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ABSTRACT 
Generative artificial intelligence offers new opportunities to scaffold students’ mathematical reasoning, yet rigorous evidence 
of its impact on secondary students’ problem-solving remains limited. This study examined whether ChatGPT-driven adaptive 
learning improves eighth-grade students’ problem-solving performance on systems of linear equations in two variables (SPLDV) 
compared with conventional instruction. A pre–post-test control-group design was implemented with 47 eighth-grade students 
in Parepare, Indonesia (experimental n = 24; control n = 23) during the 2024/2025 academic year. The experimental group used 
ChatGPT as an adaptive tutor aligned with Polya’s stages (understand, plan, execute, look back) through guided prompts, hints, 
and feedback. In contrast, the control group received a lecture and practice. Students completed a six-item contextual SPLDV 
test scored with a Polya-based rubric. Between-group differences were tested on post-test scores and normalized gains after 
verifying normality and homogeneity assumptions. The experimental group achieved higher post-test performance (M = 68.33) 
than the control group (M = 59.57), with a significant difference (p = 0.019; η² = 0.117). Learning gains were also larger in the 
experimental group (mean N-gain = 0.34, medium) than in the control group (0.21, low; p = 0.001; η² = 0.372). Indicator-level 
patterns suggested the greatest improvements in understanding the problem and carrying out the plan, whereas devising a plan 
remained the most challenging stage in both groups. These findings indicate that ChatGPT-based adaptive scaffolding can 
enhance students’ mathematical problem-solving on SPLDV, but explicit teacher-guided routines are needed to strengthen 
strategic planning and the critical evaluation of AI outputs. 
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1. INTRODUCTION 

Mathematics education is essential for cultivating 
students’ logical, critical, and creative thinking; 
supporting real-world problem solving; and advancing 
science and technology [1], [2]. In the 21st century, 
problem solving is widely recognized as a core 
competency for addressing complex global challenges [3], 
[4]. Accordingly, mathematics instruction should move 
beyond conceptual and procedural mastery to promote 
higher-order thinking, including analysis, evaluation, and 
creativity [5], [6]. 

However, evidence indicates that students’ problem-
solving ability remains underdeveloped. Many students 
struggle to interpret problem statements, devise 
appropriate strategies, and verify their solutions [7]–[9]. 
An overreliance on rote memorization limits success on 
non-routine tasks [10], [11], and classroom practices 
often emphasize final answers rather than the reasoning 
processes that lead to them [12], [13]. These limitations 
underscore the need for instructional approaches that 
cultivate adaptive problem-solving skills. 

Artificial intelligence (AI) is among the most 
transformative contemporary technologies, reshaping 
diverse domains such as health [14], urban development 
[15], economics [16], and geospatial analysis [17]. AI 
systems are designed to emulate aspects of human 
intelligence, including recognition, reasoning, learning, 
and action [18], [19]. In recent years, AI has advanced 
rapidly and has become increasingly integrated into 
education [20]. Within this domain, AI is recognized for its 
potential to personalize learning, enhance student 
engagement, and support competency development [21]. 
More broadly, advances in information and 
communication technology (ICT), particularly AI, offer 
promising opportunities to address persistent challenges 
in teaching and learning by enabling more adaptive, 
efficient, and inclusive learning environments [22], [23]. 

A major recent development in AI for education is the 
emergence of large language models (LLMs), such as 
ChatGPT [24]. Built on transformer-based neural network 
architectures [25], ChatGPT can clarify mathematical 
concepts, generate practice problems, provide step-by-
step solutions, and suggest multiple solution strategies 
[26], [27]. Importantly, its potential extends beyond 
answer generation by offering digital scaffolding aligned 
with Polya’s [12] four stages of problem solving: 
understanding the problem, devising a plan, carrying out 
the plan, and evaluating the result. Through interactive 
dialogue, ChatGPT can support students in exploring 
alternative approaches, asking follow-up questions, and 
strengthening mathematical reasoning [28]–[30]. Thus, 
ChatGPT may function not only as a technological tool but 
also as a facilitator of deeper mathematical thinking and 
the development of higher-order problem-solving 
competencies [31]. 

Recent studies have begun to examine the role of 
ChatGPT in mathematics education. Noster, Gerber, and 

Siller [26] investigated how pre-service teachers use 
ChatGPT to solve mathematical problems and found that 
response quality depends strongly on prompting 
techniques. Although ChatGPT can provide step-by-step 
explanations, pre-service teachers may accept incorrect 
solutions when they are presented persuasively. These 
findings highlight the importance of mathematical fidelity 
that is, the capacity to critically evaluate the correctness 
of AI-generated mathematical outputs. 

Similarly, Busuttil and Calleja examined teachers’ 
beliefs and practices following a brief professional 
development (PD) program on ChatGPT [28]. Teachers 
with discovery-oriented or connectionist pedagogical 
philosophies were more inclined to incorporate ChatGPT 
into instruction. Nevertheless, concerns persisted 
regarding output accuracy, limitations in visual 
representation, and the risk of student dependency. These 
results suggest the need for systematic PD to support 
teachers in integrating ChatGPT within the Technological 
Pedagogical Content Knowledge (TPACK) framework. 

In addition, a scoping review by Pepin, Buchholtz, 
and Salinas-Hernández [29] synthesized reported 
applications of ChatGPT in mathematics education, 
including problem generation, immediate feedback, and 
personalized learning support. However, the review also 
identified persistent challenges, including accuracy, 
ethical concerns, limited visualization, and the need for 
prompt-engineering skills. Moreover, empirical evidence 
regarding ChatGPT’s effects on student achievement 
remains limited and inconsistent. Related work echoes 
these concerns: Kasneci et al. [27] discussed both 
opportunities and risks of LLMs in education, and Becker 
et al. [32] emphasized the importance of cultivating 
critical engagement with AI outputs rather than passive 
acceptance. 

Taken together, these findings indicate that 
although ChatGPT shows promise for supporting problem-
solving oriented mathematics learning, its 
implementation is not straightforward. First, outputs 
must be critically verified by both students and teachers 
to prevent uncritical acceptance of erroneous solutions. 
Second, effective use of ChatGPT requires skill in 
designing prompts that elicit relevant and accurate 
responses. Third, teachers need sufficient technological 
and pedagogical knowledge to integrate ChatGPT in ways 
that support rather than undermine the goals of 
mathematics education [33], [34]. 

Despite a growing literature base, several gaps 
remain. First, few controlled experimental studies have 
evaluated the impact of ChatGPT-based adaptive learning 
on students’ problem-solving performance; much of the 
existing research is exploratory or based on small-scale 
case studies [27]. Second, evidence on the effectiveness 
of PD programs that prepare teachers to use ChatGPT in 
mathematics classrooms remains limited [28]. Third, the 
integration of multimodality combining text, symbolic 
notation, and visual representations in ChatGPT-assisted 
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learning, particularly for geometry and spatial reasoning, 
remains underexplored [32]. 

Evaluating ChatGPT as an AI-based adaptive tutor for 
mathematical problem solving can yield both theoretical 
and practical contributions. Theoretically, such work 
extends scholarship on AI integration in mathematics 
education, particularly within the Knowledge for Teaching 
Mathematics with Technology (KTMT) framework [35]. 
Practically, findings may inform teachers, policymakers, 
and educational technology developers in designing 
innovative, effective, and ethical approaches to 
mathematics instruction. 

Despite increasing interest in generative AI for 
mathematics learning, controlled evidence remains 
limited regarding process-level outcomes aligned with 
Polya’s stages and replicable intervention protocols 
specifying prompting rules, teacher mediation, and 
verification routines. This study addresses these needs by 
(1) testing a Polya-aligned prompting protocol for 
ChatGPT scaffolding in an eighth-grade unit on systems of 
linear equations, (2) estimating post-test and learning-
gain effects relative to conventional instruction while 
accounting for baseline performance, and (3) identifying 
which Polya stages exhibit the largest improvements 
under structured AI scaffolding. 

Accordingly, the present study examines the effect of 
ChatGPT-driven adaptive scaffolding on eighth-grade 
students’ problem-solving performance in systems of 
linear equations in two variables (SPLDV) and profiles 
learning improvements across Polya’s stages. Specifically, 
the study addresses the following research questions: 
(RQ1) Does ChatGPT-driven adaptive scaffolding improve 
students’ SPLDV problem-solving post-test scores relative 
to conventional instruction after controlling for pre-test 
performance? (RQ2) Do students who receive ChatGPT 
scaffolding demonstrate higher normalized learning 
gains (N-gain) than students in the control group? (RQ3) 
Which Polya stages show the largest and smallest 
improvements under ChatGPT-based scaffolding? 

 
 

2. LITERATURE REVIEW 

2.1. Adaptive Scaffolding and Formative Feedback as 
Mechanisms for Learning 

Instructional scaffolding is commonly defined as 
contingent support that is dynamically adjusted to 
learners’ needs and gradually withdrawn (faded) as 
competence increases. Seminal work emphasizes that 
effective scaffolding involves diagnosing learners’ current 
understanding, providing targeted assistance, and 
progressively transferring responsibility to learners, 
rather than offering complete solutions from the outset 
[36]. In mathematics learning, scaffolding is closely 
linked to metacognitive regulation because students must 
plan, monitor, and evaluate solution pathways while 
navigating procedural and conceptual demands [37], [38]. 

From an assessment-for-learning perspective, 
scaffolding operates through feedback processes that 
reduce the discrepancy between current performance and 
learning goals. Foundational research on feedback 
indicates that its impact depends strongly on the level and 
function of feedback (e.g., task-level, process-level, and 
self-regulation–level) and that feedback can be 
ineffective or counterproductive when it is poorly targeted 
or promotes superficial compliance [39]. A 
comprehensive review further suggests that formative 
feedback is most effective when it is timely, specific, 
supportive, and actionable, and when it provides 
information that learners can immediately use to adjust 
strategies [40]. 

Meta-analytic evidence also shows that feedback 
effects vary widely across contexts and research designs, 
reinforcing the need to specify what feedback is provided, 
when it is provided, and how it is implemented within an 
intervention [41]. In computer-based environments, a 
meta-analysis indicates that elaborated feedback (i.e., 
explanations and guidance) tends to produce stronger 
learning effects than simple correctness feedback, 
particularly for higher-order outcomes [42]. Taken 
together, these perspectives support viewing ChatGPT-
driven adaptive scaffolding as a mechanism that can 
operationalize formative feedback principles at scale—
provided that the scaffolding is contingent, explanation-
oriented, and designed to strengthen learners’ self-
regulation rather than replace it. 

 
2.2. Large Language Models in Mathematics Learning 

Large language models (LLMs) such as ChatGPT introduce 
a new form of interactive support that can generate on-
demand explanations, hints, worked steps, and reflective 
prompts. Recent experimental evidence comparing 
ChatGPT-generated algebra hints with human tutor hints 
suggests that both conditions can yield learning gains; 
however, human-authored hints produced significantly 
larger improvements. Moreover, a nontrivial proportion of 
ChatGPT hints had to be discarded because they 
contained incorrect steps or answers [43], [44]. These 
findings underscore two implications for mathematics 
learning: (i) LLM-based scaffolding can be instructionally 
valuable as an always-available support channel, but (ii) it 
requires safeguards to minimize incorrect guidance and 
ensure pedagogical alignment. 

Systematic syntheses in school mathematics 
education similarly conclude that ChatGPT’s potential is 
accompanied by risks, including inaccuracies, 
overreliance, and variability in the quality of 
mathematical reasoning across tasks, which necessitate 
careful instructional orchestration and explicit prompting 
strategies [45]. At the level of model behavior, research in 
natural language processing (NLP) documents that LLMs 
may generate hallucinated outputs—plausible but false 
statements—particularly when the model’s internal 
dynamics favor fluent continuation over factual 
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correctness [46]. In mathematics classrooms, such 
failures are not merely technical limitations but 
pedagogical threats because incorrect steps can entrench 
misconceptions and distort students’ procedural schemas. 
Accordingly, any ChatGPT-supported intervention should 
clearly specify whether ChatGPT functions primarily as (a) 
a hint generator, (b) a feedback provider, or (c) a reflective 
coach, and should articulate verification routines (e.g., 
teacher validation, rubric-based checking, or constrained 
prompting) to prevent high-fluency, low-validity guidance 
from shaping learning. 

 
2.3. Polya-Aligned Problem-Solving Stages as Process 

Outcomes 

Problem-solving performance is not only an outcome 
score but also a process competency that can be profiled 
across stages. Polya’s classic framework conceptualizes 
problem solving as a four-stage cycle understanding the 
problem, devising a plan, carrying out the plan, and 
looking back and is widely used to structure mathematics 
instruction and assessment [47]. When operationalized as 
analytic indicators, these stages allow researchers to 
examine where learning gains occur, not merely whether 
gains occur. This distinction is particularly important for 
algebra topics such as systems of linear equations in two 
variables (SPLDV), where students may execute 

procedures successfully while remaining weak in 
representation, planning, and verification. 

However, stage-based measurement requires 
explicit alignment between the intervention’s 
instructional moves and the targeted stage indicators. If 
support primarily emphasizes step-by-step execution, 
improvements may concentrate in “carrying out the plan,” 
while “devising a plan” remains underdeveloped. 
Conversely, prompts that emphasize justification, 
monitoring, and error checking may yield larger gains in 
“looking back.” Theoretical work on scaffolding and 
metacognition strengthens the expectation that 
interventions can differentially influence Polya stages 
because metacognitive prompts and self-regulation 
supports are more proximal to planning, monitoring, and 
evaluation behaviors than to routine execution alone [36], 
[37]. 

Polya’s [48] four-step framework (1) understanding 
the problem, (2) devising a plan, (3) carrying out the plan, 
and (4) looking back remains one of the most influential 
models of mathematical problem solving and continues to 
underpin instructional practice worldwide. Empirical 
studies also support its instructional value. For example, 
Fitriani [49] reported that structured implementation of 
Polya’s stages improves students’ mathematical 
reasoning. More broadly, systematic problem-solving 
models in classroom instruction have been associated 
with gains in students’ higher-order thinking skills [50].

 
Table 1. Problem-Solving Assessment Rubric (Based on Polya's Framework) 

No Indicator Score Description 

1 Understanding the Problem 5 Clearly restates the problem in words, identifying all essential data and objectives 
completely. 

  4 Restates the problem with minor omission of less critical data. 

  3 Partially restates the problem; some essential information is missing. 

  2 Shows effort to understand, but with many mistakes or confusion. 

  1 No attempt to understand or a completely incorrect statement. 

2 Devising a Plan 5 Provides an appropriate and rational strategy (e.g., equation, comparison, diagram) and 
explains the reason for choosing it. 

  4 Provides a suitable strategy but with a brief or incomplete explanation. 

  3 Provides a less suitable strategy but demonstrates some relevant thinking. 

  2 Provides an incorrect or inadequate strategy. 

  1 No strategy provided / random guessing. 

3 Carrying Out the Plan 
(Calculation & Logic) 

5 Executes steps correctly, performs accurate calculations, uses neat notation, and 
maintains consistent logic. 

  4 Significant steps correct, with minor calculation/presentation errors that do not affect 
the final solution. 

  3 Some steps are correct, but significant errors lead to inaccurate results. 

  2 Execution is disorganized; calculations are incorrect, or the sequence of steps is 
inconsistent. 

  1 No meaningful execution. 

4 Checking/Looking Back 5 Reviews the answer (e.g., substitution), interprets the result in the problem's context, and 
mentions rounding or assumptions if necessary. 

  4 Provides brief checking or basic interpretation. 

  3 Minimal effort required for checking, but not convincing. 
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No Indicator Score Description 

  2 No checking or incorrect interpretation. 

  1 No attempt made. 

 
In addition to Polya’s framework, inquiry-based 
approaches have been shown to complement problem-
solving instruction. In particular, problem-posing 
activities through which students generate mathematical 
question scan foster creativity and flexibility in 
approaching nonroutine tasks [51]. Menezes et al. [52] 
likewise advocate inquiry-oriented learning environments, 
arguing that such approaches cultivate both problem-
solving and problem-posing competencies. Collectively, 
these findings suggest that problem solving is not only a 
pedagogical technique but also a broader learning 
philosophy that emphasizes reasoning, creativity, and 
adaptability. 
 
2.4. ChatGPT-Based Adaptive Scaffolding 

Integrating the strands above, this study conceptualizes 
ChatGPT-driven adaptive scaffolding as contingent, 
interactive support capable of delivering elaborated 
formative feedback and metacognitive prompts that are 
aligned with learners’ evolving needs [39], [40], [42]. In 
practice, ChatGPT can be used to (i) clarify givens and 
unknowns to strengthen understanding the problem, (ii) 
propose strategic options and representations to support 
devising a plan, (iii) provide stepwise checks and targeted 
hints to improve carrying out the plan, and (iv) prompt 
verification and reflection to strengthen looking back [47]. 
At the same time, the literature suggests important 
boundary conditions: excessive guidance or premature 
provision of complete solution plans may reduce 
productive struggle and weaken planning autonomy, and 
incorrect or hallucinated steps may undermine 
conceptual integrity if not explicitly controlled [43], [45], 
[46]. Accordingly, effects may differ across Polya stages. 

The intervention is expected to produce the strongest 
gains in execution and reflection, whereas gains in 
planning likely depend on how prompts are engineered 
(e.g., requiring students to propose an initial plan before 
receiving adaptive refinement). 

 
2.4.1. Independent variable (X): ChatGPT-driven adaptive 
scaffolding. 

This construct refers to structured student–ChatGPT 
interactions designed to provide: (a) stage-specific 
prompts aligned with Polya’s framework, (b) tiered hints 
that progress from minimal cues to more explicit guidance, 
and (c) feedback and verification prompts (e.g., checking 
assumptions, revisiting intermediate steps, and validating 
final results). In this study, AI support is implemented 
through a predefined prompting protocol and teacher-
mediated rules that discourage direct requests for final 
answers and require strategy generation before AI 
consultation. 
 
2.4.2. Dependent variable (Y): Mathematical problem-
solving performance. 

Problem-solving performance is measured using a 
contextual SPLDV test scored with a Polya-based rubric, 
yielding (1) a total score and (2) stage-level scores 
corresponding to each Polya component (understanding, 
planning, executing, and looking back/checking). 

 
2.4.3. Covariate: Baseline ability (pre-test). 

Students’ pre-intervention problem-solving performance 
(pre-test total score and/or stage-level scores) is treated 
as a covariate to control for initial group differences in 
subsequent analyses. 

 

 

Figure 1. Conceptual framework of the study 
 

The framework predicts that ChatGPT scaffolding will 
most strongly influence stages that benefit from 
immediate feedback and procedural guidance. 
Specifically, step-by-step hints and error diagnosis are 
expected to improve carrying out the plan, while 
metacognitive prompts (e.g., “verify your result,” “check 
consistency,” and “consider alternative solutions”) are 
expected to strengthen looking back. By contrast, 

devising a plan may exhibit smaller gains if students 
become overly reliant on AI-generated strategies or if 
classroom routines do not require independent planning 
before help-seeking. 

Hypotheses 1: After controlling for pre-test 
performance, students in the experimental group will 
achieve higher post-test problem-solving scores than 
students in the control group. 
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Hypotheses 2: Students receiving ChatGPT-driven 
adaptive scaffolding will demonstrate higher normalized 
learning gains (N-gain) than students receiving 
conventional instruction. 

Hypotheses 3: Stage-level improvements will be 
larger for understanding the problem and carrying out the 
plan than for devising a plan, unless explicit instructional 
constraints require independent planning prior to AI use. 
 
 

3. MATERIALS AND METHODS 

3.1. Research Design 

A pre-test–post-test non-equivalent control group quasi-
experimental design was employed to examine the effect 
of ChatGPT-based adaptive scaffolding on eighth-grade 
students’ mathematical problem-solving performance in 
systems of linear equations in two variables (SPLDV). Two 
intact Grade 8 classes from the same school participated: 
one class served as the experimental group and the other 
as the control group. Group assignment was conducted at 
the class level to preserve the existing classroom 
structure and instructional schedule. 

 

Figure 2.  Research Design 

 
Both groups received the same curriculum content, 
learning objectives, instructional time, and assessment 
schedule. The key difference was the mode of 
instructional support: (1) the experimental group engaged 
in ChatGPT-driven adaptive learning structured around 
Polya’s problem-solving stages (understanding the 
problem, devising a plan, carrying out the plan, and 
looking back), and (2) the control group learned through 
conventional instruction (teacher explanations, guided 
discussion, and practice exercises) without AI support. 

 
Table 2. Participant Demographics and Role in the Study 

Characteristics Experimental Group (n = 24) Control Group (n = 23) Total (N = 47) 

Age    

13-years 11 (45.83%) 10 (43.48%) 21 (44.68%) 

14-years 13 (54.17%) 13 (56.52%) 26 (55.32%) 

Gender    

Male 10 (41.67%) 9 (39.13%) 19(40.43%) 

Female 14 (58.33%) 14 (60.87%) 28 (59.57%) 

Mathematics Achievement Level*    

High 6 (25.0%) 5 (21.7%) 11 (23.4%) 

Medium 12 (50.0%) 11 (47.8%) 23 (48.9%) 

Low 6 (25.0%) 7 (30.5%) 13 (27.7%) 

*Mathematics achievement levels were categorized based on students' prior semester mathematics scores. 

 
3.2. Participants 

The study was conducted in Parepare City, South Sulawesi, 
Indonesia, involving 47 eighth-grade students in the 
second semester of the 2024/2025 school year. Of these, 
24 were placed in the experimental group, which used AI-
based adaptive mathematics learning. At the same time, 
23 formed the control group, which underwent 
conventional teaching. 

To ensure data validity, inclusion criteria were 
applied: (1) students had to attend at least 80% of the 
learning sessions, and (2) students had to complete both 
the pre-test and the post-test. The main research 
instrument was a mathematics problem-solving ability 
test, designed to measure students' reasoning and 
solution strategies before and after the intervention. 

3.3. Instruments 

This study used a mathematics problem-solving ability 
test as the primary instrument. The test was explicitly 
structured around Polya’s four stages of problem solving: 
(1) understanding the problem, (2) devising a plan, (3) 
carrying out the plan, and (4) looking back. This structure 
was intended to capture both the correctness of students’ 
final answers and the quality of their reasoning processes. 
The instrument consisted of six contextual SPLDV 
(systems of linear equations in two variables) problems 
designed to elicit students’ ability to: (a) extract and 
organize relevant information from real-world situations, 
(b) define variables and formulate a system of two linear 
equations, (c) apply an appropriate solution strategy (e.g., 
elimination or substitution) accurately and coherently, 
and (d) interpret and verify solutions with respect to the 
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original context. Representative items and contexts are 
shown in Table 3. 

To ensure instrument quality, an analytic rubric 
aligned with Polya’s four indicators was developed. Each 
indicator was rated on a 1–5 scale, so each student’s final 
score reflected overall mastery of mathematical problem-
solving. The instrument underwent expert-based content 

validation by mathematics education specialists to 
confirm alignment among the SPLDV items, Polya-stage 
indicators, language clarity, and contextual realism, 
followed by a pilot test with students outside the main 
sample to evaluate administration feasibility, instruction 
clarity, and reliability. 

 
Table 3. Problem-Solving Ability Test – Topic SPLDV 

No. Context Questions 

1 Education At a school, 72 students join extracurricular activities: futsal and scouting. Each futsal member pays Rp 20,000, while 
each scouting member pays Rp 15,000. The school collects a total of Rp1,220,000. How many students joined futsal, 
and how many joined scouting? 

2 Liquid 
Mixture 

A seller mixes syrup and mineral water. In the first mix, 3 bottles of syrup and 2 bottles of water make 5 liters of drink. 
In the second mix, 2 bottles of syrup and 4 bottles of water make 4.4 liters. How many liters are in one bottle of syrup 
and one bottle of water? 

 
Table 4. Polya-Aligned Prompt Templates 

Template Polya Stages Prompts  

Template 1  Understand the 
problem 

“Here is the problem: [paste]. Please help me identify the given information and what is being 
asked. Do not solve it; only restate the problem and list variables.” 

Template 2  Devise a plan “I propose this plan: [write plan]. Can you check whether my plan is appropriate and suggest two 
alternative strategies (e.g., elimination vs substitution) without giving the final answer?” 

Template 3  Carry out the plan—
step check. 

“I have done these steps: [paste steps]. Please check for errors and tell me the next step only. Do 
not complete the whole solution.” 

Template 4  Looking back—
verification 

“I obtained solution (x, y) = Please verify it by substitution and tell me whether it makes sense in 
the context. If incorrect, point out where my reasoning likely went wrong.” 

Template 5  Metacognitive 
reflection 

“What is the key idea behind this problem? What common mistake should I avoid next time? Give 
me a short checklist to self-check my work.” 

 
To support students’ work at each Polya stage while 
maintaining procedural consistency across participants, 
ChatGPT scaffolding was standardized using fixed, Polya-
aligned prompt templates. Students selected templates 
based on the stage they were working on, and the prompts 
were designed to provide metacognitive and procedural 
support—such as identifying given/asked information, 
evaluating plans, checking steps for errors, and verifying 
solutions in context—while explicitly restricting ChatGPT 
from generating complete final solutions (Table 4). 

Internal consistency of the total test score was 
acceptable (Cronbach’s alpha α = 0.82). Two raters 
independently scored 25% of student responses using the 
Polya-based rubric; interrater reliability was high (ICC = 
0.91). Discrepancies were resolved through discussion. 

 
3.4. Intervention Procedure 

3.4.1. Model specification and technical setting 

The experimental group received ChatGPT-driven 
adaptive scaffolding during SPLDV instruction. The 
intervention used ChatGPT version 4.5 (accessed in 2025). 
Interactions were conducted in Indonesian to match the 
language of classroom instruction. Students accessed 
ChatGPT on their smartphones via school Wi-Fi using 
individual accounts. The teacher ensured stable 

connectivity and standardized device access to minimize 
technology-related confounds across sessions. 

 
3.4.2. Duration, dose, and instructional timeline 

The intervention lasted 4 weeks and comprised eight 45-
minute sessions aligned with the SPLDV unit. Both the 
experimental and control groups received the same 
curricular objectives, worksheets, and total instructional 
time. The only difference was that the experimental group 
used ChatGPT as an adaptive scaffold during problem 
solving, whereas the control group received conventional 
teacher-led instruction without AI support. 

 
3.4.3. Session structure 

Each 45-minute session followed a standardized 
sequence: (a) briefing and rule reminders (5 min), (b) 
individual attempt and written plan (10 min), (c) ChatGPT 
interaction using Polya-aligned templates (10 min), (d) 
peer comparison of strategies (12 min), (v) whole-class 
verification and reflection prompts (6 min), and (e) exit-
ticket reflection (2 min). 

 
3.4.4. Rules and constraints for responsible ChatGPT use 

To prevent answer copying and overreliance, ChatGPT use 
was governed by the following constraints: 
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 No final-answer requests: Students were prohibited 
from prompting ChatGPT to provide a complete 
solution (e.g., “Give me the full answer”). 

 Plan-first requirement: Students were required to 
write an initial plan (strategy) before consulting 
ChatGPT. 

 Hint-based interaction: Students were instructed to 
request hints, checks, or alternative strategies rather 
than fully worked solutions. 

 Mandatory verification: Students were required to 
verify the final result using at least one method (e.g., 
substitution or comparison with an alternative 
strategy) before submitting their work. 

 Teacher mediation: The teacher intervened when 
ChatGPT responses were incorrect, incomplete, or 
misleading and used these instances as teachable 
moments to highlight AI limitations. 

 
3.5. Data Analysis 

Data were analyzed using SPSS. Preliminary assumption 
checks included normality testing (Shapiro–Wilk) and 
homogeneity of variance testing (Levene’s test). 
Independent-samples t-tests were used when 
assumptions were met. When pre-test differences 
between groups were significant, analysis of covariance 
(ANCOVA) was conducted with pre-test scores included as 
covariates. 

Students’ improvement was quantified using both 
raw gain and normalized gain (N-gain), which was 
categorized into low, medium, and high levels. Instrument 
reliability was assessed using Cronbach’s alpha, with 

values of α ≥ 0.70 considered acceptable [53]–[55]. In 
addition to expert-based content validation, validity 
evidence was examined by correlating pre-test and post-
test scores (experimental group: r = 0.545; control group: 
r = 0.965), indicating acceptable score consistency across 
administrations. 

 
 

4. RESULTS 

4.1. Descriptive Analysis 

Table 5 summarizes the pre-test and post-test 
performance of the experimental and control groups. The 
experimental group included 24 students. Pre-test scores 
ranged from 30 to 80 (M = 53.33, SD = 15.23). Following 
the intervention, post-test scores ranged from 40 to 90 (M 
= 68.33, SD = 12.74), indicating higher performance after 
treatment. 

The control group included 23 students. Pre-test 
scores ranged from 20 to 70 (M = 49.13, SD = 12.40). Post-
test scores ranged from 40 to 80 (M = 59.57, SD = 11.86). 
Although scores increased in the control group, the 
magnitude of improvement was smaller than that 
observed in the experimental group. 

 
Table 5. Descriptive Analysis Results 

Group N Minimum Maximum Mean Std. Deviation 

Experimental Pre-test 24 30 80 53.33 15.23 

Experimental Post-test 24 40 90 68.33 12.74 

Control Pre-test 23 20 70 49.13 12.40 

Control Post-test 23 40 80 59.57 11.86 

 
4.2. Normalized Gain (N-gain) 

To further evaluate the effectiveness of ChatGPT-based 
adaptive learning, normalized gain (N-gain) was 
computed to quantify improvement from pre-test to post-
test relative to the maximum possible gain. This metric 
facilitates a more comparable assessment of learning 
improvement across groups. Descriptive statistics for N-
gain are presented in Table 6. 

 
Table 6. N-gain Scores 

Group N Mean N-Gain Std. Deviation 

Experimental 24 0.34 0.098 

Control 23 0.21 0.072 

 
The experimental group achieved a higher mean N-gain 
(0.34) than the control group (0.21), suggesting greater 
relative improvement under ChatGPT-based adaptive 
learning. Variability in N-gain was low in both groups, 

although the experimental group showed slightly greater 
dispersion (SD = 0.098 vs. 0.072). 

Based on Hake’s [56] classification, the control 
group’s mean N-gain (0.21) falls in the low category, 
whereas the experimental group’s mean N-gain (0.34) 
falls in the medium category. This pattern indicates that 
the intervention was associated with stronger learning 
gains than conventional instruction. 
 
4.3. Assumption Testing: Normality and Homogeneity of 

Variance 

Prior to inferential analyses, normality and homogeneity 
assumptions were evaluated. Because each subgroup had 
fewer than 50 participants, normality was assessed using 
the Shapiro–Wilk test for each distribution (experimental/ 
control × pre-test/post-test). Homogeneity of variance 
between groups was examined using Levene’s test. 
Results are shown in Tables 7 and 8.
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Table 7. Tests of Normality (Shapiro–Wilk) 

Group/Class Statistic df Sig. Interpretation 

Pre-test Experimental 0.938 24 0.145 Normal (p > 0.05) 

Post-test Experimental 0.940 24 0.167 Normal (p > 0.05) 

Pre-test Control 0.932 23 0.121 Normal (p > 0.05) 

Post-test Control 0.924 23 0.080 Normal (p > 0.05) 

 
Table 8. Test of Homogeneity of Variance (Levene’s Test) 

Basis of Test Levene Statistic df1 df2 Sig. Interpretation 

Based on Mean 0.235 1 45 0.630 Homogeneous (p > 0.05) 

Based on Median 0.155 1 45 0.696 Homogeneous (p > 0.05) 

Based on Median (adj. df) 0.155 1 44.828 0.696 Homogeneous (p > 0.05) 

Based on Trimmed Mean 0.206 1 45 0.652 Homogeneous (p > 0.05) 

 
All Shapiro–Wilk tests were non-significant (0.080 – 
0.167), indicating no evidence of meaningful deviation 
from normality (Table 7). Levene’s test was also non-
significant across estimators (0.652 – 0.696), supporting 
homogeneity of variance (Table 8). Therefore, parametric 
procedures were appropriate for subsequent analyses. 
 
4.4. Within-Group Improvement Paired-Samples t-Tests 

Within-group pre–post changes were examined using 
paired-samples t-tests (Table 9). Both groups showed 
statistically significant improvement in problem-solving 
scores from pre-test to post-test. 

 
Table 9. Paired-Samples t-test 

Group Mean Difference t-value df Sig. 

Experimental 15.0 14.387 23 0.000 

Control 10.435 13.651 22 0.000 

 
The control group improved by 10.435 points, t-value (22) 
= 13.651, p < 0.001. The experimental group improved by 
15.000 points, t-value (23) = 14.387, p < 0.001. The larger 
mean difference in the experimental group suggests 
greater improvement under the ChatGPT-supported 
condition. 

4.5. Within-Between-Group Difference in Post-Test 
Scores: Independent-Samples t-test 

To compare post-test performance between groups, an 
independent-samples t test was conducted (Table 10). 

 
Table 10. Independent-Samples t Test (Post-test) 

t-value df Sig.  
Mean 

Diff. 
95% CI 

Lower 
95% CI 

Upper 

2.439 45.0 0.019 8.768 1.528 16.008 

 
Post-test scores differed significantly between groups, t-
value (45) = 2.439, p = 0.019. The mean difference was 
8.768 points (95% CI [1.528, 16.008]), indicating higher 
post-test performance in the experimental group than in 
the control group. 
 
4.6. Group Differences in Post-Test Scores and N-gain: 

One-Way ANOVA 

To further evaluate group differences and report effect 
sizes, one-way ANOVAs were conducted for post-test 
scores and N-gain (Tables 11 and 12). 
 
 
 

 
Table 11. One-Way ANOVA for Post-Test Scores by Group 

Group/Class Sum of Squared df Mean Square F-value p-value η² 

Between Group 901.259 1 901.259 5.940 0.019 0.117 

Within Group 6827.586 45 151.724    

Total 7728.845 46     

 
Table 12. One-Way ANOVA for N-gain by Group 

Group/Class Sum of Squared df Mean Square F-value p-value η² 

Between Group 0.198 1 0.198 26.667 0.001 0.372 

Within Group 0.335 45 0.007    

Total 0.533 46     
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Post-test scores differed significantly by group, F-value (1, 

45) = 5.94, p = 0.019, with a moderate effect size (η² = 
0.117), indicating that 11.70% of the variance in post-test 
performance was attributable to group membership. 
Normalized gain also differed significantly by group, F-
value (1,45) = 26.67, p = 0.001, with a large effect size (η² 
= 0.372), suggesting that 37.20% of the variance in 
learning gains was associated with the intervention. 
Overall, these findings indicate that the ChatGPT-
supported condition was associated with higher post-test 
achievement and substantially greater relative learning 
improvement than conventional instruction. 

 
4.7. Polya’s Problem-Solving Indicators 

This study examined performance across Polya’s four 
problem-solving stages—understanding the problem, 
devising a plan, carrying out the plan, and looking back—
using pre-test and post-test assessments in both the 
control and experimental groups. Figures 3 and 4 
summarize stage-level score patterns for the control 
group (conventional instruction) and the experimental 
group (ChatGPT-based adaptive learning), respectively. 
 

 

 

Figure 3. Score of Polya's Problem-Solving Indicators (Control Group) 
 

 

Figure 4. Score of Polya's Problem-Solving Indicators (Experimental Group) 
 
The most pronounced gains were observed in 
understanding the problem and carrying out the plan 
(Control group). Average scores for understanding the 
problem increased from approximately 4.74–5.43 on the 
pre-test to 8.35–11.09 on the post-test, while scores for 
carrying out the plan rose from about 5.26–7.17 to 9.70–
12.61. These improvements suggest that conventional 
instruction supported students’ comprehension of 

problem statements and execution of solution procedures. 
In contrast, devising a plan remained largely unchanged 
at around 5, indicating persistent difficulty in strategy 
formulation. Looking back also improved (approximately 
4.74–5.00 to 6.61–8.26), but gains were modest relative 
to those observed for understanding and execution. 

Students who received ChatGPT-based adaptive 
scaffolding showed larger and more consistent 

Understanding the Problem Devising a Plan Carrying Out the Plan Rechecking/Looking Back

Pre-test (Q1) 4.74 4.83 5.26 4.74

Post-test (Q1) 8.35 4.91 9.7 6.61
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Post-test (Q2) 11.09 5 12.61 8.26
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improvements across indicators (Experimental group). 
The strongest gains again occurred in understanding the 
problem and carrying out the plan. Scores for 
understanding the problem increased from roughly 5.04–
9.58 on the pre-test to 7.08–12.50 on the post-test. 
Similarly, carrying out the plan improved from 
approximately 6.42–10.62 to 9.38–14.58. These patterns 
suggest that ChatGPT’s interactive prompts and adaptive 
feedback effectively supported both comprehension and 
procedural execution. Notably, looking back increased 
more substantially in the experimental group than in the 
control group, indicating that access to ChatGPT may have 
encouraged students to reflect on and verify their 
solutions more consistently. However, as in the control 
group, devising a plan remained the weakest stage, 
showing only minimal change from pre-test to post-test. 
 
 

5. DISCUSSION 

This study indicates that ChatGPT-assisted adaptive 
learning can substantially enhance students’ 
mathematical problem-solving performance relative to 
conventional instruction. The findings are consistent with 
Polya’s [48] framework, which conceptualizes problem 
solving as a cycle comprising four interrelated phases: 
understanding the problem, devising a plan, carrying out 
the plan, and looking back. 

At the understanding stage, students in the 
experimental group demonstrated more consistent 
improvement than those in the control group. ChatGPT 
appeared to support this phase by reformulating problems 
in simpler language, highlighting critical information, and 
connecting tasks to students’ prior knowledge. This 
pattern is consistent with Fitriani et al. [49], who 
emphasize the importance of early problem clarification 
for strengthening mathematical reasoning. In this role, 
ChatGPT may function as an accessible mediator that 
reduces barriers to comprehension by translating 
complex statements into manageable components [57]. 
By contrast, students in the control group relied primarily 
on teacher explanations and peer discussion, which may 
explain their comparatively smaller gains. 

At the planning stage, performance remained 
relatively low in both groups. Although ChatGPT provided 
alternative strategies, many students appeared 
insufficiently prepared to evaluate, compare, and select 
the most appropriate approach. This finding aligns with 
Noster, Gerber, and Siller [26], who reported that students 
and pre-service teachers may accept ChatGPT-generated 
outputs without adequately scrutinizing their validity. 
Similarly, Busuttil and Calleja [28] argue that effective 
classroom use of AI requires deliberate pedagogical 
supports that cultivate metacognitive competencies, 
including anticipating outcomes, weighing alternatives, 
and justifying a strategy before executing it. Related 
concerns have also been raised by Zhai, Wibowo, and Li 

[58], who found that overreliance on AI dialogue systems 
can inhibit the development of independent reasoning. 

At the implementation stage, the experimental 
group exhibited greater progress than the control group. 
ChatGPT’s step-by-step explanations likely served as 
digital scaffolding that reduced cognitive load and 
supported more systematic execution [59], [60]. At the 
same time, this affordance may introduce a risk of 
overdependence. Some students appeared to replicate AI-
generated procedures without fully internalizing the 
underlying mathematical logic [27]. Without explicit 
guidance to evaluate steps critically, reliance on ChatGPT 
may foster passive learning and reduce autonomy and 
creativity. Evidence that short AI-literacy interventions do 
not reliably prevent uncritical adoption of incorrect 
recommendations further underscores the importance of 
structured, guided reflection [61]. 

At the looking back stage, ChatGPT appeared to 
prompt students to verify solutions (e.g., via substitution) 
and interpret results within context, thereby 
strengthening reflective engagement in the experimental 
group. In contrast, students in the control group often 
omitted this phase in the absence of explicit prompts. This 
pattern aligns with Kapur’s [62] concept of productive 
failure, which emphasizes deeper learning through 
testing, critiquing, and revising solutions. It is also 
consistent with Hyeon Jo et al. [63], who suggest that AI-
supported reflective engagement can improve error 
detection and conceptual understanding. 

The N-gain results reinforce the stage-level patterns: 
the experimental group achieved medium improvement 
(0.34), whereas the control group remained in the low 
range (0.21). Independent-samples t tests further 
indicated a statistically significant between-group 
difference (p < 0.05), suggesting that the observed 
improvements were attributable to the AI-supported 
intervention rather than incidental variation. This finding 
is consistent with Huang and Tu [64], who reported 
moderate but reliable positive effects of AI integration on 
students’ mathematical reasoning in a systematic review. 

From a theoretical perspective, the results 
contribute to the Knowledge for Teaching Mathematics 
with Technology (KTMT) framework by underscoring that 
educational technology should function not as an answer 
generator but as a cognitive scaffold that promotes 
critical, reflective, and adaptive thinking. Practically, the 
findings suggest that ChatGPT can serve as a 
supplementary learning tool for both independent study 
and classroom instruction. However, teacher mediation 
remains essential: teachers must ensure that students 
move beyond obtaining answers toward understanding 
and justifying the underlying mathematical reasoning 
[65], [66]. As Kanbul, Adamu, and Mohammed [67] 
emphasize, teacher preparedness is a key determinant of 
whether AI strengthens or undermines educational 
quality. 
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Figure 5. Question 1 with ChatGPT in Mathematics Learning. (a) Polya's Four Problem-Solving Indicators with the elimination method; (b) 
Alternative Short Solution with One Variable 

 
Building on these implications, Figure 4 illustrates how 
ChatGPT can support students in solving SPLDV problems 
through two approaches. In Figure 4a, the solution 
process is explicitly structured according to Polya’s four 
indicators. ChatGPT guides students to define variables 
from the given context, proposes an elimination-based 
plan, supports systematic execution, and then prompts 
verification through substitution. This approach 
reinforces a transparent reasoning sequence that can 
help students internalize the logic of problem solving 
rather than focusing solely on the final answer. 

Figure 4b presents an alternative, more concise 
solution using a one-variable substitution approach. 
Although this strategy may be more intuitive and efficient 
for some learners, its brevity may also reduce 
opportunities to practice the systematic reasoning 
emphasized in Polya’s framework. Thus, while shortcut 
methods can expedite computation, they may not 
consistently support the development of reflective and 
transferable problem-solving competence. 

Providing multiple valid solution pathways can 
promote strategic flexibility and accommodate 
differences in students’ cognitive preferences. This 
interpretation aligns with Szabo et al. [68] and Menezes 
et al. [52], who argue that problem-solving instruction 
should allow for varied approaches because diversity can 
enrich learning experiences. Nonetheless, teachers 

should emphasize that while concise solutions are 
mathematically valid, mastery of systematic problem-
solving processes remains crucial for tackling nonroutine 
and complex tasks [50]. 
 
 
6. IMPLICATION AND LIMITATIONS 

Overall, the findings align with prior research showing 
that AI integration can increase engagement, support 
personalization, and provide timely feedback [69], [70]. 
Related studies also highlight the value of problem-based 
learning for strengthening conceptual understanding and 
higher-order thinking [71], [72]. In this study, ChatGPT 
appeared to function as adaptive scaffolding by 
supporting procedural execution while also encouraging 
students to compare strategies, check correctness, and 
develop cognitive flexibility [73], [74]. However, realizing 
these benefits requires teacher-guided routines that 
prompt students to justify decisions and evaluate outputs 
critically. 

Several limitations should be noted. First, devising a 
plan remained the weakest stage, suggesting that 
ChatGPT did not sufficiently strengthen students’ 
strategic planning. Second, occasional inaccuracies or 
contextually inappropriate responses may mislead 
students who lack robust verification skills. Third, some 

(a)

(b)
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students demonstrated dependency, consulting ChatGPT 
prematurely rather than attempting independent 
reasoning. 

Accordingly, integrating ChatGPT into mathematics 
learning should be situated within a blended learning 
design that combines AI support with structured human 
mediation. Complementary strategies—such as problem 
posing, peer discussion, and guided reflection—are likely 
necessary to ensure that adaptive learning extends 
beyond procedural proficiency to foster creativity, 
autonomy, and higher-order reasoning. 

 
 

7. CONCLUSION 

This study shows that adaptive mathematics instruction 
supported by ChatGPT can enhance students’ problem-
solving performance relative to conventional teaching. 
Significant differences between the experimental and 
control groups were observed across both normalized 
learning gains (N-gain) and inferential comparisons (t-
test results). At the process level, the strongest 
improvements occurred in Polya’s indicators of 
understanding the problem and carrying out the plan. 
However, consistently weaker performance in devising a 
plan across both groups highlights the need for 
instructional designs that more deliberately cultivate 
strategic planning and other higher-order cognitive skills. 

Theoretically, the findings suggest that LLM-based 
tutoring may preferentially strengthen procedural 
components of problem solving particularly 
comprehension and execution while providing more 
limited support for strategic planning. This distinction 
extends technology-integration frameworks by clarifying 
which cognitive subprocesses appear most responsive to 
generative-AI scaffolding. Practically, teachers should 
embed ChatGPT use within a structured verify-and-
explain routine in which students (a) justify their chosen 
strategy, (b) evaluate AI outputs against mathematical 
principles, and (c) produce a brief written reflection 
before receiving confirmation or moving forward. 

ChatGPT-supported instruction appears most 
beneficial for supporting students’ progression through 
problem comprehension and execution, whereas strategic 
planning remains a persistent bottleneck. Accordingly, 
generative AI tools should be implemented within 
teacher-guided routines that explicitly develop planning 
heuristics and metacognitive monitoring. Future research 
should replicate these findings using larger samples, 
longer intervention periods, and implementation fidelity 
measures. Although the present results indicate 
meaningful improvements under structured ChatGPT 
scaffolding, the conclusions are limited by the quasi-
experimental design, small sample size, and single-school 
setting. Replications using randomized or well-matched 
designs, extended durations, and systematic fidelity 
checks are needed to strengthen causal inference and 
generalizability. 
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