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PAPER

Evaluating an AI-Powered Moodle Plugin for Enhancing 
Conceptual Understanding in Secondary Physics

ABSTRACT
This pilot study explores the feasibility of integrating large language model (LLM) assistants 
into physics education through a Moodle plugin designed to address conceptual understand-
ing in Newtonian mechanics. Using OpenAI’s GPT for real-time Socratic dialogue, the plugin 
guides students through misconception-targeted questions adapted from the Force Concept 
Inventory (FCI). Aligned with principles of inquiry-based learning, the intervention com-
pares AI-guided feedback with instructor-guided materials over a one-week, three-session 
classroom study. Results suggest that students receiving AI-guided Socratic dialogue showed 
greater conceptual gains on certain targeted items (e.g., Newton’s Third Law), whereas instruc-
tor guidance proved more effective for other concepts (e.g., mass and free-fall independence). 
Survey feedback highlights the immediacy and interactive nature of the AI while also noting 
a preference for the clarity provided by instructors. Qualitative analysis of open-ended ques-
tion responses suggests that AI-driven dialogue promotes deeper reasoning when restating 
student ideas and scaffolding reflection. These preliminary findings underscore the potential 
of LLMs to support conceptual change in physics education when thoughtfully embedded 
within learning management systems, highlighting the complexity and value of personalized, 
interactive feedback for addressing student misconceptions.

KEYWORDS
large language models (LLMs), force concept inventory (FCI), learning management system 
(LMS), conceptual change, physics misconceptions, Socratic dialogue, Moodle plugin, artificial 
intelligence in STEM education, constructivist learning

1	 INTRODUCTION

Advancements in educational technology continue to reshape the landscape 
of physics and engineering education, introducing innovative tools that can both 
scale and personalize learning. Central to ongoing challenges in this domain are 
persistent misconceptions about foundational concepts such as Newton’s laws of 
motion. Despite formal instruction, students often retain intuitive but scientifically 
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inaccurate beliefs, for example, that heavier objects fall faster or that continuous 
force is required to sustain motion. These alternative conceptions, rooted in every-
day experiences, have proven resistant to change even after repeated exposure to 
scientific explanations [1], [2].

Physics education research shows that students often approach physical 
phenomena with coherent yet flawed mental models. Conceptual change theory 
suggests that students learn best when they are encouraged to rethink their ideas 
considering new and convincing explanations [3]. Diagnostic tools such as the Force 
Concept Inventory (FCI) have been widely adopted to identify and analyze these 
misconceptions through targeted distractors [4], [5]. However, research consistently 
indicates that diagnosis alone is not sufficient; effective conceptual change requires 
intentional instructional interventions that confront and restructure students’ rea-
soning. A substantial body of evidence supports the effectiveness of pedagogical 
strategies such as Socratic questioning, peer instruction, and guided inquiry in pro-
moting conceptual change and critical thinking [6], [7], [8]. These methods encourage 
exploration, metacognitive reflection, and alignment of assessment and feedback 
with deep conceptual understanding. In recent years, technology-enhanced learn-
ing environments—particularly learning management systems (LMS) such as 
Moodle—have enabled the delivery of content and assessment at scale. However, 
traditional LMS tools, including most adaptive quizzes, are limited in dialogic depth, 
as most automated feedback cannot replicate the reasoning-centered, interactive 
support typical of expert human tutoring [9], [10]. While many LMS platforms pro-
vide immediate right/wrong feedback, they rarely support reflective dialogue that 
helps students uncover and address their underlying misconceptions.

Recent advancements in artificial intelligence, especially large language models 
(LLMs), are opening new possibilities for delivering personalized, misconception- 
sensitive feedback in digital environments. GPT-powered tools can now simulate 
reflective dialogue by engaging students in Socratic questioning that mirrors expert 
tutoring strategies. When integrated into platforms such as Moodle, these new- 
generation LLMs can simulate the dynamic, misconception-sensitive tutoring 
traditionally provided by experts [11], [12], [13], [14].

Early studies indicate that these integrations can improve student engage-
ment, understanding, and self-regulation through real-time, personalized feedback 
[15], [16]. Given the absence of pilot testing validation for the adapted FCI items, this 
study can be considered as exploratory. The aim is to provide preliminary findings 
on the pedagogical effectiveness of integrating GPT-powered Socratic dialogue into 
Moodle-based physics instruction, thereby guiding future validation efforts. Despite 
the promise of AI, scalable methods for delivering targeted, reasoning-focused sup-
port in digital learning remain limited.

To address this gap, this pilot study investigates two primary questions:

1.	 How does the GPT-powered assistant plugin affect student performance on 
FCI-based quiz items compared to traditional instruction?

2.	 How do students using the GPT-powered assistant plugin perceive their own 
learning process compared to students following traditional instruction?

By addressing these questions, this study may open new possibilities for using AI 
to deliver responsive, misconception-focused feedback at scale, advancing efforts to 
enhance conceptual learning in STEM education.
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2	 MATERIALS AND METHODS

2.1	 Context and participants

The study was conducted at an urban, coeducational secondary school in 
Lebanon, with instruction delivered in English and aligned to the national curric-
ulum. Of the 62 students initially enrolled across Grades 10–12, 48 completed all 
phases and were included in the analysis. The final sample comprised students who 
completed the pre-test, the post-test, and the perception survey; students who missed 
any of these phases were excluded from analysis.

To ensure balanced group composition, students were stratified by prior achieve-
ment (low/medium/high) and gender, then randomly assigned to the experimental 
group (AI-assisted) or the control group (instructor-assisted). This stratified, random-
ized design aligns with the best practices for comparing interactive engagement and 
traditional instructional methods in physics education [17].

Instructional materials and activities were co-developed and supervised by a 
team of six experienced physics teachers (three with master’s degrees in science  
and three with bachelor’s degrees and 8–20 years of teaching experience), sup-
porting fidelity of implementation. Participants represented a range of socioeco-
nomic backgrounds, and all had access to school-provided laptops and Internet 
during study sessions. This approach is consistent with recent recommendations 
for implementing adaptive learning research in diverse educational settings using 
LMS platforms [18]. All students had met the national English proficiency standards 
for their grade level. Prior experience with AI or educational technology was not 
systematically documented; however, all students had completed school-based com-
puter literacy modules. We acknowledge that differences in prior exposure to AI 
tools may have influenced student engagement—a potential limitation of the study. 
Attrition resulted from students failing to complete either the pre-test, post-test, or 
perception survey. There were no substantial differences in grade level or gender 
between those who completed the study and those who did not. However, detailed 
analysis of other characteristics among non-completers was not conducted. Strict 
ethical protocols were maintained, including informed consent, data anonymization,  
and privacy safeguards; only anonymized session IDs were logged by the plugin. 
Table 1 provides a summary of the study context, participant characteristics, group 
assignment, and ethical procedures.

Table 1. Study context and group assignment

Category Details Category Details
School Context Urban, coeducational, Lebanon; English-medium, 

national curriculum
Grade Levels Grades 10–12

Initial Enrollment 62 students Final Sample 48 students (completed all phases)

Grade 
Distribution

Grade 10: 14 students
Grade 11: 17 students
Grade 12: 17 students

Group Size/
Assignment

24 per group
Stratified by prior achievement (low/med/high) & 

gender, then randomized

Control Group Instructor-guided feedback (PDFs, 
follow-up Q&A)

Experimental  
Group

AI-assisted feedback (GPT-3.5 Assistant)

Teacher 
Involvement

6 teachers (8–20 yrs exp., 3 with master’s in science, 3 with Bachelor of Science); co-developed materials and 
supervised sessions

Ethics & Privacy informed consent: data anonymized; no personal 
identifiers stored; plugin logs session IDs only;

Instrumental 
Development

Team-developed quizzes and surveys; peer 
review to minimize bias
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2.2	 Research design

The study employed a three-day classroom implementation, structured in 
four phases: instrument development, AI plugin development, controlled class-
room deployment, and evaluation. Students were randomly assigned to either 
the experimental (AI-guided) or control (instructor-guided) group. Both groups 
completed a pre-test, participated in group-specific intervention sessions, and 
then completed a post-test and perception survey. The specific sequence of class-
room activities, timing, and feedback approaches for each group are summarized 
in Table 2.

Table 2. Sequenced classroom sessions and group-specific feedback paths

Day Time Experimental Group (n = 24) Control Group (n = 24)

Day 1
Pre-Test Quiz
(50 minutes)

20 minutes •	 Explain the study role to students
•	 Highlight the importance of their participation

20 minutes •	 Login to Moodle and Answer Pre-test 6 multiple-choice conceptual questions

10 minutes •	 Access the pre-test quiz review through the Moodle 
Plugin chat panel interface

•	 Engage in 3–6 Socratic dialogue turns per item 
to reflect on and revise answers

•	 Instructor-led discussion and concept explanation 
for each question

•	 Watch a 5-minute instructional video
•	 Participate in a 5-minute live Q&A with the 

instructor

Day 2
Intervention
(50 minutes)

50 minutes •	 Log in to Moodle
•	 Plugin detects group assignments and redirects students to the AI chat panel (experimental) or to the 

instructor-prepared resource page (control)

•	 Review pre-test quiz answers through the AI chat 
panel and participate in 3–6 Socratic dialogue 
turns per item

•	 The instructor revisits pre-test quiz concepts on the 
resource page, leads discussion with students, and 
provides further explanation through instructional 
video and live Q&A session

Day 3
Post-test Quiz
(50 minutes)

10 minutes •	 Log in to Moodle
•	 Plugin detects group assignments and redirects all students to the post-test quiz

•	 Access the pre-test quiz review through the AI chat 
panel interface

•	 Engage in 1–2 Socratic dialogue turns per item to 
reflect on and revise answers

•	 Watch a 5-minute instructional video on the 
resource page

•	 Join a 5-minute live Q&A session with the 
instructor to clarify key concepts

20 minutes •	 Login to Moodle and answer Post-test 6 multiple-choice conceptual questions

20 minutes •	 Complete the perception survey to evaluate clarity, 
engagement, confidence, and effectiveness of the AI 
plugin-guided Socratic discussions

•	 Complete the perception survey to evaluate clarity, 
engagement, confidence, and effectiveness of the 
instructor-led discussions

This structured design ensured both groups engaged with the same core 
physics concepts, differing only in feedback approach: the experimental group 
received real-time, personalized Socratic prompts from the AI plugin, while the 
control group participated in instructor-led discussions. The post-test was con-
ceptually aligned with the pre-test but modified to reduce recall, and all sessions 
were conducted under standardized, supervised conditions to maintain instruc-
tional fidelity.

Phase 1 – design of pre/post-tests and surveys. To develop valid and peda-
gogically grounded assessment tools, two core instruments were created: a pair 
of conceptual diagnostic quizzes and a student perception survey. The pre- and 
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post-tests were adapted from six items in the FCI—specifically items 5, 7, 11, 13, 17, 
and 21—selected for their alignment with key Newtonian mechanics concepts and 
common student misconceptions [17]. Six experienced high school physics teachers 
(four male, two females; 8–20 years’ experience; two with master’s degrees) collab-
oratively adapted the items across three two-hour workshops. Adaptation focused 
on systematically changing surface features and contexts to enhance relevance and 
reduce recall, while preserving the underlying conceptual structure. For example, 
the context of a “rocket in space” was replaced by a “sled on ice,” while the miscon-
ception targeted and the correct response remained unchanged. Distractors were 
deliberately crafted to reflect misconceptions documented in the literature (e.g., the 
belief that continuous force is needed to keep an object moving) [4]. A conceptual 
mapping of pre- and post-test items, their everyday contexts, and targeted miscon-
ceptions is provided in Table 3. Although every effort was made to preserve the 
diagnostic function of the original items, surface feature changes may have inad-
vertently altered the conceptual demands of the questions, a recognized risk when 
adapting established instruments [4], [18].

Table 3. Conceptual mapping of pre- and post-test items

Concept Pre-Test Context Post-Test Context Targeted Misconception

QC1: Newton’s 1st 
Law (Inertia)

The rocket changes 
direction in 
space after 
perpendicular thrust

Sled receives sideways 
push on frozen lake

Misconception: Objects need 
a force to keep moving

Scientific Idea: Objects 
continue in combined 
motion if no further 
force acts

QC2: Newton’s 2nd 
Law (F = ma)

The rocket speeds up 
during thrust (b to c)

The shopping cart 
speeds up while being 
pushed sideways

Misconception: Force is 
required to keep an 
object moving

Scientific Idea: Force causes 
acceleration in the direction 
of the push

QC3: Newton’s 
3rd Law 
(Action–Reaction)

The car pushes 
the truck as both  
speed up

The horse pulls the cart 
while accelerating

Misconception: The bigger 
object exerts more force  
in a collision

Scientific Idea: Forces are 
equal and opposite, 
regardless of size or role

QC4: Superposition 
Principles 
(Net Force)

Elevator moving 
at constant speed

A wagon pulled 
forward by a force 
exactly balanced by 
friction, moving at a 
constant speed

Misconception: If an object is 
moving, there must be a net 
force acting on it

Scientific Idea: Net force 
is zero when balanced

QC5: Friction and 
Force Persistence

Golf ball under gravity 
and air resistance

Hockey puck sliding 
on rough ice

Misconception: Friction only 
exists while pushing

Scientific Idea: Friction 
continues acting after 
the initial force is gone

QC6: Mass 
and Free-Fall 
Independence

Two metal balls 
of different mass 
dropped together

Steel balls of different 
mass roll off table

Misconception: Heavier 
objects fall faster than 
lighter ones

Scientific Idea: Mass does not 
affect free-fall motion

https://online-journals.org/index.php/i-jet
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No separate pilot testing or formal validation of the adapted instruments 
was performed prior to deployment. While three additional physics teachers 
independently reviewed the instruments for conceptual equivalence and age- 
appropriateness, no empirical psychometric analyses (such as reliability estima-
tion, item discrimination, or factor analysis) were conducted. This lack of formal 
validation represents a critical limitation and may affect the internal validity of the 
study findings. Although the original FCI items are well-validated [4], the adapted 
versions used here should be considered preliminary. The absence of pilot test-
ing and psychometric analysis means that measurement error, changes in item 
difficulty, or shifts in targeted misconceptions cannot be ruled out [16]. As such, 
results should be interpreted with appropriate caution. In parallel, a student per-
ception survey was developed to capture learners’ reflections on clarity, engage-
ment, and conceptual understanding. Both groups received parallel versions of 
the survey, with phrasing adapted to match the instructional condition (AI-guided 
or instructor-guided). The survey included eight Likert-scale items (QS1–QS8) and 
two open-ended questions (QS9–QS10), mapped in Table 4. As with the quizzes, the 
survey instruments were not pilot tested or formally validated, which is a further 
limitation.

Table 4. Mapping of parallel student perception items across experimental and control groups

Item of Perception Experimental Group Control Group

QS1: Understanding The AI conversation helped me 
understand the concepts better

The guided material and videos 
helped me understand the 
concepts better

QS2: Mistake 
Correction

The AI helped me notice and correct 
mistakes in my thinking

The guided material and videos 
helped me notice and correct 
mistakes in my thinking

QS3: Clarity The AI’s questions and explanations 
were clear to follow

The guided material and its inline 
questions and explanations were 
clear to follow

QS4: Conceptual  
Challenge

The AI helped me challenge 
my previous ideas

The guided material and 
videos helped me challenge my 
previous ideas

QS5: Confidence I felt more confident after discussing 
with the AI

I felt more confident after learning 
from the guided material and videos

QS6: Interest 
in Learning

Talking to the AI made me more 
interested in learning

Interacting with guided material and 
videos made me more interested 
in learning

QS7: Engagement The AI conversation kept me focused 
and engaged

The guided material and follow-up 
questions kept me focused 
and engaged

QS8: Support &  
Guidance

I felt guided and supported while 
talking to the AI

I felt guided and supported while 
following guided material and videos

QS9: Open-Ended 
Reflection

What part of this learning experience 
helped you most, and why?

What part of this learning experience 
helped you most, and why?

QS10: Recommendation Would you recommend this learning 
method for future lessons? Why 
or why not?

Would you recommend this 
learning method for future lessons? 
Why or why not?

https://online-journals.org/index.php/i-jet


iJET | Vol. 20 No. 4 (2025)	 International Journal of Emerging Technologies in Learning (iJET)	 87

Evaluating an AI-Powered Moodle Plugin for Enhancing Conceptual Understanding in Secondary Physics

Phase 2 – technical development and plugin deployment. To deliver real-
time, misconception-sensitive feedback in secondary physics, a custom AI assistant 
and Moodle plugin were developed and deployed as part of this intervention. The 
system was designed to foster Socratic dialogue and formative assessment, guiding 
students to reflect on and refine their reasoning around core Newtonian mechan-
ics concepts.

AI assistant development. The AI assistant was developed using OpenAI’s 
Assistant API and configured to provide Socratic dialogue-based tutoring [19], [20]. 
Its pedagogical behavior was guided by a structured system prompt informed by 
conceptual change literature [3] and expert teacher input. The assistant was also 
connected to a curated vector store containing Newtonian mechanics scenarios and 
common misconception labels. The misconception-tagging schema and dialogue 
rules are available in the GitHub repository: MoodleAIPlugin. Figure 1 illustrates the 
AI assistant’s configuration interface, including system prompt management and 
vector store integration.

Fig. 1. OpenAI assistant configuration interface

Plugin Functionality, Structure, and Feedback Modalities: The AI assis-
tant was integrated into a custom Moodle plugin, developed as a local module and 
embedded into the quiz review workflow. Each quiz item was manually tagged with 
its corresponding misconception category (e.g., inertia, net force, action–reaction) 
by consensus among physics teachers and literature review. These tags triggered 
targeted Socratic dialogue or instructor support upon student answer submission. 
The plugin automatically detected each student’s group assignment and routed them 
accordingly.

Experimental Group: AI-Guided Feedback: Students in the experimen-
tal group accessed an embedded AI chat panel after submitting each answer 

https://online-journals.org/index.php/i-jet
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(see Figure 2). They engaged in three to six structured dialogue turns per quiz 
item, guided by the assistant’s system prompt. Teachers supervised AI–student 
interactions in real time during classroom sessions and reviewed logs internally 
to ensure instructional appropriateness and alignment with pedagogical strategy. 
No formal external evaluation or systematic coding of AI responses was conducted 
during deployment. Dialogue memory was restricted to the current session for pri-
vacy and fairness. Session logs and transaction data were anonymized after quiz 
completion; no personally identifying information was stored.

Fig. 2. Moodle plugin interface – experimental group

Control Group: Instructor-Guided Feedback: Students in the control group 
were redirected to a Moodle resource page after each quiz item. This page included 
a short instructional video, a concept summary PDF, and a reflection question 
aligned with the same core physics concept as the AI intervention (see Figure 3). 
After reviewing these materials, students participated in teacher-facilitated dis-
cussions, where instructors used structured questioning to help clarify reasoning, 
address misconceptions, and reinforce conceptual understanding. The intent and 
instructional structure of these discussions closely mirrored those of the AI-guided 
approach. As with the experimental group, all session logs and transaction data 
were anonymized after quiz completion, and no personally identifying information 
was stored.

https://online-journals.org/index.php/i-jet
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Fig. 3. Moodle instructor page – control group

Deployment and testing. Prior to classroom implementation, the plugin and AI 
assistant underwent two supervised dry runs with participating teachers and IT 
staff. These trials confirmed technical reliability, correct integration with Moodle, 
and alignment with instructional goals. During live classroom sessions, teachers 
monitored AI–student interactions to ensure appropriate tone and feedback, inter-
vening if necessary. Misconception tagging was developed collaboratively by the 
research team and informed by existing literature; no formal external validation 
protocol was implemented for tagging accuracy at this stage.

Phase 3 – classroom implementation. Classroom implementation took place 
over one instructional week, following the school’s standard Monday–Wednesday–
Friday schedule. Activities were distributed across three 50-minute physics ses-
sions: Day 1 included the pre-test and initial intervention, Day 2 continued the 
intervention, and Day 3 concluded with the post-test and a student perception 
survey. Each group followed a distinct instructional path: the experimental group 
received AI-guided feedback via the Moodle plugin, while the control group 
engaged with instructor-guided feedback using video tutorials followed by a live 
Q&A session. After completing the pre-test on Day 1, students were directed to sep-
arate classroom settings according to their group assignment. The control group 
joined a live session with the instructor, while the experimental group remained 
in the computer lab to begin interacting with the AI plugin through the Moodle 
interface. This setup was maintained consistently throughout the three sessions. 
The computer lab used for testing and intervention was equipped with 48 laptops 
prepared for student use and two additional laptops reserved for technical emer-
gencies. The lab had a stable internet connection with a bandwidth of 10 Mbps, 
ensuring smooth access to the Moodle platform and AI plugin throughout the study 
(see Figure 4).

https://online-journals.org/index.php/i-jet
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Fig. 4. Classroom deployment of the intervention. Left: Instructor-guided group viewing structured 
video and Q&A material. Right: AI-guided group engaging with the plugin via laptops

Phase 4 – data analysis plan. To evaluate the impact of the intervention, both 
quantitative and qualitative data were collected and analyzed. The core assess-
ment consisted of six multiple-choice questions aligned with Newtonian mechanics 
concepts and well-documented student misconceptions. Each item was scored as 
either 0 (incorrect) or 1 (correct), and the proportion of students answering each 
item correctly was calculated within each group. These values were treated as nor-
malized scores ranging from 0 to 1. A score of 0.333 for a given pre-test item, for 
example, indicates that 33.3% of students in that group selected the correct answer. 
Normalized scores were computed separately for the pre-test and post-test phases 
and averaged across students within each group. Learning gains were calculated 
as the raw difference between post-test and pre-test scores for each item: Gain = 
Post-test Score − Pre-test Score. These item-level gains were then averaged to obtain 
an overall gain per group. This approach allowed for detailed comparison of learn-
ing improvement across specific conceptual areas. To compare group performance 
and gains statistically, the Mann–Whitney U test was used. This non-parametric test 
is appropriate for modest sample sizes and non-normally distributed data.

The U statistics were calculated as: U
n

n

n n
R� �

�
�1

2

1 1

1

2 1

2

( )
 where n1 and n2 

represent the sample sizes of the two groups, and R1 is the sum of ranks for 
group 1. In addition to test performance, all students completed a post-intervention 
perception survey, which included eight Likert-scale items and two open-ended 
questions. The Likert items measured perceptions of understanding, clarity, mis-
take correction, engagement, and confidence. For consistency with the performance 
data presentation and to facilitate unified interpretation across all quantitative mea-
sures, the Likert scale responses were normalized to a 0–1 scale using the formula: 

�Normalized�Score
Original�Score

�
�1

4
. This transformation maintains the relative 
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differences between groups while providing a consistent metric across all quanti-
tative analyses. Open-ended reflections were reviewed informally to identify recur-
ring observations or points of feedback. A summary of the data sources and analysis 
methods is provided in Table 5.

Table 5. Summary of data sources, scoring, and analysis methods

Component Description

Assessment Items 12 multiple-choice questions (6 pre-test, 6 post-test) aligned with Newtonian 
misconceptions

Scoring Each item scored 0 or 1; normalized scores (0–1 scale); group averages 
calculated per item

Quantitative Data Pre-test and post-test scores; item-level and group-level raw gains

Survey Data Post-intervention perception survey with 8 Likert-scale items and 2 open-
ended responses

Statistical Method Mann–Whitney U test for between-group comparisons

Qualitative Review Informal review of open-ended responses and AI–student dialogue interactions

Triangulation Combined interpretation of test scores and student survey responses

Additional methodological limitations include the risk of inflated Type I error due 
to multiple item-level comparisons without correction, absence of effect size report-
ing, use of non-standard normalized scores, lack of formal survey validation, and 
informal qualitative analysis. These factors may affect interpretability and repro-
ducibility; results should be interpreted accordingly. See Discussion for implications 
and future recommendations.

3	 RESULTS

This section presents the outcomes of the intervention by integrating quantita-
tive test performance, student survey responses, and qualitative observations from 
AI–student interactions. The findings provide insight into how AI-guided Socratic 
feedback, delivered through the LMS plugin, influenced students’ conceptual under-
standing of Newtonian mechanics compared to instructor-guided feedback.

3.1	 Quantitative analysis: learning gains and group comparison

Analysis of student performance. Table 6 presents a detailed breakdown of 
student performance by displaying the normalized proportion of correct responses 
for each quiz question, separated by group (control vs. experimental) and by test 
phase (pre-test and post-test). This approach allows for a clear comparison of 
learning gains between groups across specific conceptual items. Learning gains 
were calculated as the raw difference between each group’s post-test and pre-test 
performance on every item, providing insight into the progress made through each 
instructional approach. To assess whether these gains differed significantly between 
groups, the Mann–Whitney U test was used as a nonparametric alternative appro-
priate for small sample sizes and ordinal data [21].

https://online-journals.org/index.php/i-jet
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Table 6. Normalized averages with overall mean by group (0–1 scale)

Question Pre-Test  
Control Group

Post-Test  
Control Group

Control Gain 
(Post-Test –  

Pre-Test)

Pre-Test  
Experimental  

Group

Post-Test  
Experimental  

Group

Experimental 
Gain (Post-Test –  

Pre-Test)

Mann–Whitney U  
p-Value

Q1 0.333 0.125 −0.208 0.5 0.292 −0.208 0.92

Q2 0.292 0.391 0.099 0.25 0.625 0.375 0.17

Q3 0.583 0.696 0.113 0.167 0.708 0.541 0.019

Q4 0.458 0.167 −0.291 0.542 0.292 −0.25 0.93

Q5 0.292 0.5 0.208 0.208 0.708 0.5 0.091

Q6 0.208 0.739 0.531 0.417 0.5 0.083 0.014

Average 0.361 0.436 0.075 0.347 0.521 0.174 0.35

Both groups showed overall improvement in conceptual understanding. In this 
exploratory study, the experimental group demonstrated a higher average gain 
(0.174 vs. 0.075), though not statistically significant overall. Item-level differences 
provide early evidence that instructional effectiveness may depend on the specific 
misconception targeted.

3.2	 Analysis of student perceptions

After the instructional intervention, all participants completed a post-study sur-
vey consisting of ten items. The first eight items (QS1–QS8) measured student per-
ceptions using a five-point Likert scale (1 = Strongly Disagree, 5 = Strongly Agree) 
across dimensions such as understanding, mistake correction, clarity, challenge, 
confidence, interest, engagement, and support. The final two items (QS9, QS10) 
were open-ended, allowing participants to provide additional comments or sugges-
tions. Given the small sample size and the limited number of open-ended questions, 
responses to these items were reviewed to identify general patterns and represen-
tative remarks, rather than undergoing detailed qualitative or thematic analysis. 
Table 7 presents the quantitative results for the eight Likert-scale items (QS1–QS8), 
and the open-ended responses (QS9–QS10) are analyzed qualitatively in the follow-
ing paragraphs.

Table 7. Survey responses by group – normalized scale (0–1, where 0 = Strongly Disagree, 
1 = Strongly Agree)

Survey Item Control 
Group Mean

Experimental 
Group Mean

Mann–Whitney U  
p-Value

QS1: Understanding 0.76 0.55 0.002

QS2: Mistake Correction 0.61 0.59 0.888

QS3: Clarity 0.59 0.58 0.932

QS4: Conceptual Challenge 0.70 0.60 0.065

QS5: Confidence 0.65 0.62 0.634

QS6: Interest in Learning 0.78 0.64 0.040

QS7: Engagement 0.72 0.68 0.858

QS8: Support & Guidance 0.71 0.62 0.247
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To complement the performance data, students reflected on their learning 
experience through the survey. Results revealed important contrasts in how each 
group experienced the intervention. Students in the control group, who received 
instructor-guided video instruction, consistently reported higher agreement across 
several items. For example, on QS1 (“This method helped me understand the con-
cepts better”), the control group averaged 0.76 compared to 0.55 in the experimental 
group (p = 0.002). This perception was also evident in their open-ended responses:

•	 “The teacher explanation in the video made things clear.”
•	 “Watching the teacher-video while solving helped me stay focused.”

Similarly, for QS6 (“This method made me more interested in learning”), control 
group students rated their experience more positively (0.78 vs. 0.64, p = 0.040), 
suggesting that the familiar, structured format supported motivation and comfort. 
In contrast, students in the experimental group, who engaged in Socratic dialogue 
with the AI assistant, described their experience as more cognitively demanding but 
also more reflective. Though their mean ratings were generally lower, their open-
ended responses emphasized the benefits of thinking through their reasoning:

•	 “The AI made me explain my thinking. It helped me notice my mistake.”
•	 “Asking questions made me understand why I chose that answer.”

Students reported that being challenged to reconsider their initial ideas and 
engaging in a dialogic structure—despite requiring more effort—was valuable, 
often prompting deeper thinking and moments of realization. While no significant  
differences emerged between groups on items such as Clarity, Confidence, or 
Support, overall patterns suggested two distinct instructional experiences: the con-
trol group benefited from clarity, reassurance, and structured explanation, whereas 
the experimental group experienced a more productive struggle that sometimes 
led to self-correction and insight. These findings indicate that the instructional meth-
ods differed not only in perceived satisfaction but also in the nature of cognitive 
engagement they promoted.

4	 DISCUSSION AND LIMITATIONS

This study explored the potential of a GPT-powered Socratic assistant, integrated 
into Moodle quizzes, to support conceptual learning in Newtonian mechanics. Both 
the experimental (AI-assisted) and control (instructor-guided) groups demonstrated 
learning gains, with evidence suggesting that the effectiveness of each instructional 
approach may depend on the misconceptions being addressed. These findings align 
with the broader literature on conceptual change, which emphasizes the importance 
of targeted feedback and cognitive engagement in shifting students’ underlying ideas. 
Importantly, students’ perceptions of the two instructional approaches revealed 
notable contrasts. The control group reported greater clarity and satisfaction, appre-
ciating the structured and familiar format of instructor-guided video instruction. 
In contrast, students in the experimental group described the AI-based Socratic 
dialogue as cognitively demanding but also valuable for prompting reflection and 
deeper engagement with their reasoning. This suggests a pedagogical trade-off 
between immediate comfort and the productive struggle that often characterizes 
conceptual change in learning. Several limitations should be considered when 
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interpreting these results. First, the modest sample size limited the statistical power 
of between-group comparisons and may have increased the risk of both Type I and 
Type II errors. Additionally, while efforts were made to preserve conceptual align-
ment between pre- and post-test items, subtle changes in context or wording may 
have influenced students’ interpretations and responses, potentially affecting con-
struct validity. Another important consideration is the consistency and fidelity of 
the interventions across groups. Although the AI assistant operated using structured 
Socratic dialogue rules, no formal analysis was conducted on the consistency or 
instructional quality of the AI-generated prompts. Teacher feedback indicated that 
some AI responses were occasionally generic or repetitive, which may have reduced 
their instructional impact. Similarly, the control group benefitted from a blend of 
video instruction and live Q&A, which offered a different mix of interaction com-
pared to the AI-only format. Such differences complicate direct comparisons and 
highlight the need for more tightly controlled studies in the future. It is also import-
ant to acknowledge potential confounding variables related to the physical envi-
ronment. The two groups were assigned to different settings (computer lab versus 
classroom), which may have influenced comfort, access to technology, or exposure 
to distractions. Future studies should consider rotating or standardizing physical set-
tings to minimize these effects. Finally, the scope and generalizability of the findings 
are constrained by the study’s context. The intervention was conducted in a single 
private school with English-medium instruction over a short period, and no delayed 
post-test was included. As such, the results may not extend to other educational con-
texts or provide insight into long-term conceptual change. Further research in more 
diverse settings, with longer follow-up, is needed to better understand the potential 
and limitations of AI-assisted Socratic dialogue in physics education.

5	 FUTURE DIRECTIONS AND CONCLUSION

This study provides encouraging early indications that AI-assisted Socratic dia-
logue, delivered through Moodle, may promote conceptual learning in physics. 
Both the AI-guided and instructor-led groups demonstrated learning gains, but the 
AI group achieved higher average improvement (0.174 vs. 0.075), with item-level 
results showing that instructional effectiveness depends on the specific miscon-
ception being addressed. Notably, the AI group outperformed on Newton’s Third 
Law questions, while the control group excelled on items related to mass and free 
fall. These nuanced findings highlight the importance of matching instructional 
approaches to conceptual challenges. The survey revealed a further layer of com-
plexity. Students in the control group expressed greater satisfaction and perceived 
understanding, possibly reflecting comfort with traditional, structured instruction. 
In contrast, the AI group, while reporting lower satisfaction, frequently described 
experiences of reflection and self-correction. This suggests that the AI assistant 
fostered “productive struggle”—a process identified in the literature as critical for 
conceptual change—where students actively grappled with their existing ideas, 
sometimes experiencing temporary discomfort but ultimately achieving deeper 
learning. The successful integration of GPT-powered dialogue into a widely used LMS 
demonstrates that such pedagogical innovations are technically feasible and poten-
tially scalable. However, the mixed student responses emphasize the need for flexi-
ble systems that support different learning preferences and promote digital equity. 
This variability in student experience underscores the importance of designing AI 
interventions that can be adapted to meet diverse needs, especially as educational 
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contexts become more heterogeneous. Looking forward, several research and devel-
opment directions emerge. Larger, multi-site studies across varied school types and 
languages are essential to test the scalability and generalizability of these findings, 
while longer-term follow-up will be important to determine if conceptual gains per-
sist over time. Further technical enhancements—such as adaptive prompting based 
on student profiles and the integration of visuals or interactive simulations—could 
make AI tutoring even more responsive and accessible. At the same time, exploring 
how teachers can complement AI feedback, for instance by reviewing student-AI 
interactions and providing targeted guidance, may bridge the gap between auto-
mated support and personalized instruction. Blending AI-mediated dialogue with 
teachers or peer-led discussion could offer the best of both worlds, support engage-
ment and conceptual development while also meeting students’ needs for human 
interaction. Moreover, the core features of this plugin—misconception tagging, real-
time feedback, and Socratic questioning—show promise for adaptation across STEM 
disciplines, provided subject-specific adjustments are made. Advanced assessment 
techniques, including open-ended response analysis and adaptive questioning, could 
deepen our understanding of student thinking and further enhance feedback qual-
ity. Ultimately, the path forward requires careful attention to issues of equity and 
access. As technological instructional systems are deployed more widely, it will be 
essential to consider technological access, learning differences, language diversity, 
and cost-effectiveness to ensure that these innovations benefit all learners, not just a 
privileged few. While much work remains, this pilot study suggests that thoughtfully 
implemented AI dialogue may play a valuable role in supporting conceptual change, 
especially when combined with human expertise and adaptive instructional design. 
As advances in AI and learning analytics continue to converge with educational 
theory, there is real potential to create more personalized and effective STEM learn-
ing environments that empower both students and teachers.

6	 DECLARATION OF GENERATIVE AI AND AI-ASSISTED 
TECHNOLOGIES IN THE WRITING PROCESS

During the preparation of this work, the author(s) used OpenAI’s GPT-4.5 to refine 
and rephrase text for readability. After using this tool, the author(s) reviewed and 
edited the content as needed and took full responsibility for the content of the publi-
cation. The prompts used and the generated paragraphs are available to the editors.
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8	 APPENDIX

8.1	 AI Plugin overview: Configuration, and socratic rules

A complete repository for this study is available at: https://github.com/ 
rabihkahaleh/MoodleAIPlugin/. It includes the plugin’s system architecture, module 
configuration, privacy settings, and Socratic dialogue rules. The AI assistant oper-
ates using thread-based memory, structured prompts, and rule-based scaffolding 
to support misconception-sensitive feedback. Core dialogue strategies such as affir-
mation, open-ended questioning, and reasoning reflection are documented in full. 
All relevant data including CSV files containing student answers, quiz questions, 
mapped misconceptions, and dialogue states are provided to support replication 
and further research.
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