeasured group differences may have influenced the results. The purposive selection of technologically prepared
schools, teachers, and classes also limits the generalisability of the findings to less-resourced educational settings.
Furthermore, the eight-week intervention measured short-term effects and could not establish the long-term
sustainability of improvements in mathematical reasoning. Variations in internet connectivity, device access, digital
literacy, teacher competence, and GenAl model performance may have affected implementation consistency and



Nangolo et al 55.

reproducibility. Finally, because GenAl systems may generate inaccurate or logically inconsistent mathematical
responses, the effectiveness of the intervention depended partly on learners’ verification skills and teachers’ capacity
to identify and correct Al-generated errors. These limitations require cautious interpretation of the findings.

7. Future Research

Future studies should compare GenAl platforms, teacher-guidance levels, prompt strategies, and mathematical
domains, with emphasis on higher-order outcomes such as justification, proof, error analysis, and mathematical
communication. Research should also examine how prior achievement, Al literacy, self-regulation, teacher
competence, and technological access influence the effectiveness of GenAl-assisted instruction. Further investigation
is needed into the accuracy and reproducibility of Al-generated mathematical explanations, as well as algorithmic bias,
learner dependence, equitable access, and contextually appropriate policies for responsible GenAl integration in
Namibian schools.

8. Conclusion

This study developed an Al-Assisted Mathematics Learning Model that positions GenAl as a complementary resource
for providing explanations, feedback, and alternative solution strategies while preserving the teacher’s central
pedagogical role. The analysis produced a significant adjusted instructional-group effect, F(1,117) = 180.96, p < .001,
partial n2=.607, and illustrated potential benefits related to personalised support, strategy comparison, and reflective
problemsolving. It also highlighted concerns regarding inaccurate responses, learner dependence, technological
access, and the need for teacher mediation. Conceptually, the model suggests that GenAl can support mathematical
reasoning when learners formulate purposeful prompts, verify generated solutions, justify conclusions, and reflect on
their reasoning. The framework therefore provides a foundation for future empirical evaluation and responsible GenAl
integration in Namibian secondary school mathematics education.
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