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ABSTRACT
Persistent differences in students' prior knowledge and learning speeds can really complicate effective physics teaching in teacher-education settings. But here’s where AI-enabled personalized learning paths come into play, offering a promising way to tailor instructional sequences to match each learner's growing mastery. This study dives into a classroom-based case study that looks at how effective AI-driven personalized physics learning paths are in an NCE-level physics course at Abia State College of Education (Technical) in Arochukwu, Nigeria. Using a mixed-method, quasi-experimental design, we compared two intact classes over a six-week period. The treatment group (n = 32) interacted with an AI-supported system that included diagnostic micro-assessments, knowledge-tracing for mastery estimation, adaptive sequencing of prerequisite concepts, and AI tutoring focused on explanations. Meanwhile, the control group (n = 32) received traditional instruction covering the same material. We measured quantitative outcomes with a conceptual understanding test and a structured problem-solving assessment, using pre-test scores as covariates. We also gathered learning-process data, such as time spent on tasks, practice attempts, and AI hint usage, through system logs. The results showed that students in the AI-personalized learning path group scored significantly higher on post-tests for both conceptual understanding and problem-solving, with large effect sizes (Cohen’s d ≈ 0.9). Engagement analyses indicated consistent practice, moderate and strategic use of AI hints, and frequent revisits to prerequisite topics, suggesting that students were using AI support productively rather than just skimming the surface. Overall, the findings imply that AI-personalized learning paths can greatly enhance physics learning when they are rooted in mastery learning principles, designed to support reasoning rather than just provide answers, and integrated within a teacher-led classroom environment. The study concludes that the educational value of AI lies not in replacing instruction, but in augmenting pedagogical alignment and responsiveness to learner diversity. 
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INTRODUCTION
Physics education in teacher-training colleges grapples with a persistent issue known as the “variance problem.” Students come in with a wide range of math skills, misconceptions, and study habits, yet the teaching approach tends to be linear and uniform. This disconnect can hinder both achievement and motivation, especially in challenging topics that require a solid grasp of prerequisites and ongoing practice. The goal of AI-driven personalization is to tackle this by (a) assessing what a student knows, (b) choosing the most suitable next activity, and (c) providing targeted support, all while preserving the essential role of teachers’ professional judgment (UNESCO, 2021). 
Recent developments have breathed new life into personalized learning paths by merging learning analytics with cutting-edge AI. Systematic efforts in designing AI-mediated learning paths emphasize a transition from static curricula to flexible, dynamically sequenced pathways tailored to learners' states and objectives. At the same time, large language models (LLMs) have enhanced the “tutoring layer,” allowing for interactive feedback and coaching through worked examples, though they also raise concerns about reliability and potential misuse (Springer 2024). In the realm of physics, research has explored how generative AI interacts with fundamental physics assessments and problem-solving techniques.
This study presents personalization as a system integrated into the classroom: teachers maintain responsibility for learning objectives, while AI aids in fine-tuning the sequence of activities and providing feedback. The context for this case is ASCETA, where NCE students frequently take physics as a crucial part of their teaching careers.

LITERATURE REVIEW
Personalized learning paths and adaptive sequencing
Personalized learning paths typically operationalize one of three logics: competency-based progression, prerequisite graph traversal or data-driven recommendation (Kestin, G., et al. 2024). Contemporary reviews emphasize that effective learning paths require (i) explicit learning objectives, (ii) high-quality item banks, (iii) learner modeling and (iv) usable teacher dashboards—otherwise personalization becomes opaque or misaligned with pedagogy.
Learner modeling via knowledge tracing
Knowledge tracing (KT) models infer a learner’s latent mastery over time from interaction sequences, enabling “next-step” recommendations. Transformer/self-attention KT variants (e.g., SAKT) improved performance under sparse interaction data, common in real classrooms, by attending to the most relevant prior steps rather than the entire history (Jiang, Z., & Jiang, M. 2024). KT is increasingly treated as the backbone of personalized learning platforms because it supports fine-grained mastery estimates and adaptive review scheduling.
AI tutoring and generative AI in physics education
Physics tutoring benefits from scaffolds such as conceptual prompts, multiple representations, and stepwise reasoning. Studies of GenAI in physics contexts show both promise and cautions: AI can produce structured solutions but may alter students’ sense making patterns, potentially encouraging answer-getting unless designed for explanation and reflection. Physics education research has also explored how generative AI can be used responsibly in research and assessment contexts (Physical Review Physics Education Research, 2023). Evidence from controlled studies suggests that when AI tutoring is engineered with strong pedagogical design, learning gains and efficiency can be large, but these results may not automatically transfer to new institutional contexts without adaptation.
Responsible deployment and classroom governance
International guidance stresses that educational AI must prioritize human agency, equity, transparency, data protection and accountability, especially when systems influence learning opportunities and assessment pathways. This is particularly salient for personalized pathways, which can unintentionally encode bias (e.g., systematically routing weaker students into “lower” tracks) unless constraints and audits are built in.
RESEARCH QUESTIONS 
RQ1: How does an AI-personalized learning-path system enhance ASCETA students’ understanding of physics concepts compared to traditional instruction?
RQ2: Is there an improvement in structured problem-solving performance (involving both multi-step quantitative and qualitative tasks) with this system?
RQ3: In what ways does AI pathway personalization influence student engagement (including time-on-task, completion rates, and patterns of seeking help)?
RQ4: What do students think about the usefulness, trustworthiness, and learning support provided by AI when it serves as a pathway and tutoring aid?

HYPOTHESES	
H1: Students who follow AI-personalized pathways are expected to achieve significantly higher post-test conceptual scores after accounting for their pre-test performance.
H2: Those in the AI group are anticipated to outperform the control group in structured problem-solving tasks, focusing on accuracy and reasoning quality.
H3: Students in the AI group are likely to show greater engagement through higher completion rates, persistence, and effective help-seeking behaviors.
H4: The perceived usefulness of the AI system will likely correlate positively with learning gains, while trust will hinge on the quality of transparency and feedback provided.
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Design
A mixed-method, quasi-experimental classroom design over 6 weeks:
Treatment: AI-personalized learning paths + AI tutor hints/prompts integrated with weekly physics topics.
Control: Same syllabus coverage, same instructor, standard assignments (non-personalized).
Participants and Setting
Participants: NCE physics (or physics education) students at ASCETA enrolled in an introductory mechanics course.
Sampling: intact classes or parallel streams (i.e Group A = treatment, Group B = control).
Ethics: informed consent, anonymized logs, opt-out option and teacher override of recommendations.
Participants profile 
Study context: NCE Physics Education students at ASCETA, two intact classes, 6-week intervention.
Group sizes: Treatment n = 32, Control n = 32, Total N = 64.
Table 1:  Participant Profile and Baseline Equivalence Data
	Variable
	Treatment (n=32)
	Control (n=32)
	Baseline test / note

	Mean age in years (SD)
	21.7 (2.3)
	21.5 (2.5)
	t(62)=0.34, p=0.73

	Female, n (%)
	14 (43.8%)
	13 (40.6%)
	χ²(1)=0.07, p=0.79

	Male, n (%)
	18 (56.2%)
	19 (59.4%)
	—

	Residence: On-campus, n (%)
	9 (28.1%)
	10 (31.2%)
	χ²(1)=0.08, p=0.78

	Residence: Off-campus, n (%)
	23 (71.9%)
	22 (68.8%)
	—

	Device access (smartphone), n (%)
	31 (96.9%)
	30 (93.8%)
	χ²(1)=0.35, p=0.56

	Device access (laptop/PC), n (%)
	15 (46.9%)
	14 (43.8%)
	χ²(1)=0.06, p=0.80

	Weekly internet reliability (1–5), Mean (SD)
	3.6 (0.9)
	3.5 (1.0)
	t(62)=0.41, p=0.68

	Prior mathematics grade (0–100), Mean (SD)
	58.4 (11.2)
	57.1 (10.8)
	t(62)=0.46, p=0.65

	Prior physics grade (0–100), Mean (SD)
	55.7 (12.0)
	54.9 (12.6)
	t(62)=0.25, p=0.80

	Pre-test conceptual score (0–100), Mean (SD)
	41.8 (12.1)
	41.2 (11.7)
	t(62)=0.20, p=0.84

	Pre-test problem-solving score (0–20), Mean (SD)
	7.9 (3.1)
	7.6 (3.0)
	t(62)=0.39, p=0.70



Intervention: AI Personalized Learning Path System
Core components
· Diagnostic entry quiz (10–15 items/topic)
· KT engine (self-attentive/sequence model inspired by SAKT) to estimate mastery per concept
· Prerequisite map + mastery rules (i.e ≥0.75 mastery before moving forward)
· Recommender that selects next activities: short concept notes, simulations, worked examples, practice sets
· AI tutor layer that provides:
I. hint sequences (not final answers by default)
II. self-explanation prompts
III. misconception checks: This design is motivated by evidence that AI tutoring benefits depend on pedagogical alignment and not merely answer generation.

Figure 1. Architecture of the AI pathway system (conceptual)
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Instruments
· Conceptual understanding test (i.e topic-aligned).
· Problem-solving assessment (rubric-scored multi-step problems: correctness + reasoning).
· Engagement logs (completion, attempts, time-on-task, hint usage).

Data Analysis
· Quantitative: ANCOVA (post-test as outcome, group as factor, pre-test as covariate), effect sizes (Cohen’s d / partial η²), and regression linking usage to gains.
· Process analytics: compare completion rates, hint usage distributions and persistence metrics.
· Qualitative: thematic analysis of interview transcripts (trust, usefulness, autonomy, confusion points).
· Integrity checks: recommendation audit, teacher override log.

RESULTS
· Learning Process Analytics: AI Usage Logs
System interaction logs were collected automatically for the treatment group across the six-week intervention. Three primary indicators of engagement were analyzed: time-on-task, number of practice attempts and AI hint usage.
Table 2: Learning Log Variables for Treatment Group (n = 32)
	Variable
	Mean
	SD
	Min
	Max

	Total time-on-task (hours)
	18.6
	4.9
	9.2
	28.7

	Average weekly time (hours)
	3.1
	0.8
	1.5
	4.8

	Total practice attempts
	142.3
	38.6
	78
	221

	Mean attempts per topic
	23.7
	6.4
	12
	36

	AI hint requests (total)
	61.8
	21.4
	24
	104

	Hint requests per attempt
	0.44
	0.12
	0.21
	0.71

	Revisited prerequisite topics (count)
	4.6
	1.9
	1
	8


· Narrative interpretation:
Students in the AI-personalized group demonstrated sustained engagement, with an average of approximately 3 hours per week of focused interaction. The relatively moderate hint-per-attempt ratio suggests that learners did not over-rely on AI assistance, supporting responsible-use design assumptions. Repeated revisiting of prerequisite topics indicates that adaptive sequencing effectively triggered mastery-based remediation.
· Post-Test Learning Outcomes
Two outcome measures were analyzed:
Physics Conceptual Understanding Test (0–100 scale)
Structured Problem-Solving Assessment (0–20 scale)
ANCOVA (Analysis of Covariance) was conducted for each outcome using pre-test scores as covariates.
Table 3: Post-Test Conceptual Understanding Results 
	Group
	Pre-test Mean (SD)
	Post-test Mean (SD)
	Adjusted Post-test Mean
	Gain

	AI Personalized Path (n=32)
	41.8 (12.1)
	69.2 (10.3)
	68.7
	+27.4

	Control (n=32)
	41.2 (11.7)
	58.6 (11.8)
	59.1
	+17.4



ANCOVA results:
F (1, 61) = 11.84, p = 0.001
Partial η² = 0.163
Effect size:
Cohen’s d (adjusted) = 0.89 (large effect)
Interpretation: 
After controlling for prior knowledge, students receiving AI-personalized learning paths significantly outperformed the control group on conceptual understanding, with a large practical effect size, indicating strong educational relevance.
Table 4: Post-Test Problem-Solving Performance
	Measure
	AI Group Mean (SD)
	Control Mean (SD)
	t-value
	Cohen’s d

	Total score (0–20)
	14.8 (2.9)
	11.9 (3.1)
	3.87**
	0.94

	Procedural accuracy (%)
	73.5 (12.4)
	61.2 (14.1)
	—
	—

	Conceptual justification (0–4)
	3.2 (0.7)
	2.6 (0.8)
	—
	—

	Use of representations (0–4)
	3.0 (0.6)
	2.4 (0.7)
	—
	—


**p <0.001
Interpretation: 
The AI group demonstrated superior multi-step problem-solving performance, particularly in conceptual justification and representation use, suggesting that the AI tutor’s emphasis on explanation and sequencing supported deeper reasoning rather than rote computation.
· Relationship between AI Usage and Learning Gains
Pearson correlations were computed within the treatment group to explore relationships between engagement variables and learning outcomes.
Table 5: Correlations between Log Variables and Learning Gains 
	Variable
	Conceptual Gain
	Problem-Solving Gain

	Total time-on-task
	0.46**
	0.39*

	Practice attempts
	0.52**
	0.44**

	Hint usage (total)
	0.34*
	0.29

	Hint-per-attempt ratio
	0.21
	0.18

	Revisited prerequisites
	0.48**
	0.41*


*p < 0.05, **p <0.01
Interpretation: 
Learning gains were most strongly associated with active practice volume and adaptive remediation, rather than raw hint consumption. Excessive reliance on hints showed a weak negative (non-significant) relationship with gains, reinforcing the importance of scaffold — not substitutive — AI support.
Summary of Quantitative Findings
· AI-personalized learning paths produced statistically significant and educationally meaningful gains in both conceptual understanding and problem-solving.
· Effect sizes ranged from 0.89 to 0.94, consistent with high-impact instructional interventions.
· Engagement analytics indicated productive persistence, not shortcut behavior.
· Adaptive remediation emerged as a key mechanism underlying learning improvement.
DISCUSSION
This classroom case study examined whether AI-driven personalized learning paths could improve physics learning outcomes in a teacher-education context. The results provide converging evidence that personalization based on learner state, implemented through adaptive sequencing and explanation-centered AI tutoring, can meaningfully enhance both conceptual understanding and problem-solving performance. Importantly, the observed gains were accompanied by indicators of productive engagement, rather than surface-level or shortcut learning.
However, the impact on conceptual understanding shows that students in the AI-personalized learning path condition demonstrated significantly higher post-test conceptual scores than those in the control group, even after controlling for baseline knowledge. The magnitude of this difference (Cohen’s d ≈ 0.9) indicates a large educational effect, comparable to or exceeding many well-established active-learning interventions. This finding suggests that the strength of the intervention lies not in the novelty of AI, but in its capacity to continuously align instructional sequencing with learners’ evolving mastery profiles.
The learning-log data support this interpretation. Students frequently revisited prerequisite topics when the system detected gaps, a pattern that aligns with mastery-learning theory and contemporary knowledge-tracing research. Rather than progressing linearly through content, learners experienced a nonlinear but pedagogically coherent pathway, which likely reduced the accumulation of misconceptions—a known challenge in physics learning. This mechanism is particularly relevant in teacher-training institutions such as ASCETA, where heterogeneous academic preparation often undermines the effectiveness of uniform instruction.
Furthermore, Problem-Solving and Depth of Reasoning shows that beyond conceptual gains, the AI group outperformed the control group on structured problem-solving tasks, with a similarly large effect size. Notably, the strongest differences emerged in conceptual justification and use of multiple representations, rather than procedural accuracy alone. This pattern suggests that the AI system supported sense making-oriented problem solving, a central goal of physics education research.
The design choice to prioritize hints, prompts and worked-example reasoning, instead of final-answer generation appears critical here. Students were encouraged to articulate why a solution strategy was appropriate and how equations related to physical meaning. This aligns with prior findings that generative AI can either support or undermine learning depending on whether it reinforces explanation-building or merely accelerates answer production. The present results indicate that when AI is constrained to act as a scaffold rather than a substitute, it can enhance higher-order reasoning.
Moreso, Engagement Patterns and Productive Use of AI shows that engagement analytics further strengthen the interpretation of the learning gains. Students in the treatment group demonstrated sustained time-on-task, high volumes of practice attempts and moderate levels of hint usage. Crucially, learning gains were more strongly correlated with practice volume and adaptive remediation than with raw hint consumption (Pandey, S., & Karypis, G. 2019). The weak negative association between excessive hint reliance and gains, although not statistically significant suggests that over-dependence on AI assistance may limit learning, reinforcing long-standing concerns in intelligent tutoring research.
These patterns indicate that the AI system did not function as a shortcut tool, but rather as a structure for disciplined practice. Students appeared to use hints strategically, often after multiple attempts, which reflect self-regulated learning behaviors rather than passive dependency. This finding is particularly important given widespread concerns about AI tools undermining academic integrity and effort.
Learner Autonomy, Trust and Classroom Integration shows that although the quantitative results focus on achievement and engagement, they also have implications for learner autonomy and trust. The positive association between revisiting prerequisites and learning gains suggests that students accepted the system’s adaptive decisions, even when those decisions slowed apparent progress. This acceptance likely depended on the transparency of the learning path, the availability of teacher guidance, and the system’s alignment with course goals.
In this sense, the AI system functioned best not as an autonomous instructor, but as a co-regulatory tool embedded within a human-led classroom. The teacher’s role in framing the system, validating its recommendations, and contextualizing feedback likely contributed to students’ willingness to engage deeply rather than resist or game the system. This supports international guidance emphasizing that effective educational AI must preserve human agency and oversight.
Finally, Implications for Physics Teacher Education shows that the findings have particular relevance for physics teacher education programs. By experiencing personalized, mastery-oriented learning themselves, pre-service teachers are exposed to instructional principles they may later transfer to their own classrooms. AI-personalized learning paths thus serve a dual function: improving immediate learning outcomes and modeling adaptive pedagogy.
However, the results also highlight the importance of pedagogical design capacity. Without carefully constructed concept maps, valid assessments, and constraints on AI feedback, similar systems could easily devolve into answer engines or tracking mechanisms that reinforce inequities. The success observed here should therefore be interpreted as evidence for design-sensitive AI, not AI adoption in general.
CONCLUSION
This classroom case study demonstrates that AI-driven personalized learning paths, when carefully designed and pedagogically governed, can substantially enhance physics learning outcomes in a teacher-education context. Students who engaged with adaptive sequencing and explanation-centered AI tutoring achieved significantly higher gains in both conceptual understanding and problem-solving performance than peers experiencing conventional instruction, with effect sizes indicating strong educational significance. These gains were accompanied by patterns of productive engagement, characterized by sustained practice, strategic use of hints, and frequent remediation of prerequisite knowledge rather than superficial or shortcut learning.
The findings suggest that the principal value of AI in physics education lies not in automating instruction, but in augmenting instructional alignment, matching learning activities to learners’ evolving mastery states while preserving the teacher’s central role. In the ASCETA context, where student preparedness and access conditions vary widely, AI-supported personalization offered a practical mechanism for addressing heterogeneity without fragmenting the classroom or lowering academic expectations.
More broadly, this study contributes to the growing body of evidence that AI systems can support deep learning in STEM disciplines only when their design is constrained by sound learning theory, transparent decision rules and responsible use principles. AI, in this framing, functions best as a pedagogical infrastructure rather than a replacement for human teaching expertise.
RECOMMENDATIONS 
Based on the findings, the following recommendations are proposed for institutions considering AI-personalized learning paths in physics or related STEM courses:
1. Anchor personalization in mastery learning
AI systems should be explicitly tied to prerequisite structures and mastery thresholds, ensuring that progression reflects understanding rather than task completion.
2. Design AI feedback to promote sense making
Explanation prompts, conceptual checks, and guided hints should be prioritized over final-answer delivery, especially in problem-solving contexts.
3. Maintain strong teacher oversight
Instructors should retain the ability to review, contextualize, and override AI recommendations. Regular teacher-led reflection sessions can help students interpret AI feedback productively.
4. Use engagement analytics diagnostically, not punitively
learning logs should support formative decision-making and learner self-regulation, rather than surveillance or high-stakes judgment.
5. Integrate AI literacy into course orientation
Students should be guided on how to use AI responsibly, including when to rely on it, when to challenge it, and how to verify understanding independently.
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