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This research investigates whether an Al chatbot can further enhance
the effectiveness of the flipped classroom model by facilitating
personalized learning in computer programming. However, the
acquisition of procedural programming knowledge through Al-driven
personalisation is seldom addressed within vocational frameworks. A
quasi-experimental pretest-posttest with a matched samples control
group design was used with a population of 60 in a vocational high
school in Indonesia. The experimental treatment group of 30 students
received flipped instruction supported by Al chatbot; the 30-student
strong control group had traditional flipped instruction. Cognitive test
data, psychomotor tests, and self-reported learning questionnaires
measured data. Results show that the Al-enhanced flipped classroom
outperformed the traditional flipped classroom to a great degree in

both personalized learning (adjusted mean difference = 12.30, p <
0.001, partial n* = .335) and procedural knowledge acquisition (mean
difference = 9.70, p < 0.001). The effect sizes were large for
individualized instruction (Cohen’s d = 0.89, 95% CI: 0.75 to 1.03)
and medium for procedural knowledge (Cohen’s d = 0.62, 95% CI:
0.49 to 0.75). Of particular note was that the experimental group not
only did better on coding tasks (d = 1.18), but even more so on
debugging efficiency (d = 1.48).
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INTRODUCTION

Literacy in programming as an important capability in the computing-dominated environment of
the contemporary world. Learning programming skills has been considered necessary for people
aspiring to join the job market [1]. There is ample evidence of challenges in terms of instruction under
conditions of limited resources, while the supply of competent programmers who can teach others how
to program is often deficient in many vocational schools. Traditional instructional methodologies have
been shown to fall short when it comes to tackling the conceptual character of programming [2]. It is
flipped teaching: take the theory from the classroom and use face-to-face moments of contact to practice.
It is highly effective in programming education, active participation, and feedback [3], [4]. Al chatbots
have changed education by offering personalised learning and flexible teaching [5]. They provide
ongoing access, customised explanations, adjustable help, fast feedback, and teamwork simulations. The
technology excels at customising content and complexity based on learner performance. Despite interest
in flipped methodologies and Al learning, research gaps exist in their integration within programming
education. Though flipped learning studies exist in the realms of STEM [6], [7], [8], [9], analyses of Al-
integrated flipped models are still scant. These deficits need an approach based on evolution in
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programming languages, increased enrollment in computer science, and continued pedagogical
challenges.

Equally, the interplay between Al and flipped learning strategy has been extensively researched
through a host of theoretical frameworks that underpin their role within the educational discourse-the
TPACK framework was used for investigating an intersection of technological and pedagogical
competencies in programming education [10]; from another perspective, the social constructivist
learning theory was used for explaining how Al-enhanced learning environments foster the collaborative
generation of knowledge and guide learning processes [11]. Self-regulated learning theory has
illuminated how Al chatbots support metacognitive strategies and autonomous learning behaviour
within the context of programming education [12], [13], [14]. According to available literature,
individualized learning enabled by artificial intelligence affects the formation of procedural knowledge.
Current research shows that there are gains in problem-solving skills in the context of instruction made
possible through artificial intelligence [15]. This research is far from being unique. There exists an
alignment of different approaches and findings in current scientific publications, which point to a lack
of instructional approaches that combine artificial intelligence and inverted learning [16]. Therefore,
there are sufficient grounds for conducting a research project dedicated to Al-powered flipped
classrooms as a solution to persistent problems in programming instruction.

In spite of numerous cases proving the efficiency of the flipped classroom strategy, there exist
only a few examples of applying it to the development of procedural knowledge in the area of vocational
programming. Al-powered personalisation has not been systematically studied within this specific
instructional setting. This gap represents a substantive limitation in the existing body of empirical
literature. Prior studies have examined the flipped classroom model and Al integration as separate
constructs. No empirical investigation has been conducted using a propensity-score-matched quasi-
experimental design to assess both constructs simultaneously. The present study addresses this absence
directly. A rigorously controlled empirical dataset was generated to examine the effects of Al chatbot
integration on personalised learning experiences and procedural knowledge acquisition within
vocational computer programming education in Indonesia.

Contemporary research in educational technology has highlighted several critical aspects of Al
integration in programming instruction that warrant further investigation. Cognitive load theory has also
been used to explore how Al-aided teaching may optimise the cognitive load of the activities involved
in programming [17], [18]. Other academic research conducted within an adaptive learning system
showed how Al algorithms can provide personalised teaching consistent with differentiated learning
behaviour and performance measures [19], [20]. The notion of proximal development has been extended
to investigate how Al chatbots provide scaffolded support that adjusts to the learners’ developing
capabilities [21]. In fact, significant gaps persist in understanding how best to integrate Al capabilities
into flipped learning environments to inspire better development of procedural knowledge and problem-
solving competencies [22], [23], [24], [25]. These research strands combined underline one important
implication of the empirical investigation that needs to be pursued regarding Al-supported flipped
classrooms’ effectiveness within the context of programming education. The identified research gaps
and theoretical positions have informed the current study’s purposes and methodological approach.

The work presented herein discusses how Al-enhanced flipped classroom methodologies affect
individual learning experiences and procedural knowledge in programming education. Guided by four
significant objectives, like the implementation effectiveness of Al chatbots, influences of the model on
various dimensions of individual learning, retention of procedural knowledge, strategic enabling
implementation frameworks, and identification of potential obstacles, the present research forms a basis
for the above discussion. Two hypotheses are fundamental to this research: first, students would have
better-individualised learning outcomes when taught in an Al-enhanced flipped classroom compared to
those taught within a standard flipped classroom, and second, students will reveal significantly better
procedural knowledge in cognitive evaluations concerning programming performance tests.
Temporally, this research aligns with the increased need for computational literacy at all levels. With
educational institutions facing the need to prepare learners for digital workforce integration, there is an
increasing demand for novel methodologies using contemporary technologies. Al chatbot integration
within flipped learning frameworks shows promising potential for optimising scalability, learning
personalisation, and instructional efficiency in programming education.
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Literature Review

The flipped learning paradigm revolutionises traditional instruction by relocating knowledge
transmission outside classroom boundaries and freeing up in-class time for active engagement to a
maximum [26], [27]. Such is in congruence with the constructivist approach, whereby knowledge is
created through experience in interaction. This model is based on the self-regulated learning theory since
Zimmerman stresses that learners should structurally guide their cognitive processes to reach
educational goals [28]. Empirical evidence in the form of implementation outcomes in STEM education
demonstrates improved engagement patterns as well as increased opportunities for practical applications
[29]. However, success relies on students’ self-regulatory abilities and time management [30], [31], [32].
Lo & Hew present the results of a meta-analysis that shows the gains achieved in computer science
learning are moderate when compared to traditional approaches [33]. These best practices identified
involve embedding interactive coding activities across the learning process, collaboration on
programming projects, and immediate feedback. Again, these practices introduce methods of extending
the direct interaction afforded by the flipped model itself to meet the complex and highly abstract nature
of programming concepts.

Within educational psychology, several theoretically sound and well-supported frameworks
support the cognitive aspects of flipped learning settings [34]. Programming concepts in flipped learning
conditions may be explained within the working memory using Cognitive Load Theory [35].
Information Processing Theory may be utilised to explore the knowledge structure development from
the structured presentation of programming concepts within flipped environments [36], [37]. Although
incremental development of the frameworks for programming knowledge is derived through Schema
Theory tenets, consolidation of these experiences heralds practice instead. The social cognitive theory
of self-efficacy underpins the metacognitive dimensions that flipped learning offers [38], which
develops from successive mastery of programming-related experiences. More empirical studies
testifying to increased cognitive engagement within technology-enhanced learning further complement
these theoretical underpinnings. Combining such cognitive theories provides excellent support for
understanding how complex programming skills are supported within a flipped learning environment.

In modern learning environments, for example, Al would help support flipped learning conditions
utilising various theories and teaching frameworks [39], such as the Adaptive Learning Theory, wherein
Al systems may even alter instructional routes according to individual learning pathways [40]. This
continuous assessment and modification of instructional sequences verify the methodology of Dynamic
Assessment in programming education. Artificially intelligent network learning experiences promote
the core ideas of Connectivist Learning Theory toward constructing improved knowledge . This deeper
engagement furthers the Technology Acceptance Model by the learners concerning Al-enhanced
programming instruction [41]. The capability of Al systems to analyse and react to in-air learning data
extends the Learning Analytics Framework. These combined frameworks enable the understanding of
how Al-enhanced flipped learning environments support improved personalised education. Coupling
such theoretical insights with empirical results is a promising avenue to explore individualised
pedagogical strategies in programming education.

Flipped classroom activities outside the classroom allow students to learn independently [9].
Individualised education frameworks include learner profiles, personal trajectories, and adjustable
settings [42]. Modern adaptive technologies can help supervise flipped classroom learning outside the
classroom so that personalised learning can still be appropriately realised. Modern adaptive technologies
use various algorithms for real-time assessment of performance and the presentation of students with
individual content, while learning analytics allow for evidence-based practice in pedagogies [43].
Empirical investigations demonstrate that personalised teaching is positively linked with students’
academic achievement [44]; the motivational levels were also higher because learners have more
freedom [45]. In personalised learning, learners will assume greater responsibility for their learning
process and consequences relevant to the core concept of self-directed learning [42], [46]. Thus, it can
be concluded that flipped classrooms can still be guaranteed to have the potential to accommodate
personalised and individual learning as long as they are supported by relevant technology.

Cognitive architecture and adaptive learning theories underpin the core theories of personalised
learning environments. Based on cognitive load theory, those principles have been identified to ensure
an optimum amount of mental effort on behalf of the learners owing to Al-assisted instructional design
for programming education [47]. Again, the Zone of Proximal Development concept finds its
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manifestation in the systematised scaffolding system through adaptive technologies in the personalised
learning environment. The increase in metacognitive strategies and autonomous learning behaviour in
technology-enhanced environments can underline the notions of the Self-Regulated Learning Theory.
Facilitating collaborative knowledge creation in artificially intelligent learning environments enriches
Social Constructivist Theory, while Technology Acceptance Model principles are strengthened as
learners increasingly interact with educational systems that use Al technology. These theories combine
to form a framework that provides a structured way of understanding how technology helps create
personalized learning environments. From recent research, there appears to be a point of empirical
convergence between these theories that could be considered a fruitful avenue for exploring how theory
can be turned into practice in the educational field.

A number of these theories are directly applicable to learning through artificial intelligence tools.
The Learning Analytics Framework involves the careful data collection and analysis of learners to guide
pedagogic decisions [43]. The Adaptive Learning Systems Theory incorporates the ability to modify
instructional content in real time according to learner’s performance. Information Processing Theory is
used to provide guidance in delivering structured programming information. Finally, Connectivist
Learning Theory explains the process of networking of knowledge through digital instruction. The
approach of Dynamic Assessment is valid regarding the possible ongoing adjustment and modification
of learning pathways. These theoretical lenses highlight important evidence regarding designing and
implementing personalised learning environments within programming education. These theoretical
frameworks embedded in the integration provide a concrete framework to study how personalised
learning environments will be effectively executed in different educational settings, particularly in
programming education.

The advantages of the flipped classroom are expected to be applied in various fields of study. One
field of study currently hot and much needed in the 21st century is computer programming education
[48]. Procedural knowledge is foundational in the education of programming skills and includes such
operational skills as compiling, debugging, and optimising the code [49], [50]. Declarative knowledge
is important for conceptual understanding, but procedural mastery determines practical implementation
capabilities [51]. To acquire this knowledge, structured practice principles are paramount, entailing
systematic repetition for performance enhancement and step-by-step solution analysis. The assessment
of procedural knowledge requires models that would enable to evaluate practical programming
competences effectively [52]. The traditional methods of assessment were found to be unable to cover
all aspects of the process of procedural skill development. That is why professionals have been actively
seeking new assessment techniques that would make it possible to approach the needs of modern
learners adequately.

Modern assessment techniques are centered around demonstrating one’s programming skills
practically. Problem-solving operations and error detection are used as methods to assess actual abilities
of individuals engaged in this activity[53], [54]. The methods are considered to be more reflective of
the procedural aspects involved in programming. Educational technologies including Al chatbots
represent yet another group of tools used in programming education. There are two major types
described in the existing literature: rule-based chatbots and machine-learning chatbots [55]. The former
type of Al system employs a conditional logic, while the latter uses natural language processing. They
serve as tools for making static programming teaching and learning structures adaptable [54]. One of
the major challenges related to the problem of programming education is the need to provide scalable
personalized instruction [19], [55]. Personalized learning and tutoring is possible through automated
response mechanisms that use machine learning algorithms to customize their content according to the
learners’ level.

METHODS

The current study is a quasi-experiment that was done to explore how an Al-enhanced flipped
classroom model influences learning outcomes about computer programming procedural knowledge at
an individual level. Indeed, the quasi-experimental design is particularly suitable in educational research
when randomisation is hard to implement, if not impossible [56]. This method boosts external validity
and real-world applicability despite limited experimental control. It employed a matching-only pretest-
posttest control group design to compare treatment effects while addressing initial group differences
[57]. In the matched pretest-posttest control group design, participants with relevant characteristics are
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assigned to experimental and control groups. A pretest is administered, an intervention is provided to
the experimental group, and then a posttest to both groups. This design diminishes selection biases and
strengthens internal validity from a non-matched design. It is considered an educational setting without
random assignment. A proper and strict matching procedure was done to equate the control and
experimental groups. In order to achieve balance between covariates of the two groups, propensity score
matching was used to reduce any potential selection biases in this study [58].

Before the treatment was undertaken, an implementation protocol that spanned six weeks was
designed. Treatment fidelity was maintained through a strict adherence to the protocol for both the
control and experimental groups. For the control group, the traditional flipped classroom format was
applied where video lessons as well as reading materials were given before class at the beginning of
each week. Coding exercises and debriefing activities occurred during class time. The experimental
group received an identical content structure with one additional component: an Al chatbot was
deployed via a dedicated learning management system module and made accessible during both pre-
class and post-class phases. Full weekly treatment schedule for both groups is presented in Table 2.
Complete lesson plans, chatbot configuration specifications, and treatment protocols are available upon
request from the corresponding author to support independent replication of the intervention.

Several steps were involved in the PSM procedure. First, using several pre-treatment covariates,
including, but not limited to, age, gender, prior programming experience assessed on a 5-point Likert
scale, and baseline cognitive ability test scores, a logistic regression model estimated the Propensity
score for each participant. These variables were incorporated upon previous mentions in the literature
for their potential effect on the learning results of computer programming (Robins et al., 2019).
Estimations were presented using the propensity score, including a nearest neighbour matching
algorithm with a 0.2 standard deviation of a logit as a calliper. This method matched each experimental
participant with a similar control participant within a calliper distance [59] which is a 1:1 matching ratio
created 30 pairs. Standardised mean differences (SMDs) were calculated for all covariates pre- and post-
matching to assess quality. An SMD less than 0.1 implies that the differences between groups are
negligible [60]. Variance ratios were checked to confirm similar distributions of the continuous
covariates. The balance diagnostic after matching indicated that all the SMDs were less than 0.1, with
the maximum being 0.08 for cognitive ability test scores. The variance ratios for continuous variables
varied between 0.92 and 1.07, indicating good balance. Therefore, this will indicate that the matching
procedure created comparable groups and enhanced internal validity in this study.

Participants were drawn from Indonesian vocational high schools and targeted at computer
programming students. The sample size was determined using G*Power 3.1 software [61] with a
medium effect size, given Cohen’s d = 0.62 for procedural knowledge according to the results of
previous flipped classroom studies [62]. The power analysis indicated a needed sample size of 60
participants (30 per group) for 80% power at a 0.05 significance level. Participants had to have enrolled
in one vocational high school in Indonesia with a computer programming course. Exclusion Criteria:
Students who have already experienced an Al chatbot will be excluded to avoid the confounding effect.
Recruitment: Collaboration with teachers and school staff will be necessary, targeting only the eligible
students and permissions. Ethical issues played a significant role in this research. Free and informed
consent, with all the details pertinent to the study, including all risks and benefits, was provided to the
participants and guardians. Data collection was anonymised and securely stored on encrypted servers
for use by authorised teams only.

The intervention in this study was delivered in the traditional flipped classroom-testing condition,
and the Al-enhanced flipped classroom-treatment condition. While both were flipped models, the
experimental group received support in flipped class conditions with support given through an Al-driven
chatbot. Traditionally, pre-class material, such as video lectures, was given, followed by in-class
problem-solving activities. In-class sessions involved teamwork, peer talks, and tutor guidance. It is a
modification of the Flipped Classroom Model, yet with an integrated Al-driven GPT chatbot. The 24/7
presence of the chatbot nurtured preparation together before a class through collaborative work and
supported reflections afterwards for more profound learning.

To determine the effectiveness of the interventions, three methods were adopted. One method
was procedural knowledge. This entailed a 30-item multiple choice cognitive test aimed at assessing the
level of knowledge about programming skills and procedure used in problem-solving. The internal
consistency of this measure was determined using Cronbach’s Alpha, which had a score greater than
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0.80. The other measure of assessment was psychomotor performance. This consisted of 5 coding tests,
each accompanied by a rubric for consistent evaluation. A sub-sample of coding tests was rated
independently by two raters, whose inter-rater reliability was above Cohen’s Kappa value of 0.75 [63].
Personalised learning was assessed using a questionnaire drawn from a validated instrument, which is
the Personalised Learning Environment Questionnaire [64]. In the pilot test, 30 participants were tested.
Item-total correlations were greater than 0.30, suggesting construct validity and internal consistency.

The duration of data collection took eight weeks in total, including one week before and after
intervention. Two days of training were provided to research assistants before the start of data collection.
Standardisation of measurement was ensured to eliminate evaluator biases and to maintain
confidentiality of participants. Descriptive measures were obtained to describe characteristics of the
sample and the distribution of scores. Box plots and histograms were constructed to aid in score
distribution examination and detect outliers. Comparison between groups was done using ANCOVA
where pre-test scores were taken as covariates to reduce error variance and improve the precision of the
estimate of effect size [65]. The effect sizes were determined using Cohen’s d. Traditionally, 0.2, 0.5,
and 0.8 were taken as indicators of small, medium, and large effects, respectively [66]._Precision was
reported with 95% confidence intervals for the effect sizes. Assumptions of the statistical tests were
checked and, where violated, subjected to procedures including a robust method and data transformation
to ensure that results were valid. This research work aims to contribute to the solid evidence on the
effectiveness of Al-enhanced Flipped Classrooms for personalised learning and programming
education. The instruments were well validated in a quasi-experiment, permitting thorough statistical
analysis. Hence, the results are reliable and instructive for educators and researchers in technology in
education and computer science.

Table 1. Experimental Design and Data Collection Overview

Aspect Description

Research Design Quasi-experimental, Matching-only pretest-posttest control group
design

Sample Size Total N = 60 (30 per group)

Groups Control Group (CG): Traditional flipped classroom
Experimental Group (EG): Al-enhanced flipped classroom

Intervention Duration 6 weeks (2 cycles of 3 weeks each)

Data Collection Points Pretest (1 week before intervention)

Posttest 1 (after 3 weeks)
Posttest 2 (after 6 weeks)
Instruments 1. Cognitive test for procedural knowledge (30 multiple-choice
items)
2. Psychomotor performance assessment (5 coding tasks)
3. Self-reported personalised learning questionnaire
Reliability Measures Cognitive test: Cronbach’s alpha > 0.80
Psychomotor assessment: Inter-rater reliability (Cohen’s kappa >
0.75)
Personalised learning questionnaire: Item-total correlations > 0.30
Primary Outcome Measures 1. Procedural knowledge scores (0-100)
2. Personalised learning scores (0-100)
Statistical Analyses 1. Descriptive statistics
2. ANCOVA for between-group comparisons
3. Effect size calculations (Cohen’s d)

Table 2. Weekly Treatment Schedule for Both Groups

Week Control Group (CG) Experimental Group (EG) Learning Objective

1 Pre-class: Video lecture on Pre-class: Video lecture & Al chatbot Understand basic
programming syntax. In- Q&A on syntax. In-class: Guided coding programming syntax and
class: Guided coding exercises & chatbot scaffolding data types
exercises

2 Pre-class: Reading on Pre-class: Reading & Al chatbot Apply control structures
control structures. In-class: adaptive drill on conditionals. In-class: in coding tasks

Pair programming & chatbot hints
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Pair programming on
conditionals

3 Pre-class: Video on
functions and procedures.
In-class: Function-writing
exercises

4 Pre-class: Reading on arrays
and loops. In-class: Loop-
based coding problems

5 Pre-class: Video on
debugging strategies. In-
class: Debugging exercises

Pre-class: Video & Al chatbot
personalised function examples. In-
class: Function-writing & chatbot
feedback

Pre-class: Reading & Al chatbot
adaptive loop practice. In-class: Loop
coding & real-time chatbot correction
Pre-class: Video & Al chatbot step-by-
step debugging walkthroughs. In-class:
Debugging exercises & chatbot error

Construct and call user-
defined functions

Implement iterative
structures using arrays
and loops

Diagnose and correct
syntactic and logical
errors in code

(timed) analysis
6 In-class: Summative coding  In-class: Summative coding task (no Demonstrate integrated
task (no assistance). Post- chatbot). Post-class: Al chatbot-guided procedural knowledge
class: Reflection worksheet  reflection and review under assessment
conditions
RESULT AND DISCUSSION
Result

This quasi-experiment explores the effects of the improved Flipped Classroom with Al on the
personalisation effect and procedural knowledge acquisition in terms of computer programming. The
data included demographic descriptions of the participants, personalisation’s effect, procedural
knowledge acquisition, correlation tests, and feedback about AI Chatbot assistants. Sixty vocational
high school students majoring in information technology participated in the study. The sample consisted
of 32 males (53.3%) and 28 females (46.7%), with ages ranging from 16 to 18 years (M = 17.2, SD =
0.73). The participants were randomly distributed in an experimental group of 30 and a control group of
30. Previous programming experience was measured with a 5-point Likert scale. No significant
differences were found between the two conditions (experimental condition: M = 2.87, SD = 0.94;
Control condition: M = 2.73, SD = 0.87), t(58) = 0.59, p =.556. Independent samples t-tests of pretest
scores on the measures of personalised learning and procedural knowledge were conducted where
necessary to ensure that the groups were equivalent at baseline. Comparatively, neither personalised
learning t(58)=0.42, p=.676 or procedural knowledge t(58)=0.38, p=.705 yielded a significant difference
between the experimental and control groups. Thus, the groups were equal going into the study.

Table 3. Participant Demographics and Baseline Measures

Characteristic EG (n=30) CG (n=30) p-value
Age (years) 17.3 (0.75) 17.1 (0.71) 279
Gender (% male) 56.70% 50.00% .612
Prior experience 2.87 (0.94) 2.73 (0.87) .556
Pretest PL 62.43 (8.91) 61.57 (7.84) .676
Pretest PK 58.27 (9.63) 57.40 (8.79) .705

Note: Values are presented as mean (standard deviation) unless otherwise noted; EG: experimental group;
CG: control group; PL: personalised learning; PK: procedural knowledge.

We tested the effect of the Al-enhanced flipped classroom on personalised learning using
ANCOVA, having posttest scores as the dependent variable and group assignment as the independent
variable. The result was a significant difference in outcome due to the assignment into groups: F(1, 57)
=28.76, p <.001, partial n?> = .335. The adjusted mean difference between the experimental group (M
= 78.63, SE = 1.14) and the control group (M = 66.33, SE = 1.14) was 12.30 points (95% CI: 9.47 to
15.13), indicating a substantial improvement in personalised learning outcomes for the Al-enhanced
flipped classroom group. The calculations for Cohen’s d yielded an immense effect size of d = 0.89
(95% CI: 0.75 to 1.03), showing the robustness of the intervention effect concerning personalised
learning.

Table 4. ANCOVA Results for Personalised Learning Outcomes
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Source df F p Partial n?
Pretest PL 1 142.35 <.001 714
Group 1 28.76 <.001 335
Error 57

Procedural knowledge was assessed using cognitive tests and psychomotor tasks. The repeated-
measures ANOVA showed an interaction between time-pretest versus posttest-and group that reached
significance, F(1, 58) = 19.84, p <.001, partial n?> = .255. The experimental group improved more from
pretest (M = 58.27, SD = 9.63) to posttest (M = 79.13, SD = 8.72) than the control group (pretest: M =
57.40, SD = 8.79; posttest: M = 69.43, SD =9.15). The mean difference in procedural knowledge scores
was 9.7 points (95% CI: 7.2 to 12.2, p < 0.05). These analyses yielded significant differences between
the groups in posttest scores adjusted for the pretest score (F(1, 57) =22.91, p <.001, partial n* = .287).
Psychomotor performance and debugging efficiency were assessed via coding task scores. At posttest
the experimental group outperformed the control group, M = 82.17, SD = 7.94, M = 72.50, SD = 8.63,
respectively, t(58) = 4.56, p <.001, d = 1.18. The experimental group debugged more efficiently than
the control group, M = 8.23 min, SD = 2.14, compared to M = 11.87 min, SD = 2.76, t(58) =-5.72, p <
.001, d = 1.48. The corresponding effect size calculations, d = 0.62, 95% CI: 0.49-0.75, confirm the
medium to large effect size as expected for cognitive tests. When considering the scores of the coding
tasks, the effect size was d = 1.18, and for debugging, the effect size was d = 1.48, which also showed
larger effect sizes than expected for actual programming skills improvement.

Table 5. Procedural Knowledge Acquisition Results

Measure EG CG MD t p Cohen’s d
CT (Pretest) 58.27 (9.63) 57.40 (8.79) 0.87 0.38 .705 0.09
CT (Posttest) 79.13 (8.72) 69.43 (9.15) 9.70 4.79 <.001 0.62
CTS 82.17 (7.94) 72.50 (8.63) 9.67 4.56 <.001 1.18
DT (minutes) 8.23 (2.14) 11.87 (2.76) -3.64 -5.72 <.001 1.48

Note: Values are presented as mean (standard deviation); CT: cognitive test; CTS: coding task score; DT:
debugging time; EG: experimental group; CG: control group; MD: mean difference.

We calculated Pearson’s product-moment correlation coefficient between the posttest results of
personalised learning and procedural knowledge. Quite strong positive correlations were obtained: r =
724, p <.001, n = 60, suggesting that the higher the personalised learning, the higher the increase in
procedural knowledge. First, a PSM procedure was performed to equate experimental and control
groups. It allowed the balance in the distribution of covariates to minimise selection biases and enhance
the validity of the causal inferences. Table 4 describes the SMD and variance ratio for the covariates
before and after matching.

Table 6. Standardised Mean Differences and Variance Ratios Before and After Matching

Covariate Before Matching After Matching
SMD Variance Ratio SMD Variance Ratio
Age 0.267 1.115 0.052 1.021
Gender 0.135 - 0.067 -
Prior Experience 0.156 1.167 0.048 0.973
Cognitive Ability 0.298 1.203 0.080 1.068

Note: SMD = Standardized Mean Difference; Variance ratios are not applicable for binary variables (e.g.,
gender).

After matching, the test results also show a significant equalisation of balance between the
experimental and control groups. The greatest SMD before matching, 0.298, was for cognitive ability
test scores, reflecting a sharp difference between the two groups. After matching, all SMDs were less
than 0.1, with the highest value equalling 0.080 for cognitive ability scores. These were the balanced
variance ratios or the comparison of spreads of continuous variables across groups. The variance ratios
before matching were between 1.115 and 1.203, showing a difference in distribution. After matching,
variance ratios were closer to 1, between 0.973 and 1.068, thus a similar distribution. After matching,
the resultant decrease in SMDs and variance ratios approximating 1 indicate a better balance between
experimental and control groups. This balance enhances internal validity by reducing the confounding
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effect attributed to its baseline characteristics. Because of this, the differences that might be found
concerning outcomes in experimental versus control would have to relate to the treatment concerning
Al-enhanced flipped classrooms. Besides, propensity score matching enhances balance for possible
improvement in the robustness of analyses and study conclusions.

Thematic analysis of comments provided by the experimental group allowed some main themes
identified in Al chatbot support: 1) He explained what students wanted to know, showed, and explained
it. 2) This chatbot is always available, which, for them, is a leading factor in getting help out of school
hours. 3) The speed with which the chatbot responded kept the learning rhythm. 4) To them, simplifying
complex concepts on how to program was just incredible. 5) The chatbot allowed for much deeper
exploration and more ownership of the learning. Sample quotes from students on these issues are: 1)
“The Al chatbot served as a personal tutor and thus helped me understand difficult theories without
having to wait for the next session” [Student A]; 2) “My mistakes in coding were instantly detected,
thus helping me realize what I was doing wrong” [Student B]; and 3) “The way the chatbot explained
things step by step made complex programming ideas much easier to grasp. It was like it knew how to
break things down for me.” [Student C].

Two persistent challenges in programming education were addressed by the findings. The first
concerns the delivery of individualised instruction at scale. A personalised learning gain of 12.30 points
was recorded in favour of the experimental group. The second challenge relates to procedural
competence development beyond declarative understanding. A mean difference of 9.70 was observed
in cognitive test scores between the two groups. Debugging efficiency yielded an effect size of d = 1.48.
These outcomes indicate that Al chatbot integration produced measurable improvements across both
dimensions.

Discussion

Results showed that such an Al-enhanced flipped classroom can support the development of
personalised learning, developing students’ improvement in procedural knowledge of programming.
Our results confirm both hypotheses and contribute to studies of new approaches for teaching STEM
subjects. The experimental group’s better performance in personalised learning metrics confirms our
hypothesis. The enormous effect size (Cohen’s d = 0.89) emphasises Al chatbot integration’s substantial
impact on flipped learning, supporting past research on Al’s educational potential [67]. The Al system’s
ability to provide individualised instruction and instant feedback dramatically improves the personalised
learning experience over traditional flipped methods.

The educational implications of Al-enhanced flipped classrooms are further supported by
established learning theories and frameworks. Markedly enhanced levels of collaborative knowledge
construction in the Al-supported educational environment verify the Social Constructivist Theory [68].
The framework of the Zone of Proximal Development is realised by the potential of the Al chatbot to
provide personalised scaffold support concerning individual learning paths [69]. Hence, the role of an
Al system in enhancing cognitive resources through focused and timely support concerning the
comprehension of complex programming concepts shows various key aspects of Cognitive Load
Theory. Further development of the TPACK framework by subtle inclusions of Al functions is done
within an educational context related to programming [10]. The theory of Self-Regulated Learning is
thus supported because the Al chatbot encourages the students to adopt metacognitive strategies and
independent learning behaviours. The empirical results of this study further support the basic idea of the
Adaptive Learning Systems framework: live adaptation of personalised instruction, depending on
performance metrics. These theoretical underpinnings are further complemented by the palpable
improvement in procedural knowledge learning, as collected through quantitative tests on learning
outcome measures. Theoretical factors discussed earlier provide a clear grounding for the following
empirical discussion. The current research investigates concrete achievements in the area of procedural
knowledge acquisition as well as their educational implications.

A significant increase in procedural knowledge was reported based on both cognitive and
behavioral criteria. Effect sizes varied between 0.62 and 1.48, meaning that a moderate to large impact
of the treatment can be registered. These results extend beyond previous findings on flipped classroom
efficacy (Lo & Hew, 2017) by demonstrating the additional benefits of Al integration. Compared with
the earlier studies of Maher et al. (2015), our research shows that Al augmentation significantly
enhances the outcomes in programming education, especially in improving practical skills, withd =1.18
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for coding and d = 1.48 for debugging. The strong correlation of .724 between the personalised learning
metrics and skill acquisition indicates a key link between individualised instruction and practical skills.
In support of the theory underlying personalised learning, this suggests that tailored instruction improves
learning outcomes [44], especially in programming education.

The Al-enhanced flipped model significantly enhances programming education in general and
the unique needs of every learner for support in particular. By nature, the immediate, personalised
support provided by the Al chatbot leads to overcoming the barriers associated with traditional
classrooms and thus increases student engagement while decreasing frustration [70]. The significantly
enhanced debugging efficiency among the experimental cohorts speaks volumes about the model’s
effectiveness in developing critical problem-solving capabilities through systematic scaffolding [71]. It
is, therefore, an important tool in bridging theoretical knowledge with practical implementation, thus
helping to address one of the most striking computer science education challenges uniting theory and
practice [72]. Other issues concerning implementation include technical resource requirements and
expertise [73]. Also, educators must balance Al support and skills development independently [67].
Other ethical problems arise, such as data protection and algorithmic bias. This present study extends
the theory of flipped learning [74], [75] and developmental theory [69], [76] to show that artificial
intelligence can effectively scaffold learning. The results support the ACT theory and the feedback
model [77]; the TPACK framework is extended to show the ability of Al to support the combination of
technological and pedagogical knowledge when teaching programming.

The present study relies on the basic notions of cognitive load theory and constructivist learning
principles. It echoes the working of the cognitive model during the programming knowledge learning
process by managing intrinsic, extraneous, and germane cognitive loads with great finesse [78]. It is
further instigated by the metacognitive scaffolding provided by the Al system in concert with the Zone
of Proximal Development framework [69], whereby learners receive assistance in treading the pathway
via incrementally complex programming assignments. Thus, their role has been reflected in how the Al
chatbots instigate collaborative knowledge construction through dynamic interaction and prompt
feedback. The continuous improvement in one’s ability to program (from basic syntax to complex
debugging skills) can be used as an example to demonstrate how the Digital Taxonomy of Bloom can
be applied [79]. The lower reliance on tools as skills improve is one of the ways that demonstrates the
theory of Cognitive Apprenticeship [80]. Personalized learning and procedural knowledge are among
the examples validating the theories being discussed [81]. Incorporating the above frameworks into one
study enables constructing a solid theoretical background for research on programming classes
supported by Al technologies.

Empirical findings correspond with recent studies on the effectiveness of intelligent adaptive
learning and tutoring systems. Autonomy in problem-solving facilitated through artificial intelligence
in relation to eLearning can be justified through Self-Regulated Learning Theory constructs [82]. The
increased level of involvement in learning activities among students can be seen as evidence that is
congruent with the Technology Acceptance Model [83]. The fact that the Al system has an ability to
adjust itself to an individual approach confirms the theoretical assumptions underlying the Learning
Analytics Framework. The relationship between technological tool use and the development of new
knowledge can be explained by Connectivist Learning Theory [84].

Instructional Design Implications Multiple implications of using chatbot-integrated Al
technology in programming lessons can be derived from this study. First, course learning goals are
supposed to serve as a necessary prerequisite base for creating a suitable approach to chatbot deployment
in programming classes. Second, individualized responses need to be considered as a critical element
that enables the process of personalizing the learning experience. Third, sophisticated natural language
processing must be provided for relevant interactions. Finally, complete integration and optimization of
LMS in addition to strict policies for data privacy are highlighted as vital factors in this regard. All of
them can be considered within a particular sequence predetermined by the process of teaching. In order
to avoid dependency on artificial intelligence in the future, one should make sure to maintain a balance
between educational methodologies. Monitoring measures need to be developed and used on an ongoing
basis. Instructor training is also seen as a must. Iterative refinements based on learner performance
should become routine practice. The chosen sample size (60 learners) limits the scope of the
generalizability of results. Quasi experimental research can produce valid results, but they cannot be
statistically generalized to other situations [57]. Future research is thus advised to involve more
participants.
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Six weeks of treatment also appears as a possible shortcoming. Extended interventions are
deemed necessary to adequately assess the skills-acquisition dynamics [77]. Future longitudinal studies
may be considered productive in that respect. Persistence of treatment effects beyond one semester also
needs further analysis. Variability in Al chatbot architecture, including both rule-based and machine
learning-based solutions, should also be taken into account. Personalization capacities and
corresponding outcomes constitute another important topic of future research. As for the directions in
which this methodology could be applied, it might prove useful to test its efficiency in mathematics,
physics, and engineering courses. Moreover, its effectiveness across different academic levels should
be explored (vocational programs, undergraduate curricula, graduate education). Cognitive processes in
such an environment and adaptation strategies of instructors are also among the topics to consider. Ethics
issues, such as data protection and effects of Al technology on critical thinking development, need
dedicated empirical research.

CONCLUSION

The use of an Al-based chatbot proved effective in resolving scalability issues related to
personalization in instructions. Adaptation of scaffoldings were given and adjusted based on the
personalized path of each participant throughout the period of experimentation. It was seen that the
performance of the experimental group improved significantly in terms of debugging, which is due to
Al-based feedback. This feedback was designed to help learners overcome their shortcomings in
procedural knowledge. Experimental results proved the two hypotheses of the study true. It indicates
that the contribution of this research to educational technology is many-sided: it provided an example
of how theory can be combined with practice within the Al-enhanced flipped classroom in computer
science education and, considering the fast development of the subject matter and the necessity of
adaptive ways of instruction. This finding suggests that Al-driven personalised learning works and
builds a case for studies on adaptive systems. A strong correlation between personalised learning scores
and procedural knowledge shows that tailored instruction works even more in complex learning.

It indicates that Al-enhanced flipped classrooms have a potentiality beyond computer
programming education, at least concerning ongoing challenges within the STEM area of providing
support on an individual basis, developing problem-solving skills, and ensuring autonomy in learning.
The following study reviews how schools can put Al into use in learning for a smooth shift to give the
necessary preparatory training to the students to meet the changing technological landscape. The
investigation is based on the state of the art concerning Al in education, considering the sample size
limitation and period. Al-enhanced flipped classrooms bear great potential to bring computer science
educational provision up to more adaptive and learner-centred models. By further refining such
approaches, Al’s full potential in education will be realised for students’ better acquisition of basic skills
in the technology-dominated environment.

APPENDIX

Sample Cognitive Test Items For Procedural Knowledge Assessment

The cognitive test consisted of 30 multiple-choice items. Each item was designed to assess a specific aspect of procedural
knowledge in computer programming. Items were validated by three subject matter experts and piloted with 30 students prior
to the main study (Cronbach’s alpha = 0.83). Sample items from each procedural knowledge domain are presented below.

Domain 1: Programming Syntax and Data Types

Item 1:

Which of the following correctly declares an integer variable named score and assigns the value 85 in Python?
A.int score = 85

B. score = 85

C. score: int = 85 (correct)

D. declare score = 85

Cognitive process assessed: knowledge of variable declaration syntax

Domain 2: Control Structures
Item 2:
Examine the following code fragment:

x = 10
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.

if x > 5:

print (“High”)
elif x ==

print (“Medium”)
else:

print (“Low”)

What will be printed when this code is executed?

A. High (correct)

B. Medium

C. Low

D. Nothing is printed

Cognitive process assessed.: tracing conditional execution sequence

Domain 3: Functions and Procedures
Item 3:
A function named calculate area is defined as follows:

def calculate area(length, width):
return length * width

Which of the following correctly calls this function and stores the result in a variable named area?
A.calculate area = area(5, 3)

B. area = calculate area (5, 3) (correct)

C.def area = calculate area(5, 3)

D. area = calculate area

Cognitive process assessed: procedural application of function invocation syntax and return value assignment

Domain 4: Iterative Structures
Item 4:
What is the total output produced by the following loop?

total = 0

for i in range(l, 6):
total += 1

print (total)

A. 10

B. 14

C. 15 (correct)

D. 21

Cognitive process assessed: tracing iterative accumulation procedures

Domain 5: Debugging and Error Identification
Item 5:
The following code contains one error. Identify the line that causes the error:

def greet (name) : # Line 1
message = “Hello” + name # Line 2
return message # Line 3

result = greet(123) # Line 4

print (result) # Line 5

A. Line 1

B. Line 2

C. Line 3

D. Line 4 (correct)
Cognitive process assessed.: identification of type error in argument passing, procedural error diagnosis

Domain 6: Arrays and List Operations
Item 6:
Given the list below, which statement correctly retrieves the value 30?

numbers = [10, 20, 30, 40, 50]

A. numbers = 30

B. print (numbers) (correct)
C. numbers (3)

D. get (numbers)
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Cognitive process assessed: procedural application of list indexing operations
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