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Abstract: This study developed, content-validated, and evaluated the 
effectiveness of a Socratic AI-based adaptive scaffolding system for fostering 
critical thinking in secondary physics education. The system was developed 
through the ADDIE model and evaluated using a non-equivalent pretest-posttest 
control-group design. Content validity was assessed by two experts using a 20-
item, four-point validation instrument analyzed with Aiken’s V. The effectiveness 
study involved 135 Grade XI students from two secondary schools, comprising 
69 students in the experimental group and 66 in the control group. Both groups 
received seven guided-inquiry sessions; however, only the experimental group 
used the Socratic AI-enhanced E-Laboratory. Posttest critical-thinking scores 
were analyzed using one-way ANCOVA, with pretest scores as the covariate. 
Expert evaluation yielded strong content validity (Aiken’s V = 0.90). After 
adjustment for baseline performance, the experimental group achieved a 
significantly higher posttest mean than the control group, F(1,132) = 79.63, p < .001, 
partial η² = .374. The adjusted means were 83.51 and 73.38, respectively, 
corresponding to a 10.13-point difference. These findings indicate that 
pedagogically constrained AI, integrating Socratic questioning and adaptive 
scaffolding, can support critical-thinking development by guiding reasoning rather 
than providing immediate solutions.  
 
Keywords: Adaptive Scaffolding, Critical Thinking, Physics Education, Socratic 
AI-Based. 



1. Introduction  

Physics education persistently faces challenges in fostering students’ critical 
thinking, particularly due to rote memorization, limited engagement, and difficulties in 
transferring conceptual understanding to real-world contexts [1], [2]. Although physics 
is grounded in systematic observation, experimentation, and logical reasoning, 
classroom instruction often prioritizes procedural fluency over epistemic 
understanding. As a result, students may become proficient in manipulating 
equations yet struggle to explain underlying assumptions, evaluate alternative 
explanations, or apply concepts in unfamiliar situations. Research in science 
education consistently shows that learners tend to retain algorithmic problem-solving 
routines without developing strong conceptual frameworks [3], [4], [5], [6], [7]. This 
gap is reflected in the dominance of formula-driven approaches that constrain 
conceptual reasoning, hinder knowledge transfer, and limit students’ capacity for 
argumentation and evidence-based justification, as core dimensions of scientific 
reasoning. 

This limitation is most evident in the development of critical thinking, which 
involves analyzing claims, evaluating evidence, identifying assumptions, constructing 
arguments, and reflecting on reasoning processes [8], [9]. In physics, these 
competencies underpin model construction, hypothesis testing, and theory evaluation 
rather than serving as supplementary skills [10], [11]. However, many instructional 
and assessment practices continue to privilege the correctness of final answers over 
the reasoning processes that produce them [12], [13], [14], [15], [16], [17]. When 
outcomes are prioritized over epistemic engagement, students tend to reproduce 
procedures rather than engage in reflective evaluation, constraining the cultivation of 
higher-order reasoning that physics education explicitly aims to develop.  

Empirical evidence from a synthesis of 20 major studies conducted between 
2021-2025 involving 3,612 Indonesia secondary school students further confirms this 
concern. Critical thinking performance remains at moderate to low levels, with an 
overall mean score of 66.6% against a 70% target, and 10 studies reporting very low 
achievement across key indicators. The review results are shown in Figure 1. 

 

 
Fig. 1. Mean Score of CT and very low CT trend on physics in Indonesia secondary 

school. 
 

The weakest dimensions include self-regulation, evaluation, and analytical 
reasoning, despite curriculum mandates emphasizing Higher Order Thinking Skills 
(HOTS) and the implementation of inquiry, project-based, and blended learning 
models [18], [19]. These findings suggest that existing instructional innovations have 



improved engagement but have not consistently transformed the epistemic quality of 
reasoning in physics education. The review results are shown in Figure 2. 

 

 
Fig. 2. Weakest score of the CT indicator on physics in Indonesia secondary school. 

 
However, recent studies indicate various innovative instructional models have 

been implemented to improve CT skills, include project-based, problem-based, 
inquiry, and the use of technology-enhanced learning environments [20], [21], [22], 
[23], [24], [25]. Among these, AI-supported learning environments show particular 
promise due to their capacity to deliver adaptive feedback, support data-driven 
reasoning, and facilitate reflective problem analysis targeting higher-order cognition 
[26], [27], [28], [29], [30]. Previous intervention results, showed substantial increases 
in students’ critical thinking scores across AI-supported with large effect >0,8 mean 
cohen’s d [31], [32], [33], [34], such as intervention AI-PBL in high effectiveness (N-
gain 0.91) [35]. This shift, marks AI enhanced a transition from procedural instruction 
to epistemically oriented learning, where students are encouraged not only to obtain 
correct answers but also to justify, evaluate, and reconstruct their reasoning. The 
review results are shown in Figure 3. 

 

     
Fig. 3. The effect size and N-gain AI-supported on intervention stundents critical 

thinking. 
 

One pedagogical tradition closely aligned with such reflective reasoning is the 
Socratic method. The Socratic method, characterized by dialogic questioning, 
represents a pedagogical approach that fosters critical thinking and reflective 
reasoning by positioning educators or intelligent systems as adaptive scaffolds 



guiding learners to examine assumptions, evaluate alternatives, and articulate 
reasoning processes [36]. Advances in artificial intelligence enable the 
operationalization of Socratic questioning at scale through educational chatbots [37], 
fine-tuned large language models, and Socratic question generation systems, which 
provide personalized prompts, iterative feedback, and context-sensitive inquiry. 
Empirical studies show that such systems including Socratic tutors, Socratic Question 
Generation datasets, and Socratic Intelligent Conversational Agents (S-ICA) [38], 
significantly enhance critical thinking, reflective learning, academic achievement, and 
student engagement compared to conventional instructional or non-Socratic digital 
tools [39], [40].  

The benefits are particularly evident in domains requiring analytical decision-
making, where learners are encouraged to question assumptions, construct 
arguments, and connect prior knowledge with new insights [41]. Nevertheless, 
effective implementation requires pedagogical readiness, teacher expertise in 
questioning strategies, and contextual adaptation, while AI offers a scalable solution 
to extend adaptive Socratic interaction to broader learning environments . In this 
context, AI can operationalize Socratic questioning at scale by providing personalized 
prompts, iterative feedback, and context-sensitive guidance, thereby fostering 
analytical reasoning and argumentation in ways that mirror authentic scientific inquiry. 
Emerging evidence suggests that Socratic AI systems, such as LLM or structured 
educational chatbots and intelligent conversational agents, can enhance reflective 
reasoning, depth of justification, and evidence-based argumentation more effectively 
than unstructured digital tools, particularly when questions explicitly require 
explanation, evaluation of counterarguments, and articulation of evidence. The 
analysis result shown in Figure 4. 

 

 
Fig. 4. Effect size of LLM Socratic Chatbot/AI on learning outcome. 

 

From a learning theory perspective, this approach aligns with scaffolding 
grounded in Vygotskian theory, where learners receive temporary support from a 
more knowledgeable agent to perform tasks within their Zone of Proximal 
Development before gradually achieving independence [42], [43]. Its core elements 
include diagnosis of learner needs, responsive adjustment of support, and a staged 
handover toward independence [44], [45]. In technology-enhanced contexts, 
scaffolding evolves into adaptive scaffolding, in which support is dynamically 



calibrated based on real-time evidence of learner performance through digital 
platforms, simulations, and intelligent systems [46], [47], [48], [49].  

Between 2022 and 2026, research on artificial intelligence in education 
expanded rapidly, particularly through intelligent tutoring systems, adaptive platforms, 
and conversational agents that support personalized learning [50]. In physics 
education, these technologies can provide immediate feedback, recommend relevant 
resources, and adjust instructional support to students’ performance and emerging 
needs [51]. Nevertheless, most applications remain focused on answer accuracy, 
procedural guidance, task completion, and instructional efficiency [52]. Far less 
attention has been given to AI systems that sustain reflective dialogue, challenge 
assumptions, and progressively develop conceptual reasoning and critical thinking 
[53]. 

This limitation is especially consequential in physics, where meaningful 
learning requires students to formulate problems, construct hypotheses, evaluate 
evidence, relate experimental findings to theory, and revise explanations when 
evidence is inconsistent [54]. Although AI may accelerate these processes, greater 
efficiency does not necessarily produce deeper conceptual understanding or stronger 
epistemic judgment [55]. 

A critical gap therefore remains between rapid technological innovation and 
the development of theoretically grounded, pedagogically coherent, and empirically 
validated instructional frameworks. Existing studies generally examine AI, Socratic 
dialogue, adaptive scaffolding, and critical-thinking interventions as separate 
components, leaving limited evidence on how they can be integrated into a unified 
model for sustaining inquiry and regulating instructional support [56]. 

To address this gap, the present study aims to develop, validate, and evaluate 
the effectiveness of an AI-driven Socratic adaptive scaffolding model for secondary 
physics education. The model integrates Socratic dialogue, guided inquiry, adaptive 
scaffolding, and intelligent technological support within a coherent instructional 
framework [37]. Rather than functioning merely as a source of answers or procedural 
assistance, AI is positioned as a dialogic and adaptive partner that supports students 
in articulating assumptions, examining evidence, refining explanations, and reflecting 
on the development of their reasoning [57], [58] The study’s contribution and novelty 
are further established through VOSviewer-based bibliometric mapping of research 
on Socratic questioning, artificial intelligence, adaptive scaffolding, critical thinking, 
intelligent tutoring, and physics education. Figure 5 illustrates the resulting network 
structure, emerging thematic trends, cross-cluster relationships, and the novelty 
position of the proposed model. 

 



 

Fig. 5. Integrated bibliometric visualization of the state of the art, emerging research 
trends, thematic fragmentation, and novelty positioning of the proposed AI-driven 

Socratic adaptive scaffolding model. 
 

Figure 5 shown Cluster 1 centers on socratic questioning, generative AI, 
inquiry, feedback, and critical thinking skill, reflecting rising interest in AI-mediated 
dialogic learning. Cluster 2 links physics education, physics problems, AI tutoring, 
and a socratic approach, but with only marginal ties back to socratic pedagogy proper. 
Cluster 3 is dominated by the node “socratic method” itself, alongside AI systems, 
chatbots, and artificial intelligence broadly, indicating mature conversational-AI 
scholarship still detached from discipline-specific instruction. Cluster 4 gathers large 
language models, intelligent tutoring systems, adaptive learning, and adaptive 
scaffolding, evidencing fast-moving technical progress whose links to critical thinking 
and socratic inquiry remain thin.  

The overlay visualization, colour-coded from 2023 to 2024, confirms this drift 
newer publications cluster around generative AI, large language models, and 
adaptive scaffolding, yet cross-cluster edges stay sparse, meaning these advances 
have not been absorbed into socratic, inquiry-based physics learning. Read together, 
the maps expose a genuine fragmentation: socratic questioning as an epistemic 
anchor, adaptive scaffolding as a developmental mechanism, physics inquiry as the 
disciplinary setting, and multi-agent AI as the technological layer are studied in 
isolation rather than as one system, a gap the focused-cluster panel makes explicit 
by tracing how Clusters 1 through 4 orbit, but rarely intersect with, the variables 
central to this research. 

This is where the present study departs from prior work: not by adding AI, 
socratic dialogue, or scaffolding piecemeal, but by orchestrating all three inside one 
phase-aligned Smart Inquiry Environment. Socratic questioning anchors the 
epistemic core, while adaptive scaffolding paces support across inquiry phases 
through four coordinated agents a Case Study Guide, a Laboratory Partner, a 
Discussion and Concept Scaffolder, and a Physics Chatbot each tuned to a specific 



stage of reasoning, from concept activation through hypothesis testing to 
metacognitive reflection. A teacher-facing analytics layer keeps educators, not the 
system, in charge of interpreting evidence and deciding when support should shift or 
fade, preserving learner agency alongside AI assistance. Situated within Indonesia’s 
Merdeka Curriculum, the model offers a pedagogically grounded route toward inquiry, 
autonomy, and reflective reasoning in secondary physics classrooms. 

2. Methodology 

Research Design  

This study employed a Research and Development (R&D) methodology [59], 
operationalized through the ADDIE instructional design model, which comprises five 
iterative phases: Analysis, Design, Development, Implementation, and Evaluation 
[60]. The comperehensif stage shown in figure 6.  

 

 

Fig. 6. ADDIE instructional design for multimedia mobile learning development 
procedure. 

 

Based on figure 6, teacher interviews, student surveys, and physics 
assessment results in the Analysis phase were examined to identify conceptual 
difficulties, weak CT performance, and the need for personalized reasoning support. 
The Design phase established the instructional and technological blueprint, including 
the Socratic questioning taxonomy, adaptive scaffolding matrix, reasoning-state 
classification, AI guardrails, and alignment with guided inquiry and critical-thinking 
indicators. In the Development phase, the architecture was programmed and 
integrated into the e-laboratory, the AI model was trained using structured Socratic 
prompts, and the product was validated by physics education and educational 
technology experts. The Implementation phase involved classroom piloting to assess 
usability, system stability, adaptive functioning, and instructional consistency, 
followed by revisions based on initial feedback. Finally, the Evaluation phase 
examined effectiveness through a non-equivalent pretest–posttest control-group 
design [61], comparing the Socratic AI–integrated e-laboratory with a conventional e-



laboratory. Evaluation findings informed iterative revision and finalization of the 
system. 

 
Research Procedure  

The research was conducted in two integrated phases: (1) system 
development using the ADDIE model and (2) effectiveness evaluation through a 
quasi-experimental design [62]. This used to examine Effectiveness in student’s 
critical thinking after the intervention of a Socratic AI-Based. The comperehensif 
procedure shown in figure 7. 

 

 
Fig. 7. Quasi-experimental study procedure integrating guided inquiry. 

 

The research procedure comprised five stages: preparation, pretesting, 
treatment implementation, posttesting, and effectiveness evaluation. During 
preparation, permissions, teacher orientation, and classroom readiness were 
secured. Both groups completed an identical critical-thinking pretest to establish 
baseline comparability. Across seven meetings, both classes followed guided inquiry, 
while the experimental class used the Socratic AI-enhanced E-Laboratory and the 
control class used the conventional E-Laboratory.  

Guided inquiry was selected because its cycle of questioning, hypothesis 
formulation, experimentation, evidence analysis, and conclusion construction reflects 
the epistemic practices required in physics [63], [64], [65]. The AI layer complemented 
this structure by diagnosing students’ reasoning, delivering adaptive Socratic 
prompts, and gradually fading support as competence increased. According to 
[NO_PRINTED_FORM] [66] this integration was intended to move students beyond 
procedural problem solving toward assumption testing, evidence evaluation, 
conceptual justification, and reflective judgment. Classroom dynamics, interaction 
logs, and implementation fidelity were monitored throughout, followed by an 
equivalent posttest to assess changes in critical-thinking performance. 

 
Sample and Data Collection 

The study population consisted of Grade XI students enrolled in physics 
courses at senior secondary schools (Sekolah Menengah Atas) in Kolaka, Southeast 



Sulawesi, Indonesia. Two schools with comparable academic profiles, infrastructure 
readiness, and national curriculum implementation were selected. Using cluster 
sampling, four intact classes comprising 135 students were included to preserve 
naturally occurring classroom conditions. One class from each school was assigned 
to the experimental group and one to the control group, yielding 69 students in the 
experimental condition and 66 in the control condition. Baseline comparability was 
assessed using pretest scores before the intervention.  

Data were collected using two complementary instruments: a media validation 
sheet and a CT test. The media validation sheet was used to establish the 
pedagogical, functional, and technical feasibility of the Socratic AI-based adaptive 
scaffolding system before classroom implementation. Meanwhile, the critical-thinking 
test was administered as an identical pretest and posttest to measure changes in 
students’ reasoning performance following the intervention. The instruments, 
assessed dimensions, format, and scoring methods are summarized in Table 1. 

 
Table 1. Overview of the data-collection instruments and assessment procedures 

Instrument Format  Assessed 
dimensions/indicators 

Scoring and 
analysis 

Media validation 
sheet 

20-item expert-validation 
instrument administered 
using a four-point Likert 
scale. 

Socratic pedagogical 
alignment; adaptive 
scaffolding and critical-
thinking support; AI 
functional and technical 
quality; usability and 
feasibility. 

Item-level and 
overall validity 
were analyzed 
using Aiken’s V 
[67]. 

Critical-thinking 
test 

5 essay-based physics 
problems administered 
as an identical pretest 
and posttest. 

Clarification, assumption 
identification, evidence 
evaluation, inference, and 
reflective judgment based 
on Ennis’s CT framework 
[68] . 

Responses 
were scored 
using a four-
level analytic 
rubric based on 
reasoning 
quality, 
coherence, and 
justification. 

 
Because the quality and interpretability of the intervention depended on the 

validity of the developed system, the media validation instrument was subjected to 
detailed expert review prior to classroom implementation. The media validation 
instrument was adapted and synthesized from empirical design and evaluation 
criteria reported in three recent studies on Socratic conversational agents [38], 
explainable adaptive feedback [69], and educational AI quality [70]. These criteria 
were contextualized into 20 statements across four dimensions: Socratic pedagogical 
alignment, adaptive scaffolding and critical-thinking support, AI functional and 
technical quality, and usability and implementation feasibility. The indicators 
addressed the system’s capacity to sustain reflective questioning, provide relevant 
and adaptive support, maintain scientifically accurate and logically comprehensible 
responses, prevent direct-answer generation, and operate effectively within guided-
inquiry physics instructional. The item-level validation results are presented in Table 
2. 

 
Table 2. Content Validity Instrument of the Socratic AI–Based Adaptive Scaffolding  



Indicator Item 
Number 

Validation statement 

Pedagogical 
alignment with 
Socratic questioning 

1 The AI prompts encourage students to clarify physics 
problems, concepts, and underlying assumptions. 

2 The AI questions require students to provide reasons 
and evidence rather than merely state final answers. 

3 The Socratic dialogue encourages students to 
consider alternative explanations and possible 
implications. 

4 The AI responses consistently maintain a dialogic and 
non-directive Socratic questioning pattern. 

5 The Socratic prompts are aligned with the objectives 
and phases of guided inquiry in physics learning. 

Adaptive scaffolding 
and critical-thinking 
support 

6 The system can distinguish students’ fragmented, 
procedural, conceptual, and reflective reasoning 
states. 

7 The level of AI support is adjusted to students’ 
identified reasoning needs. 

8 The system gradually reduces scaffolding as students 
demonstrate greater reasoning competence. 

9 The prompts support clarification, assumption 
identification, evidence evaluation, inference, and 
reflective judgment. 

10 The adaptive scaffolding promotes learner autonomy 
and prevents excessive dependence on AI assistance. 

AI functional and 
technical quality 

11 Each AI agent performs its phase-specific instructional 
function consistently. 

12 The integrated AI system provides stable and timely 
responses during learning activities. 

13 The embedded guardrails effectively prevent direct-
answer generation and pedagogically inappropriate 
responses. 

14 The system accurately records interaction logs, 
scaffold use, and students’ reasoning-state transitions. 

15 The AI-generated responses are contextually relevant 
and scientifically accurate within the physics content. 

Usability and 
implementation 
feasibility 

16 The interface, navigation, and operating instructions 
are clear and easy to use. 

17 The system can be operated reliably under actual 
classroom and e-laboratory conditions. 

18 Teacher-facing analytics provide interpretable 
information for monitoring students’ reasoning 
development. 

19 The system supports teacher decision-making without 
replacing professional pedagogical judgment. 

20 The overall system is feasible for supporting guided 
inquiry and critical-thinking development in secondary 
physics education. 

 

Analyzing of Data 

Data analysis proceeded in three stages. First, the content validity of the 
developed system was evaluated using Aiken’s V coefficient for each validation item. 
Second, descriptive statistics were used to summarize students’ critical-thinking 



scores before and after the intervention [71]. Third, the effectiveness of the Socratic 
AI–based adaptive scaffolding intervention was examined using one-way ANCOVA, 
with posttest critical-thinking scores as the dependent variable and pretest scores as 
the covariate to control for baseline differences and improve statistical precision [72]. 
Before conducting ANCOVA, the assumptions of residual normality, homogeneity of 
variance, linearity, homogeneity of regression slopes, and independence of the 
covariate from treatment were systematically assessed. Residual normality was 
examined using the Shapiro-Wilk test [73], whereas homogeneity of variance was 
evaluated using Levene’s test [74]. Statistical significance was set at α = 0.05, and 
all analyses were performed using SPSS statistical software.  

3. Findings/Results  

Socratic AI-Based Development and Validation 

The development process began with the Analysis phase, which examined 
students’ learning needs through diagnostic assessments and interviews with physics 
teachers. The findings indicated that, although many students could perform 
procedural problem-solving steps, they continued to experience difficulties in self-
regulation, evidence evaluation, and analytical reasoning. Students frequently 
applied formulas mechanically without explicitly identifying assumptions, justifying 
conceptual relationships, or evaluating the validity of their solutions. Teachers also 
reported challenges in supporting heterogeneous classrooms characterized by 
differences in prior knowledge, learning readiness, and cognitive processing. These 
findings suggested that students’ limited critical-thinking performance was associated 
not only with conceptual difficulties but also with insufficiently differentiated cognitive 
support. The analysis therefore established the need for adaptive Socratic scaffolding 
capable of identifying students’ reasoning states and calibrating instructional support 
accordingly. 

Building on the needs-analysis findings, the Design phase produced an 
integrated Socratic AI architecture that combines reasoning diagnosis, adaptive 
scaffold selection, prompt orchestration, and pedagogically controlled LLM 
processing. As illustrated in Figure 8a, student input is routed through the frontend 
and API gateway to a diagnostic engine that classifies reasoning into fragmented, 
procedural, conceptual, or reflective states. The orchestration server then selects 
context-appropriate prompt templates and Socratic scaffolds from the available 
repositories. The LLM alignment layer constrains response generation through 
Socratic role conditioning, response filtering, curriculum alignment, and reasoning-
state controls. Rather than providing direct solutions, the system generates non-
leading prompts that encourage clarification, evidence-based justification, conceptual 
connection, and reflection. Interaction data and reasoning metrics are subsequently 
returned to the analytics layer to refine future scaffold selection. 

 



 
                                     (a)      (b) 

Fig. 8.  Integrated Socratic AI architecture for adaptive scaffolding in physics 
learning: (a) system-level architecture and data flow; (b) pedagogical interaction 

cycle and continuous improvement process. 

Figure 8b illustrates the corresponding pedagogical interaction cycle. Student 
responses are diagnosed, matched with an appropriate scaffold, transformed into 
controlled Socratic prompts, and processed by the LLM under predefined guardrails. 
The resulting feedback guides students to reconsider assumptions, evaluate 
evidence, revise explanations, and submit improved responses. This iterative cycle 
supports progressively calibrated assistance while preserving productive cognitive 
effort and learner autonomy. Within the guided-inquiry E-Laboratory, dialogue logs, 
scaffold use, and reasoning development are continuously recorded to support 
adaptation and teacher monitoring. Collectively, the two diagrams show how the 
technical architecture and instructional workflow operate together to support 
structured epistemic engagement and critical-thinking development in physics 
learning. .Following the completion of the architectural design, the system was 
operationalized into a structured workflow, as illustrated in the Socratic AI flowchart 
in figure 9. 



 
Fig. 9. Flowchart of the Socratic AI method for fostering students’ critical thinking in 

physics learning. 

 

Figure 9 illustrates the operational workflow of the Socratic AI system. The 
process begins when a student submits a question, explanation, or revised response 
through the E-Laboratory interface. The input is routed to the diagnostic assessment 
layer, where rule-based and semantic analyses classify the student’s reasoning as 
fragmented, procedural, conceptual, or reflective. Based on this diagnosis, the 
adaptive scaffold-selection mechanism determines an appropriate role-constrained 
prompt template while applying AI guardrails that prevent premature answer 
provision. 

The system subsequently generates a controlled, non-leading Socratic prompt 
that encourages students to clarify assumptions, justify evidence, examine 
conceptual relationships, or reconsider their conclusions. Student responses initiate 
an iterative diagnostic–dialogic cycle in which the reasoning state and required level 
of support are continuously reassessed. A diagnostically informed fading mechanism 
progressively reduces scaffold intensity as students demonstrate greater conceptual 
understanding and reasoning autonomy. 

Interaction data, generated prompts, and reasoning trajectories are recorded 
within the analytics layer to support scaffold refinement and teacher monitoring. A 
comprehensive explanation is provided only after the dialogic process has sufficiently 
supported students’ reasoning. Within the broader instructional framework, this 
workflow is embedded in guided inquiry, whose stages of questioning, hypothesis 
formulation, experimentation, evidence analysis, and conclusion construction provide 
a coherent context for developing critical thinking in physics. 



To operationalize this diagnostic dialogic workflow across the guided inquiry 
sequence, four specialized AI agents were developed, each serving a distinct 
pedagogical function. The AI Case Study Guide supports problem orientation and 
critical questioning by presenting contextualized physics cases and prompting 
students to identify problems, variables, and initial assumptions. The AI Lab Partner 
operates during experimental planning and investigation, supporting hypothesis 
formulation, variable identification, procedural reasoning, and evidence collection. 
The AI Discussion and Concept Scaffolder is activated during data interpretation, 
discussion, and conclusion construction to examine the consistency between 
evidence and claims, evaluate alternative explanations, and facilitate conceptual 
integration. In addition, the AI Physics Chatbot provides bounded cognitive support 
across all inquiry phases when students require clarification or encounter cognitive 
difficulty. 

This phase-specific orchestration ensures that adaptive scaffolding is not 
delivered as generic or randomly generated assistance, but is aligned with the 
epistemic demands of each inquiry task. Collectively, the four agents translate the 
system-level workflow illustrated in Figure 9 into a context-sensitive multi-agent 
learning environment embedded within the guided inquiry E-Laboratory. The resulting 
integration is presented in Figure 10. 

 

 

Fig. 10. Phase-aligned integration of four Socratic AI agents within the guided inquiry 
E-Laboratory. 

Each AI agent performs a distinct yet complementary function in supporting 
students’ critical thinking. The AI Case Study Guide operates during problem 



orientation and critical questioning by presenting contextualized physics scenarios 
and prompting students to formulate investigable questions, identify relevant 
variables, and articulate initial assumptions. The AI Lab Partner supports 
experimental planning and investigation by guiding hypothesis construction, variable 
selection, outcome prediction, and evidence interpretation through Socratic prompts 
that examine causal reasoning and evidential adequacy. 

The AI Discussion and Concept Scaffolder is activated during data 
interpretation, discussion, and conclusion construction. It facilitates reflective 
dialogue by examining the consistency between evidence and claims, encouraging 
consideration of alternative explanations, and supporting the synthesis of physics 
principles. The AI Physics Chatbot, available across all inquiry phases, provides 
bounded clarification when students encounter conceptual difficulty or cognitive 
overload. Its responses are deliberately limited to preserve productive struggle and 
learner autonomy. Collectively, these agents constitute a phase-aligned, multi-agent 
Socratic scaffolding system that provides context-sensitive cognitive support 
throughout physics inquiry. 

Before classroom implementation, the developed system was evaluated by 
experts in physics education and educational technology. The 20-item validation 
instrument covered four dimensions: Socratic pedagogical alignment, adaptive 
scaffolding and critical-thinking support, AI functional and technical quality, and 
usability and implementation feasibility. Each item was rated on a four-point scale 
and analyzed using Aiken’s V. The item-level results are presented in Table 3. 

 

Table 3. Aiken’s V of Media Validation results 

Item Validator 1 Validator 2 Σs (r−1) Aiken’s V Interpretation 

1 4 4 6 1.00 Very High 
2 3 4 5 0.83 High 
3 4 3 5 0.83 High 
4 4 4 6 1.00 Very High 
5 3 4 5 0.83 High 
6 4 3 5 0.83 High 
7 3 4 5 0.83 High 
8 4 4 6 1.00 Very High 
9 3 4 5 0.83 High 

10 4 4 6 1.00 Very High 
11 4 3 5 0.83 High 
12 3 4 5 0.83 High 
13 4 4 6 1.00 Very High 
14 3 4 5 0.83 High 
15 4 4 6 1.00 Very High 
16 3 3 4 0.67 Moderate 
17 4 4 6 1.00 Very High 
18 3 4 5 0.83 High 
19 4 4 6 1.00 Very High 
20 4 4 6 1.00 Very High 

 
Table 3 shows that the item-level Aiken’s V coefficients ranged from 0.67 to 

1.00, with an overall coefficient of 0.90, indicating strong content validity of the 
Socratic AI–based adaptive scaffolding system. The high level of agreement between 
validators provides evidence that the system was pedagogically coherent and 
appropriately aligned with Socratic questioning principles, adaptive scaffolding 



mechanisms, critical-thinking indicators, and the intended physics-learning context. 
Nineteen items met the predetermined acceptance criterion, whereas Item 16 
required minor revision to improve interface clarity and usability before classroom 
implementation. 

 
Intervention Effectiveness of Socratic AI-Based on Critical Thinking 

Descriptive statistics were first examined to summarize students’ critical-
thinking performance before and after the intervention. Table 4 presents the mean 
scores and standard deviations for the experimental and control groups at pretest 
and posttest.  

Table 4. Descriptive Statistics Results 

Group N Pretest Mean Pretest 
SD 

Posttest 
Mean 

Posttest 
SD 

Experimental 69 60.87 2.45 83.94 3.12 
Control 66 60.23 2.31 72.96 2.18 

 

As shown in Table 4, the mean pretest difference between groups was only 
0.64 points, suggesting descriptively comparable baseline critical-thinking 
performance. Following the seven-session intervention, the experimental group 
gained 23.07 points (37.9%), compared with 12.73 points (21.1%) in the control 
group. The experimental group therefore achieved a 10.34-point greater gain, while 
the between-group difference increased to 10.98 points at posttest. These descriptive 
results indicate greater improvement under the experimental condition. Figure 11 
further presents the student-level pretest and posttest score distributions across both 
groups. 

 

 

Fig. 11. Student-level pretest and posttest critical-thinking scores across the 
experimental and control groups. 
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Figure 11 shows that the experimental-group posttest scores were consistently 
higher than the experimental pretest and control-group scores, in line with the larger 
mean gain reported in Table 4. Because the figure provides descriptive evidence and 
the connecting lines represent sequentially ordered observations rather than 
longitudinal trajectories, the statistical significance of the treatment effect was 
subsequently examined using one-way ANCOVA after the required assumptions 
were verified in Table 5. 

 
Table 5. One-Way ANCOVA Assumption Testing Summary 

Assumption Statistical Test Sig. Decision 
Rule 

Interpretation 

Normality of 
Residuals 

Shapiro-Wilk 0.084 Sig. > 0.05 Residuals normally 
distributed 

Homogeneity of 
Variance 

Levene’s Test 0.611 Sig. > 0.05 Variances 
homogeneous 

Linearity (Covariate–
DV) 

Pearson 
Correlation 

0.001 Sig. < 0.05 Significant linear 
relationship 

Homogeneity of 
Regression Slopes 

Interaction (Group 
× Pretest) 

0.289 Sig. > 0.05 Slopes are parallel 

Independence of 
Covariate 

Independent t-test 
(Pretest) 

0.480 Sig. > 0.05 Covariate independent 
of treatment 

 
Based on Table 5, all statistical prerequisites for ANCOVA were satisfied. 

Since all assumptions were satisfied, the data met the requirements for proceeding 
with the one-way ANCOVA analysis, the results of which are presented in Table 6. 

 
Table 6. One Way ANCOVA Main Effect Summary 

Source Type III SS df MS F Sig. Partial η² 
Pretest (Covariate) 1324.882 1 1324.882 36.412 .000 .215 
Group 2896.721 1 2896.721 79.628 .000 .374 
Error 4729.922 132 35.833 

   

 

After controlling for pretest scores, the instructional group had a statistically 
significant effect on posttest critical-thinking performance, F(1, 132) = 79.63, p < .001, 
partial η² = .374. The effect size indicates that group membership accounted for 
37.4% of the adjusted variance in posttest scores. Pretest performance was also a 
significant covariate, F(1, 132) = 36.41, p < .001, partial η² = .215. The estimated 
marginal means are reported in Table 7 to clarify the direction and magnitude of the 
adjusted group difference. 

 
Table 7. Adjusted Means (Estimated Marginal Means) of One-Way ANCOVA 

Group Adjusted Mean Std. Error 95% CI Lower 95% CI Upper 

Experimental 83.51 0.72 82.09 84.93 
Control 73.38 0.74 71.92 74.84 

 
After adjustment for baseline performance, the experimental group achieved 

a significantly higher estimated posttest mean than the control group, with an 
adjusted difference of 10.13 points. The narrow confidence intervals indicate precise 
group estimates and are consistent with the significant treatment effect identified by 



ANCOVA. Overall, the findings provide strong evidence that Socratic AI–based 
adaptive scaffolding was associated with substantially greater critical-thinking 
performance than guided inquiry using the conventional E-Laboratory. These findings 
warrant further examination of the pedagogical and cognitive mechanisms through 
which adaptive Socratic dialogue supported students’ reasoning development..  

4. Discussion  

The first finding concerns the expert-judged content validity of the Socratic AI-
based adaptive scaffolding system. The 20-item instrument yielded an overall Aiken’s 
V coefficient of 0.90, with item-level values ranging from 0.67 to 1.00. These results 
provide evidence that the system adequately represented the intended pedagogical 
and technological constructs, particularly Socratic questioning, adaptive cognitive 
support, critical-thinking facilitation, and AI functionality. However, the moderate 
coefficient obtained for one usability-related item indicates that interface clarity and 
operational guidance required refinement before classroom implementation. Thus, 
the validation findings support the content representativeness and pedagogical 
coherence of the system rather than independently establishing its technical reliability 
or instructional effectiveness. This interpretation is consistent with recent educational 
AI research emphasizing scientific accuracy, logical transparency, error control, 
actionable feedback, and user-centered functionality as essential quality criteria [70]. 

The principal empirical finding was that students who received Socratic AI–
based adaptive scaffolding achieved substantially higher adjusted critical-thinking 
scores than those who experienced guided inquiry through the conventional E-
Laboratory. The adjusted difference of 10.13 points and the large group effect 
indicate that the experimental condition was associated with meaningful improvement 
beyond the gains observed under guided inquiry alone. This finding is consistent with 
evidence that LLM-based Socratic agents can strengthen reflective and critical-
reflective thinking by encouraging learners to explain, reconsider, and refine their 
reasoning rather than passively receiving answers [38]. Similar improvements have 
been reported when Socratic dialogue is integrated with structured problem-solving 
support and when learners engage actively and critically with AI-generated 
information [75], [76], [77]. The present study extends these findings to secondary 
physics education by embedding adaptive Socratic interaction within a guided-inquiry 
E-Laboratory. 

The observed effect may be explained by the epistemic design of the 
intervention. Unlike systems that primarily provide corrective feedback or complete 
solutions, the developed model constrained AI responses within a structured Socratic 
framework. Students were prompted to clarify assumptions, justify claims, examine 
evidence, identify inconsistencies, and consider alternative explanations. Such 
prompts may have maintained the cognitive engagement required for critical thinking 
while preventing premature task completion. This interpretation accords with recent 
design principles positioning generative AI as a provisional thinking partner that 
should preserve cognitive friction, metacognitive regulation, and learner epistemic 
agency rather than replace reasoning [56]. It is also consistent with evidence that 
instructional scaffolding should be calibrated to learners’ prior competence, followed 
by structured practice and increasing opportunities for independent problem solving 
[78]. 

Adaptive support may have further contributed by matching prompt intensity 
to students’ diagnosed reasoning states. Learners demonstrating fragmented or 
procedural reasoning received more explicit prompts, whereas those showing 



conceptual or reflective reasoning encountered less directive support. The 
progressive reduction of assistance was intended to preserve productive struggle and 
promote reasoning autonomy. This interpretation aligns with research showing that 
personalized, explainable feedback can support students’ monitoring, reflection, and 
self-regulation when recommendations are relevant and actionable [69]. 
Nevertheless, because scaffold trajectories were not tested as mediators of the 
treatment effect, their explanatory role should be regarded as theoretically plausible 
rather than empirically confirmed. 

Guided inquiry provided the disciplinary structure within which the adaptive 
dialogue operated. Its sequence of problem formulation, hypothesis construction, 
experimentation, evidence analysis, and conclusion development required students 
to engage in the epistemic practices central to physics. Contemporary reviews 
emphasize that effective inquiry is neither minimally guided exploration nor 
continuous direct instruction; rather, it combines student investigation with 
appropriately timed instructional support [79]. Within this structure, the four AI agents 
delivered differentiated assistance at specific inquiry phases instead of generating 
generic responses. This phase-aligned design is also supported by emerging 
evidence that multi-agent GenAI environments can provide multidimensional 
assistance, personalized assessment, and knowledge elaboration more effectively 
than a single general-purpose chatbot [80]. 

The findings also highlight the importance of maintaining pedagogical control 
over AI assistance. Guardrails that restricted direct-answer generation and fading 
mechanisms that reduced support were designed to limit dependency and preserve 
learner agency. This feature is particularly relevant because excessive AI 
dependence has been associated with cognitive fatigue and lower critical-thinking 
performance [81]. However, the present study did not directly measure AI 
dependency, epistemic agency, or the mediating effects of Socratic dialogue. 
Moreover, the use of intact classes from two schools and a seven-session 
intervention limits claims regarding long-term transfer and broader generalizability. 
Future studies should examine dialogue logs, reasoning-state transitions, and 
scaffold-fading trajectories through longitudinal and multilevel analyses. 

Overall, the findings suggest that the educational contribution of AI depends 
less on its ability to generate explanations than on the pedagogical constraints 
governing when, why, and how those explanations are provided. By integrating 
diagnostic reasoning classification, adaptive Socratic prompting, guided inquiry, and 
progressively reduced support, the proposed framework positioned AI as a regulated 
dialogic scaffold rather than an answer-generating substitute. This integration offers 
a theoretically grounded approach to strengthening critical thinking while maintaining 
productive cognitive effort and teacher-directed pedagogical oversight.  

5. Conclusion  

This study developed, content-validated, and evaluated the effectiveness of a 
Socratic AI–based adaptive scaffolding framework embedded within a guided inquiry 
E-Laboratory for secondary physics education. The framework integrated diagnostic 
reasoning-state classification, adaptive scaffold selection, controlled Socratic 
prompting, and phase-aligned AI agents to support critical-thinking processes rather 
than direct-answer acquisition. Expert evaluation yielded an overall Aiken’s V 
coefficient of 0.90, providing evidence of strong content validity and pedagogical 
coherence. 



The quasi-experimental findings showed that students who received Socratic AI–
supported guided inquiry achieved significantly higher adjusted posttest critical-
thinking scores than those who used the conventional E-Laboratory, F(1,132) = 79.63, 
p < .001, partial η² = .374. The adjusted mean difference of 10.13 points indicates a 
substantial advantage associated with the experimental condition. These findings 
suggest that the educational value of AI derives not merely from its technological 
capabilities, but from the pedagogical constraints governing how support is diagnosed, 
generated, and progressively reduced. 

The study contributes theoretically by connecting Socratic pedagogy, adaptive 
scaffolding, guided inquiry, and multi-agent AI within a coherent instructional 
architecture. Practically, it offers a structured approach to integrating AI into physics 
learning while preserving productive cognitive engagement, learner autonomy, and 
teacher oversight. Nevertheless, the findings are limited to two schools, intact 
classroom groups, and a seven-session intervention. Further investigation across 
broader contexts and longer implementation periods is therefore required to establish 
the framework’s generalizability and sustained educational value  

6. Recommendations  

Future studies should evaluate the framework through longitudinal, multisite, 
and cross-disciplinary designs involving more diverse learners and instructional 
contexts. Particular attention should be given to the retention and transfer of critical-
thinking gains, reasoning-state transitions, scaffold-fading trajectories, dialogue 
quality, and the relative contribution of each AI agent. 

For practitioners, Socratic AI should be implemented as a regulated 
instructional scaffold rather than an unrestricted answer-generation tool. Teachers 
should align prompts with inquiry objectives, verify scientific accuracy, monitor 
student interactions, and determine when support should be increased, modified, or 
withdrawn. Implementation should also be preceded by teacher preparation, 
infrastructure assessment, small-scale piloting, and clear policies concerning privacy, 
ethical use, learner dependency, and human oversight..  

7. Limitations  

The findings should be interpreted in light of the platform’s infrastructure 
requirements. Full functionality depends on a stable internet connection, a modern 
HTML5/WebGL-compatible browser, and devices capable of running real-time AI and 
PhET simulations. Optimal implementation requires a laptop or desktop with at least 
4 GB RAM, preferably 8 GB or a tablet with at least 4 GB RAM. Although smartphones 
with approximately 3 GB RAM and a 6.5-inch Full HD+ display can access the 
platform, their smaller screens reduce the visibility and usability of simulations, data 
analysis, and multi-component inquiry activities; consequently, laptops, desktops, or 
larger tablets remain preferable. Network testing identified 3.7 Mbps as the lower 
access threshold, while stable simulation and AI interaction generally require at least 
5 Mbps and perform optimally at 10-25 Mbps. Because the current platform does not 
support offline operation, its applicability remains limited in schools with weak, 
unstable, or unavailable internet access, potentially constraining implementation and 
generalizability in digitally underserved regions. 
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